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Abstract

In this work an author analyses causes of Breast Cancer and Autism using a novel method presented in article “Method of Combining
Multiple Researches to Determine Non-Infectious Disease Causes, Analysis of Depression and Celiac Disease Causes” [2]. The method
is using a special algorithm based in math which allows to find disease causes for a specific non-infectious disease using results
of multiple researches regarding risk factors of the disease. This method allows to combine dozens of such researches together with
dozens of researches on biochemistry and physiology to extract implicit information on the causes of non-infectious disease out this
entire research.

The use of method requires to find number of causes for a specific non-infectious disease using a special formula and data on the
incidence rate of disease in specific population. These disease causes are two or more physiological changes beyond approximately
1-sigma interval which if they are co-existing long enough must trigger the non-infectious disease (triggering is not optional). After that
the method requires to find disease causation factors out of multiple risk factors found for a disease. Only some of risk factors are real
disease-causing factors. This is achieved using a set of special disease causation criteria discussed in the article above and provided
here for a reference as well.

The method often allows to find few dozens of disease causation factors and more for a non-infectious disease out of existing medical
research. These disease causation factors all point to the same set of limited number of physiological parameters changes beyond
1-sigma. The number of these physiological changes usually vary depending on the non-infectious disease from a minimum of 2 to a
maximum of 6 or very rare more. In this case the few dozens of disease causation factors make changes (we can say “point”) to the same
set of 3 physiological parameters (for example). The method then allows to find these physiological parameter changes (which are real
cause of the non-infectious disease) using a properties based in math.

After this the method allows to determine which physiological parameter of this group is impacted by each of the dozens of disease
causation factors previously found. Then method allows to group these factors according to the physiological parameter they impact.
The disease causation factors taken out of each group of these factors and combined together will cause a change beyond 1-sigma to all
required for disease triggering physiological parameters. These combinations of disease causation factors applied long enough will
cause a non-infectious disease. The occurrence of the disease causation factors is random but once they act together the non-infectious
disease triggering is a must unless the factors are removed fast enough. Final step of the method is validation of its results using other
research or the already discussed disease causation criteria in order to eliminate any errors in steps of the method which we could
potentially make.

Once the simultaneously taking place physiological changes causing a non-infectious disease has been found the method allows to
build a hypothesis of the disease pathology by using them and “connecting the dots”. The example of this process shown in the work as
well. The hypothesis of Autism pathology is proposed as one example of this. Using this method and applying over 29 existing selected
studies at the same time an author analyses Breast Cancer and as a result the work gives the causes of the Breast Cancer diseases a
set of physiological parameters changes beyond 1-sigma interval (slightly less, actually) and also as a set of disease-causing external
factors which combinations in an individual must cause Breast Cancer as per presented model. Using the method an author also shows
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that Breast cancer has 4 simultaneously acting causes (physiological parameter changes).

The author then continues an introduction to the method and applying over 34 existing selected studies the author analyses Autism
and as a result the work gives the causes of Autism as a set of physiological parameters changes beyond 1-sigma interval (slightly
less, actually) and also as a set of disease-causing external factors which combinations in an individual must cause Autism. Using the
method an author shows that Autism has 2 simultaneously acting causes for boys and 3 simultaneously acting causes for girls at present
time. For Autism, this explains why girls rate of Autism much less than in boys because the more physiological changes are required to
trigger the non-infectious disease the less its incidence rate [1]. It used to be more physiological changes required to cause Autism in
the past, in 1980s and earlier. But some external factors have removed multiple defensive mechanisms by moving some physiological
parameters beyond 1-sigma to a new “norm” and left us with only 2 for boys and 3 for girls as it is shown in this work. This removal of
defenses has caused a significant raise of Autism in recent years. The article introduces to the basics of the method, provides required
formulas for calculations and then move to a detailed analysis of these two non-infectious diseases. As the method is novel the appendix
has an analogy to explain the idea of the method at “high level”. The authors introduction to the method will allow other medical
researchers to use their own and existing research to determine the causes of non-infectious diseases as per presented model, using a
simple algorithm.

Keywords: Disease Causes, Breast Cancer, Autism, Non-Infectious Disease, Multiple Research, Frequency, Disease Causing Factor,

Prevention, Root Cause, Disease Rate, Physiological Parameter, Method to Find A Cause

1. Introduction

In article “4 Connection between Factors Causing Diseases and
Diseases Frequencies: Its Application in Finding Disease Causes”
we introduced a model of non-infectious disease [1]. According
to this model which is matching to empirical evidence, the non-
infectious disease is caused by changes to multiple physiological
parameters when their values go beyond 1-sigma interval, slightly
less actually. This means a non-infectious disease must occur if
2 or more particular physiological parameters changes beyond
1-sigma exist for while at the same time. Also, based on the
model the criteria were introduced to determine if a risk factor
is causing a non-infectious disease or not. In order to be a cause
of non-infectious disease the risk factor K calculated as (RR - 1)
or (OR-1) to be 3.55+/-50% ( or 355%+/-50%) if the factor is
causing a change in | physiological parameter, and should have
value of 19.67+/-50% (1967%+/-50%) if it is causing a change
to 2 physiological parameters beyond 1-sigma.We call these
conditions a Disease Causation criteria. The Disease Causation
criteria determines whether a factor is one of multiple which
are causing disease. The disease-causing factor cannot cause a
disease as a standalone as per model in article because it is usually
changing only 1 physiological parameter out of multiple required
[1]. Non-infectious disease, as per the model presented in article,
is caused by multiple physiological parameters changed beyond
1-sigma [1].

The article introduced a formula to calculate number of non-
infectious diseases causes if the disease rate (incidence rate
usually) is known for the disease in a specific population [1]. The
formula is shown below (n is number of disease causes, (as number
of physiological parameters changed beyond 1-sigma):

n= P(D), where P(D) is the frequency of the disease

0.22

log

(1.0)

In this formula P(D) is usually represented by incidence rate of
non-infectious disease (annual disease rate).

Using formula 1.0 and Disease Causation criteria it was shown
how to find physiological parameters changes which are causing
some non-infectious diseases. In this article we introduce a method
which is based on this model, which allow researchers to analyze
an existing research about a specific non-infectious disease and
determine a full set of disease-causing physiological parameters
for a non-infectious disease in much more complicated cases.
Also, a method would allow to map a found disease causing
factor to a physiological parameter which is changed by the factor
beyond 1-sigma interval. For example, if we know that Diabetes is
a disease-causing factor for Hypertension there is a need to know
which specific physiological factor impacted by Diabetes is really
a cause of Hypertension. There are multiple physiological factors
impacted by Diabetes and the method will allow to find a single
one out of so many (allows finding “a needle in a haystack”) which
is really causing Hypertension.

The method we introduce is based in math and those who
mathematically inclined can find its foundation in the Appendix of
this article. Here we will introduce a basic idea of the method and
steps on how to practically use it.

2. Explanation of the Method

A method is introducing an algorithm based in math (but not
requiring to use it much) which allows to process data from results
of existing medical researchers in few steps and produce a new
information which consist of disease causes represented by a set
of physiological parameters changes beyond 1-sigma (slightly
less, actually) and also, a few separate groups of disease causing
external factors. These few groups of factors are such that if you
take a disease causing factor from each group as a standalone it
will not cause a disease but combined together with factors from
all other groups must cause a non-infectious disease.

Let’s say using the formula for a number of Disease causes (1.0)
we found the number of causes as physiological parameter changes
beyond 1-sigma. We also found from an existing research a few
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factors which are really causing a specific disease using a Disease
Causation criterion provided. Now we need to determine which
specific physiological parameters are really causing a disease. We
only know their number and don’t know yet what they are. We
know the factors which are causing a change to these physiological
parameters and we can use them to find these unknown parameters.
In order to do this, we need to list many physiological parameters
related to the factor and we can find them from existing scientific
research (for example, we can look for all biomarkers of Diabetes
and list as many as we can find). Once we list the physiological
parameters in the header of some table we need to list the factors
found to be causing the disease along a most left column (vertically)
of the same table. Based on the researches’ data we already know
which physiological parameters are related to those factors causing
disease and we mark the intersection between the factor and the
related parameter with letter “R” (or another letter). Please note, we
use a term “related” as it is unknown if the physiological parameter
change is a cause a disease or not yet and all we know is that its
change is present if the factor is present. Now we start analyzing
which factors are having same parameter in common and we will
call it an intersection if unrelated disease causing factors A and
B both having the same physiological parameter changed.
We need to find all these intersections. Those intersections will
be a superset of the physiological parameters which are causing a
disease. The details of why this happens are provided in a detailed
math explanation in this article. Here we can say that a match in
just one physiological parameter changed (important: we looking
for a match by name, not by value) between 2 different factors is
not a random coincidence but a pattern. This pattern is determined
by a fact that factors are causing a change of the physiological
parameter beyond 1-sigma interval (or sometimes by other reasons
explained later).

Here is a simplified explanation how the method works. Suppose
there is a non-infectious disease with 2 unknown disease causes
(quantity of 2 we have determined using formula 1.0). Suppose we
determined already 2-3 disease causing factors (we can do it using
Disease Causation criteria). Each disease causing factor is changing
physiological parameters randomly beyond their original (or
normal) range which means a quantity of physiological parameters
changes is random, the parameters’ names, values are different
as well, etc. The physiological parameters change for a disease
causing factors are random as they cannot be determined unless
we do an experiment and determine what they have changed under
influence of each of these disease causing factors (we assume we
do an experiment first time). Note, the physiological parameter
changes are random for disease-causing factor but they may be
almost the same for different people impacted by this factor.

Suppose via the experiments we found that a disease causing
factor 1 has changed 20 different physiological parameters beyond
their original (or normal) range and a disease causing factor 2
has changed 50 different physiological parameters beyond their
original (or normal) range. We just explained that only 2 unknown
physiological parameters are really causing this disease. In order
to determine their names, we use a fact that due to random

“selection” of physiological parameters out of so many (few
thousands and more exist in human body) by unrelated disease
causing factors, a match by their names and values between these
2 groups of physiological parameters practically is not possible by
accident (this is shown mathematically in this article). If we find
a match of physiological parameters by name it is a pattern
under these specified conditions, it is not random. For example,
if one type of disease-causing factors (suppose a chocolate
consumption) is causing a change in hemoglobin levels and a
totally different disease causing factor (suppose a long exercising)
is causing a change in hemoglobin levels as well then it is a pattern
under these specified conditions. It becomes a pattern which we
are interested in because it happens between groups belonging to 2
different disease-causing factors. We know these 2 disease causing
factors are impacting same physiological parameter, meaning a
parameter with the same name. For this reason, in order to find a
pattern (in our case a disease causation physiological parameter)
we need to find a place where 2 physiological parameters change
in both groups are the same by name (important: not by value)
for these 2 different disease-causing factors. This place where
2 disease causing factors have the same name of physiological
parameter changed beyond original (or normal range) we call “an
intersection”. If we found such a match between physiological
parameters by name (important: not by value) we found a pattern
- a physiological parameter which is causing a disease. See a pic
1. Also, in Appendix 1 we provide a simple analogy which could
help to clarify or visualize the explained concept further.

When we find all these intersections we will find a list (or a matrix)
of the parameters which are superset of physiological parameters
which changes go beyond 1-sigma and are causing a disease. As
there might be other patterns causing a match in parameters the
number of parameters can exceed the number of parameters we
determined via Number of Disease Causes formula (1.0). We will
need to eliminate other parameters based on the methods provided
in this article to get a final set of Physiological Parameters which
changes go beyond 1-sigma (actually slightly less). These changes
when they are present at the same time must trigger a disease. The
illustration of this process shown on Pic 1.

Once we know the final set of these physiological parameters and
as we know up front which factor is related to which physiological
parameter we can find which specific physiological parameter is
impacted by the specific factor in such a way that a parameter goes
beyond 1-sigma interval. In other words, we get an understanding
that a factor is impacting a specific physiological parameter. Now,
if an individual is affected by a set of factors which are causing a
change in ALL these physiological parameters required then the
individual will get sick after sometime unless the harmful factors
are removed fast enough. This knowledge can help to prevent
a disease in the individual or help potentially cure it or reduce
severity of the disease.

2.1 Using a Method in Practice
In a nutshell, in order to use this method to find a set of
physiological parameters which are causing a disease next steps
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should be taken:

1. Find the number of causes (as physiological parameters
changes) for the non-infectious disease using a formula for
a disease causes (1.0) (see also our article: “A Connection
between Factors Causing Diseases and Diseases
Frequencies: Its Application in Finding Disease Causes”
[1]

2. Find as many as possible, the factors which are causing
a disease using a Disease Causation criteria on existing
experimental data or new research (see our article: “A
Connection between Factors Causing Diseases and
Diseases Frequencies: Its Application in Finding Disease
Causes™[1]

3. For each factor found, you need to list as many as possible
parameters related to it in some table. For example, if a factor
is a consumption of some food then include which nutrients,
chemicals it contains including harmful ones as per existing
researches. If a factor is a disease then list which physiological
parameters are known to be impacted one way or another
as a symptom, a cause, etc. You need to place one factor

vertically and appropriate impacted physiological parameters
horizontally (in the table’s header) in this table. The column
where a factor is related to a physiological parameter can be
marked with cross “X” or letter “R”.

4. If the factor is by itself a physiological parameter it can be
taken as one of the physiological parameters you are searching
for during this step in the method. It can be corrected with
next step if needed.

5. Now, you need to find where the columns which contain
physiological parameters are causing a crossing between
factors. This means you need to look for a cross (“X” sign)
in the same column for 2 or more factors in the table.
We are basically finding which same (by name, not value)
physiological parameter is changed by 2 disease causing
factors.

6. Build a list or a matrix Pm consisting of the parameters which
are causing intersections. For example, like Pm: {rl, r19, r23,
r45}. In practice Pm can look like Pm = {“Blood Pressure”,
“Estrogen Level Change”, “Oxygen level”, “ROS level”}

Picture 1: (Disease with 2 causes, as per formula (1.0): Disease causing factors are causing multiple physiological changes. Disease
causing physiological changes are common for Factors 1 and 2, for Factors 3 and 4. We find them by determining an intersection in a

physiological parameter)

Disease Causing
Factor 1

Physiological
Parameters "
Changed by Factors

Disease Causing
Factor 3

7. Eliminate redundant physiological parameters from matrix Pm
if required (as per rules provided in this article). If the number
of calculated parameters per formula (1.0) is less than number of
parameters found via analysis of intersections then the redundant
parameters need to be eliminated. The number of parameters found
via analysis of intersection in a table should match to the number
calculated via a formula (1.0) or be less if not all parameters can
be found due to a lack of experimental data, etc. Also, if some
physiological parameters found as result of analysis of intersection
in a table are causing some disease causing factors to change
more parameters then predicted by disease causing criteria then
some physiological parameters may need to be eliminated as
well. The disease causing factor can usually change only 1 or 2
physiologicalparameters beyond 1-sigma interval (slightly less
than this interval, actually).

Disease with 2 ca

Disease Causing
Factor 2

Disease Causing
Physiological
Parameter Changes
bheyond 1-sigma

Disease Causing
Factor 4

8. Verify the results of using algorithm by checking if there are
appropriate experimental data consistent with the physiological
parameters found. Also, you can verify if a physiological parameter
found satisfies a Disease Causation criteria above if there is any
research on the risk of this parameter.

You can see that a method allows to use a simple algorithm on
a set of existing experimental data in order to determine disease
causes (as a set of physiological parameter changes beyond 1-sigma
interval) and then verify the results using other research (which
was not used doing steps of the algorithm) either by using Disease
Causation criteria or by simply checking how this research is
consistent with results of your findings.
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2.1.1 Example of Method’s Application for A Disease With 2
Causes

Let’s look at hypothetical disease with 2 causes and apply to it
the method described above. We created a Table 1. We can see
in Table 1 that all physiological parameters are listed on the top
and all found from the experiments Factors which are causing this
hypothetical disease are listed on the left. Now, we can see that
parameter r20 is an intersection for Factor 3 and Factor 4, param

rl2 is an intersection for Factor 2 and Factor 3 and Factor 4. A
param r17 is an intersection for Factor 1, Factor 2. We can build
our matrix Pm: {r12, r20, r17}.

In practice, this matrix may look like a list Pm: {‘Blood Pressure
Change’, ‘Oxygen Level Change’, ‘Estrogen Change’). This
matrix contains physiological parameters which changes beyond
1-sigma are causing a disease if present at the same time.

Factors
causing Physiological Parameters - Entire Set for ALL FACTORS as R1, R2, ... Rn
Disease
ri2 r20 r2 r8 rl7 r75 r34 rs56 r39 ri2 rs5 r23 r78 ril
Factor 1 X X X X X
Factor 2 X X X X X
Factor 3 X X X
Factor 4 X X X X

Table 1: Areas in Gray are Where an Intersections Happen in Parameters r12, r20 and r17 Accordingly. Area Surrounded by

Bold Frame is a Final Set of Parameters for Matrix Pm

Now, we see the matrix Pm: {r12, r20, r17} has 3 elements but our
disease only requires 2. We need to eliminate the incorrect one. We
can notice that if we take a valid combination of 2 param as {r12,
r17} then a param r12 is showing that Factor 2 is impacting r12 and
rl7 parameters but Factor 2 only can cause 1 parameter impact
(as determined by Disease Causation criteria) so the combination
is not correct. If we eliminate r12 and take a combination of {r20,
r17} then both params are satisfying our requirement (assuming
there is no info their changes are within 1-sigma). So, from this
table we can see that final physiological parameter’s set which is
causing this disease is {r20. r17}. In this case Factors 3 and 4 are
causing a change in parameters r20, Factor 1 and 2 are causing
a change in physiological parameter r17. We have determined 2
physiological causes for a disease with 2 causes.

2.1.2 Criteria for Choosing Intersections of Physiological Pa-
rameters

As we could see there is a very small chance of random intersection
of physiological parameters belonging to 2 different factors and
also, there are cases when more parameters found then determined
by disease causation criteria. In order to select those parameters
which are really causing a disease we need to use these criteria
below.

1. We need to check if factors which are impacting physiological
parameters found to be intersections are belonging to same
type of disease or they are very similar in nature (like BMI
impact and high weight impact) and we can ignore them as the
intersection is most likely due to similarity.

Make sure a factor is causing a change the physiological
parameter which intersect (not opposite) As the factors
should cause a change in physiological parameters.

Make sure both factors are causing change in the
physiological parameter which intersect or the intersection
is not valid.

If a factor causing insignificant change (less 1-sigma
interval) in physiological parameter then the parameters

need to be ignored as a point of intersection with this
factor. The factors as we discussed need to make change in
physiological parameter so its value will be beyond /-sigma
interval.

Make sure the physiological parameters change in the point
of intersection happen in the same direction (either increase
or decrease). If the changes move in different directions then
the parameters are considered as 2 different parameters and
not as one.

The intersection of parameters for a similar factor is not
considered correct intersection (as it is the same factor, for
example Increased Weigh and BMI over 30 are similar factors)
If the experiment found that a factor which causing a disease is
impacting 1 physiological parameter but the factor consists of
combinations of 2 separate factors (for example observation
was done for presence of diabetes or obesity together so
they work as a factor) then the combined factor can be
allowed to have 2 intersections despite having impact on
1 physiological parameter as one of the parts of the factor
could be present at the time (for example either a diabetes
causing 1 change in physiological parameter or obesity
causing the change in another physiological parameter)
Element cannot cross itself, for example if factor is IgA and
physiological parameter IgA then they don’t create a crossing.
Usually, if a factor found as physiological parameter then
we already know this is a physiological parameter causing a
disease.

In many cases it is possible to eliminate the redundant
intersection by determining via a known research if the
physiological parameter increases or decreases with the
presence of specific factor. For example, does lipoprotein
level decreases or increases with diabetes as causation factor?
If same parameter where we see a intersection, increases
in presence of one factor and decreases in presence of
another then the intersection is invalid.

10. Once a set of physiological parameters was found they can
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be also validated with already provided Disease Causation
criteria to determine if the factor is a cause of disease (a
parameter should increase a risk of disease 3.5 +/-50% times)
using an existing research. For example, if we find that an
increased lipoprotein is causing a stroke and if some existing
research confirms that a risk of its increase is 3.5+/-50% then
it confirms a lipoprotein as a parameter was found correctly.

11. In some cases biochemical analysis may help to eliminate an
element from matrix Pm

2.1.3 Algorithm to Eliminate Redundancy

An approximate algorithm which can be used to eliminate

redundant physiological parameters may look like this:

1. Find out if all parameters which intersect in your table satisfy
a hard condition that a factor only can cause as many changes
to physiological parameters as determined via a disease
causation criteria (which in most cases 1 and in some 2 or
very rare 3). If some physiological parameters are causing
not permitted number of changes by a disease causing factor
then some parameters need to be eliminated (ignored as
intersections).

2. Check the factors which having intersections. If the factors
are similar or related then their intersections can be due to
similarity and ignored.

3. Selectaset of physiological parameters which from a common
sense will make most of factors intersect in them. Validate if
your selection is following a rule number 1) above. If not use
the elimination criteria provided in this article to help resolve
conflicts.

4. 1If 3 factors which are not related intersect in the same
physiological parameter then treat a physiological parameter
as a high priority intersection as it is extremely low probability
that this intersection is not a pattern.

5. If a physiological parameter is selected as a real intersection
surround it with a bold rectangle to differentiate from original
intersections.

6. Remember that if 2 factors intersect it is a pattern which is
determined by next facts 1) that factors are causing a same
changes beyond 1-sigma to a physiological parameter or 2) the
intersection occur due to dependency between related factors
or related physiological parameters but the changes are not
necessarily beyond 1-sigma. In other words in this case the
intersection happens due to this relationships not necessarily
due to 1-sigma change (but it can be both at the same time:
due to relationship and also due to 1-sigma change).

3. Methodology

3.1 Analysis of Non-Infectious Disease Causes

Below we provide analysis of causes of 2 non-infectious diseases
- Breast cancer and Autism as per method presented above. Using
these 2 examples we demonstrate in more details how to use the
method.

1. Breast Cancer: Determination of Causes
Breast cancer is the common term for a set of breast tumor subtypes

with distinct molecular and cellular origins and clinical behavior.
Most of these are epithelial tumors of ductal or lobular origin.
Breast cancer happens when there are changes in the genetic
material (DNA). Often, the exact cause of these genetic changes
is unknown.

In USA (Pennsylvania state) the rate of new breast cancers
(incidence rate) between 2016-2020 was 130.6 per 100000 women
(CDC, “Rate of New Cancers in the United States”, https://gis.cdc.
gov/Cancer/USCS/#/AtAGlance/). Calculating number of causes
using formula (1.0) presented above we get:

N = 0002200001308)=4385 _ _ 4

As per calculations above in USA the breast cancer happens due
to 4 physiological parameters changes beyond 1-sigma and taking
place at the same time. As shown in article [1] despite the different
incidence rates in different populations this number will stay the
same.

Let’s list the factors which are causing a Breast Cancer and
explain how they are determined based on Disease Causation
criteria provided above and developed in article “A Connection
between Factors Causing Diseases and Diseases Frequencies:
Its Application in Finding Disease Causes” [1]

1. A study shows: “The risk of breast cancer approximately
doubled among subjects with blood levels of B-carotene at
the lowest quartile, as compared with those at the highest
quartile (odds ratio = 2.21; 95%confidence interval (CI):
1.29, 3.79).”, “The odds ratio for the lower quartile of
total carotenoids was 2.31(95% CI: 1.35, 3.96). (”Serum
Carotenoids and Breast Cancer”, Paolo Tonioli, Anne Linda
Van Kappel, Arslan Akhmedkhanov, et al, American Journal
of Epidemiology, Volume 153, Issue 12, 15 June 2001,
Pages1142-1147 ). We get OR=2.31 for total carotenoids
and this within a range of Disease Causation criteria for
one physiological parameter change which is 4.5+/-50%
(2.27- 6.81). This means that low total carotenoids is a
disease causation factor which impacts one physiological
parameter out of 4 required to cause the Breast Cancer as
per Disease Causation criteria. It won’t cause Breast Cancer
as standalone factor, it will need other 3 causes out of 4 to be
present to cause a Breast Cancer. It is interesting to notice
how long it takes for the breast cancer to develop after
observing low carotenes: “The time delay between the dates
of blood sample and diagnosis among the 270 cases ranged
between 6 months and 11.2 years (mean, 4.0(standard
deviation, 2.4) years; median, 3.7 years).”. It shows that to
accumulate 3 other required factors causing the Breast Cancer
it has required up to 11.2 years! But if all factors exist it may
take as less as about 6 months to develop breast cancer. We
place this disease causation factor in Table 1.1 header, column
8.

2. Another study shows: “Women with cystic breast disease

J Nur Healthcare, 2024

Volume 9 | Issue 3 | 6



experience a 2-3 fold increase in risk for breast cancer”
(“Henderson BE, Pike MC, Bernstein L, Ross RK. 1996.
Breast Cancer, chapter 47 in Cancer Epidemiology and
Prevention. 2nd ed. Schofield D and Fraumeni JF Jr., eds.
Oxford University Press. pp: 1022-1035.). If we take OR=3
then it is within a range of Disease Causation criteria for OR
which is 4.5+/-50% (2.27- 6.81). It means that cystic breast
disease is 1 causation factor for Breast Cancer which
impacts one unknown physiological parameter to change
beyond 1-sigma interval so it causes Breast Cancer when
combined with 3 others out of 4 determined. Cystic breast
disease cannot cause Breast Cancer as standalone, it requires
3 other causes to be present at the same time to trigger Breast
Cancer in women as per model presented in article [1] by
Olan et al. We place this disease causation factor in Table 1.1
header, column 3

Another study shows that Breast Cancer risk increases with
increase in breast density: “Using women with BI-RADS
density code 1 as baseline; women with code 2 had RR 1.69
(95%CI 1.56-1.84); women with code 3, RR 2.06 (95%CI
1.89-2.25); and women with code 4, RR 2.37(95%CI1.05-
2.74).” (“Breast density and risk of breast cancer”, Elsebeth
Lynge, Ilse Vejborg, Martin Lillholm, et al, Int J Cancer. 2023
Mar 15;152(6): 1150-1158, doi: 10.1002/ijc.34316). We can
see that women with BI-RADS code 4 have RR = 2.37which
is within Disease Causation criteria 4.5+/-50% (2.27- 6.81).
It means that having density of breast in BI-RADS code 4
is one causation factor of breast cancer. It means this is a
factor which is impacting one physiological parameter change
beyond 1-sigma interval (actually, slightly less). This factor
cannot cause a breast cancer as standalone as it impacts only
1 physiological parameter change and for Breast Cancer as
we determined 4 physiological changes beyond 1 sigma are
required). We add this factor to Table 1.1 header in column 7.
A study shows: “Among women aged 50-59 years, with a
fat intake in the lowest quartile, the risk of breast cancer
increased with increasing consumption of alcohol. A
consumption of 24 g or more per day was associated with
an 18-fold increased risk compared with abstainers. For
women in other age groups, alcohol consumption had no
significant association with breast cancer risk [49]. We take
OR = 18 here, that means risk factor K= OR -1 =17 and for
K risk factor the Disease Causation criteria which is related
to 2 physiological parameter changes is 19.67+/-50% (9.84-
29.47) as per article [1] so the OR = 18 (K = 17) is within
the range for Disease Causation criteria. It means the alcohol
consumption in women under the conditions above is a
disease causation factor for Breast Cancer which impacts
2 physiological parameters to go beyond approximately
1-sigma interval (actually, it is slightly more narrow interval
than 1-sigma). We are adding this factor to Table 1.1 header
in column 9.

A study shows: ”...early follicular blood samples from breast
cancer cases (n=197) in the Nurses Health Study I (NHSII)
demonstrated a significantly elevated breast cancer risk
in women with higher total and free estradiol (RR g4 vs.

ql= 2.1; 95% CI, 1.14.1; and, RR q4 vs. q1= 2.4; 95%
CI, 1.3-4.5; respectively).Importantly, the magnitude of the
effect estimate was more pronounced among the ER+/PR+
cases compared with all breast cancer cases (RR g4 vs. ql=
2.7; 95% CI, 1.2-6.0 for follicular total estradiol [50]. As
we can see RR q4 vs. q1= 2.4 is within a Disease Causation
criteria for 1 physiological change 4.5+/-50% (2.27- 6.81).
It means a high level (4th quartile) of firee estradiol is a
disease causation factor for Breast Cancer impacting one
physiological parameter out of 4. It won’t cause a Breast
Cancer as standalone factor but together with other factors
(which are impacting other 3 physiological parameters) being
present at the same time must trigger the disease. We place
the “Free Estradiol” disease causation factor in the header of
Table 1.1, column 1.

A study show: “Inflammatory breast cancer (IBC) has a
rapid, aggressive disease course. A recent case-control study
from the Breast Cancer Surveillance Consortium database
(1994-2009) showed that obesity is associated with higher
premenopausal IBC risk (RR, 3.62; 95% CI, 1.30-10.04) for
all cases and for those with ER-positive (RR, 3.53; 95% CI,
1.20-10.39) and ER-negative (RR, 4.67; 95% CI, 1.45-15.02)
IBC. An older case-comparison study that included 68 IBCs
also reported that a BMI > 26.65kg/m2 was associated with
an up to 4-fold higher risk of premenopausal IBC [51]. We
see that for obesity RR = 3.62, RR =3.53, RR= 4.67 all
satisfy Disease Causation criteria 4.5+/-50% (2.27- 6.81) and
it means that obesity is a causation factor for Inflammatory
breast cancer which impacts 1 physiological change required
to cause Breast Cancer out of 4 causes needed. We put this
factor in Table 1.1 header, column 11.

A study on free estradiol shows: “Data from 2 large studies
demonstrated that postmenopausal women in the highest
quintile of plasma free E2 experienced at least a 2.58-fold
(95% CI 1.76-3.78) higher rate of breast cancer over the
ensuing 10 years than those in the lowest quintile [52]. We
can see that OR=2.58 is with in range of 4.5+/-50% (2.27-
6.81) and so per Disease Causation criteria the high level
of free Estradiol in postmenopausal women is a disease
causation factor of Breast Cancer impacting a change in 1
physiological parameter beyond 1-sigma. We put this factor in
Table 1.1 header, column 5.

A study of women women aged 50-79 which were not on
hormone replacement therapy (HRT) showed: “Among HRT
non-users, heavier women (baseline body mass index
(BMI) > 31.1) had an elevated risk of postmenopausal
breast cancer (relative risk (RR) = 2.52; 95% confidence
interval (CI) = 1.62-3.93), compared to slimmer women
(baseline BMI < 22.6)” [53]. We see that RR = 2.52 is within
of 4.5+/-50% (2.27- 6.81) and this means that being a heavy
women (BMI > 31.1) is a disease causation factor for
Breast Cancer which impact 1-physiological parameter to go
beyond 1-sigma interval (actually, slightly less than this). We
place this factor in Table 1.1 header, column 2.

A study of rare germline variants in women shows: “We
found evidence of association with breast cancer risk for

J Nur Healthcare, 2024

Volume 9 | Issue 3 | 7



10.

11.

four genes, with estimated adjusted ORs of 5.3 [95% CI:
2.1-16.2] for BRCAI, 4.0 [95%CI: 1.9-9.1] for BRCA2,
3.4 [95% CI: 1.4-8.4] for ATM and 4.3 [95% CI: 1.0-17.0]
for PALB2” [54]. All ORs such as OR=5.3 for BRCAI,
OR=4.0 for BRCA2, OR = 3.4 for ATM, OR = 4.3 for PALB2
genes are within 4.5+/-50% (2.27-6.81) interval of Disease
Causation criteria for 1 physiological parameter change and
it means the mutations in those genes are causation factor
for a Breast Cancer affecting 1 physiological parameter
so it goes beyond approximately 1-sigma interval. This
unknown parameter is 1 of 4 physiological changes beyond
1-sigma interval which are causing Breast Cancer if co-exist
at the same time. It won t cause the Breast Cancer standalone
though. We will find those unknown parameters further. We
place this genetic related factor in Table 1.1 header, column 6.
A study on Estrogen replacement therapy in women reports:
“Current use of either oral estrogen alone or in combination
with progestin pills was associated with increased risk of
lobular cancer, with particularly high risk associated with
current combination therapy (OR, 3.91; 95% CI, 2.05-7.44).
Recent oral HRT use of 57 or more months was associated
with a 3-fold increase in risk of lobular cancer (OR,3.07;
95% CI, 1.55-6.06) and a 50% increase in non lobular
tumors (OR, 1.52; 95% CI, 1.01-2.29) [55]. We see that OR
= 3.91 and OR 3.07 are both within a range of 4.5+/-50%
(2.27- 6.81) interval of Disease Causation criteria for 1
physiological parameter change. It means that these kinds of
estrogen replacement therapy are a causation factor for the
breast cancer which changing 1 physiological parameter to go
beyond 1-sigma and it is 1 out of 4 parameters required to
cause the disease. Estrogen replacement therapy of this kind
won’t cause a breast cancer as standalone factor, only with
combination of other 3 physiological parameters. We place
the found factor in Table 1.1, column 4.

A study on anemia during a breast cancer says: “Multivariate
analysis with all relevant prognostic factors in a Cox
proportional hazards regression model showed that
preoperative anemia was a significant prognostic factor
in breast cancer patients (Table 4). T-status (=T3), N-status
(N1, N2), strongly positive PR status and HER-2 positivity
were significantly associated with LRFS, and anemic patients
had a 4.939- fold increased relative risk of developing
local relapse compared with nonanemic patients. [56]. We
see that RR = 4.939 which is in range of 4.5+/-50% (2.27-
6.81) interval of Disease Causation criteria. It means anemia
in breast cancer patients is a causation factor for breast cancer
relapse which impact 1 physiological change to be beyond
1-sigma. We place this factor in Table 1.1, column 10.

With this we finished determination of factors which are causing
Breast Cancer which we were able to discover in existing research.
There can be other factors which are not known to us or which will
be discovered in future research. The unknown factors still will
impact the same set of physiological parameters which we will
determine later in this process.

Now we need to find the physiological parameters related to
the disease causation factors we found. We don’t know if their
changes are causing the disease but we know the changes to these
physiological parameters are present then the disease causation
factors are present. Let’s list them here:

1.

A study of women with a cystic breast disease (with simple
and complex cysts) found: “The breast cyst fluid levels
of leptin, adiponectin, and resisting were significantly
decreased compared to plasma in both study groups.
Contrarily, levels of visfatin/NAMPT and TNF-¢ in breast
cyst fluid were significantly increased in relation to plasma
in both study groups. In turn, IL-6 levels in breast cyst fluid
and plasma were similar in both study groups [25]. We are
adding physiological parameters “Leptin in breast much
lower than in Plasma”, “Adiponectin lower”, and “Resistin
lower” in most left column of Table 1.1 and add letters “R”
for them in column 3 for Cystic Breast disease and add “R”
in the same column 3 across “TNF-alfa increase” parameter.
This will signify relationships between the Cystic disease as
a disease causation factor and the physiological parameters
changes observed when this factor is present.

Additional physiological change for Cystic Disease were
reported in a study: “Breast cysts are associated with an
increased risk of breast cancer. Some biomarkers such as
estrogen receptor alpha (ERa), progesterone receptor
(PR), and cyclin D1, show similar patterns of expression
in epithelial cells lining breast cysts as malignant epithelial
cells in local and invasive ductal breast cancer [26]. We place
these factors in the most left column of Table 1.1 and put the
“R” sign in the column 3 for a “Cystic Breast Disease” factor.
A study on Cystic breast reports: “We identified two
biomarkers, 15-hydroxyprostaglandin dehydrogenase
and 3-hydroxymethylglutaryl-CoA reductase, that were
expressed specifically by apocrine type I cysts as well as by
apocrine metaplastic cells in type II microcysts, terminal
ducts, and intraductal papillary lesions. No expression of
these markers was observed in non-malignant terminal ductal
lobular units, type II flat cysts [27]. We add these 2 biomarkers
to the most left column and add letters “R” across them in
column 3 for “Cystic breast disease”

Another study on alcohol consumption states: “Muti et
al. (1998) measured estradiol level in blood collected
from premenopausal women during luteal phase on the
same month, day, hour and minute 1 year apart and found
a significant positive association between estradiol level
and alcohol intake and a higher prevalence of drinkers in
subjects with consistently higher estradiol level [56]. Also,
another study states: “In this large study of premenopausal
women, we observed higher luteal estrogen and SHBG
concentrations and lower levels of free testosterone among
women who consumed alcohol compared with nondrinkers
[28]. We add “Estradiol increase” to left most column (if not
added yet) and put the letter “R” in the column 9 for Alcohol
consumption.

A study on alcohol consumption by women states [29].
Results indicate that moderate alcohol consumption (15-30
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g of alcohol per day) increases serum leptin levels in
postmenopausal women” We add letter “R” across “Leptin
Increase”(if it is not there yet) parameter in Column 9 for
”Alcohol consumption over 24g”

A study on alcohol biomarkers states: “Alcohol is acutely as
well as chronically toxic to the liver, and hepatic enzymes
such as gamma-glutamyl transferase (GGT), alanine
aminotransferase (ALT), and aspartate transaminase
(AST) therefore leak into the blood as part of the toxic
response to high alcohol intakes [30]. We are adding this
physiological parameter to the most left column (if not added
yet) and add letters “R” across them in Column 9 for”. alcohol
intake”.

Regarding an obesity in women a study says: “Adipose tissue
is biologically active secreting adipokines, cytokines and
estrogens. In the obese, a variety of hormonal, metabolic and
inflammatory changes occur that promote the pathogenesis
of breast cancer [31]. We add these physiological parameters
in the most left column of Table 1.1 and add “R” letters in
Column 11 for “BMI Higher 26.65 kg” factor.

A study on mammographic density (MD) informs:
“When stratifying by menopausal status, progesterone
was positively associated with baseline MD among
premenopausal (+ 1.78 cm2 per doubling of hormone; P =
0.004) (Table 3), but not postmenopausal (— 0.07 cm2; P
= (.888), women (Table4). SHBG was positively associated
with baseline MD in both premenopausal and postmenopausal
women (+ 6.58 cm2, P = 0.004; + 2.60 cm2, P = 0.042,
respectively). Other hormones did not reach statistical
significance in the stratified analyses [32]. We add “SHBG”
physiological parameter to the most left column and put “R”
across it in column 7 for a Breast Density,

Another study on Breast Density states: “Both endogenous
and exogenous estrogen may influence mammographic
density. Mammographic density decreases after menopause
when ovarian function declines. Hormonal replacement
therapy, with combination of estrogen and progesterone,
increases mammographic density, while tamoxifen, which
has antiestrogenic effect, decreases mammographic density
[2, 3]. Mammographic density therefore can be regarded
as a marker of the effect of estrogen on the breast tissue
[33]. This dependency between estrogen and breast density
is observed when there is a change in estrogen but the change
in breast density is not consistently shows the change in
estrogen so we put “Estradiol increases” (if it is not there
yet) parameter in left most column and add letter “Re¢” (as
conditional dependency) in column 7 for Breast Density.
We also place letter “R” in column 4 for “Using Estrogen
Replacement...” and column 5 for “Postmenopausal high
estrogen” as the estrogen level growth is observed in both of
these cases.

A study on Breast Density and biomarkers in premenopausal
women found: “Moderate positive correlations were
observed among amino acids, acylcarnitine’s, and
phosphatidylcholines (with respective average correlations
of 0.40, 0.31, and 0.37, not tabulated) and were stronger

11.

12.

13.

14.

among lysophosphatidylcholines and sphingomyelins (with
respective average correlations of 0.57 and 0.67, not tabulated
[34]. We add these physiological parameter changes in most
left column of Table 1.1 and add letters “R” across them in
column 7 for “High Breast Density, BI-RADS code 4” to
signify relationships between the physiological parameters
and the disease causation factor.

According to research on anemia, anemia in cancers is related
to TNF-a, GATA-1, etc: “TNF-o0 inhibits hemoglobin
production in a proportional fashion to the down-
regulation of GATA-1 and also affects erythropoiesis
induced by erythropoietin (Epo). TNF-o induces a decrease in
the expression of FOG-1, a co-activator of GATA-1, as well
as a proteasome-dependent decrease of GATA-1. In addition,
TNF-o suppresses the acetylated form of GATA-1, the post-
translational modification required for DNA binding [35].
We add “TNF-a increase” physiological parameter (if not
there yet) in the most left column of Table 1.1 and put letter
“R” in column 10 for “Anemia in Breast cancer” as TNF-a
increase is one of the causes of anemia and also, we add
“Down-regulation of GATA-1" as physiological parameter
in the most left column and add “R” for this parameter in same
column?7. Both these parameters changes can be observed in
cancer patients with anemia.

An obesity increases inflammation and a study states: “In
normal-weight individuals, M2 macrophages present in
adipose tissue promote anti-inflammatory signals. However,
obesity-related changes in adipocyte secretory profile
(including, e.g., excess synthesis of interleukin 6 (IL-6)
and tumor necrosis factor-alpha (TNFa)) attract pro-
inflammatory M 1 macrophages to perpetuate pro-inflammatory
cytokine signaling to trigger adipocyte cell death.”
("Estrogens in Adipose Tissue Physiology and Obesity-Related
Dysfunction",KurytowiczsA.,Biomedicines.2023,11(3):690.
https://doi.org/10.3390/biomedicines11030690). As there is a
dependency between being overweight and TNF-alfa increase
and IL-6 increase we place these parameters in the most left
column of Table 1.1 and add “R” in column 2 for “Postmeno
pause Weight increase, BMI > 31.1” and column 11 for
“Premenapause women with BMI Higher 26.65 kg / m"2”
Another study on obesity and leptin states: “IPA analysis
identified leptin signaling as significantly upregulated in
breast epithelial organoids from obese women compared
with lean women. Both obese CM and leptin treatment
induced DNA damage in BRCA1+/- MCF10A cells while
lean CM did not have this effect [36]. We add leptin growth
as parameter in most left column and “R” for this parameter
in column 2 for “Increased Weight” and column 11 for BMI
Higher 26.65 kg.

A study on impact of hormone replacement therapy and leptin
has found: “A positive linear correlation was found between
leptin plasma levels and BMI only in obese patients (r =
0.58; p < 0.01) both before and after estrogen treatment [57].
We are adding “Leptin level increase” (if not added yet) to
the most left column and letter “R” to column 2 for “Post
menopause Weight increase, BMI > 31.1”
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15. A study on carotenes informs on their impacts on decreased
deoxyribonucleic acid (DNA): “In studies in which subjects
were fed less than 25 mg/day of B-carotene, ecither
from foods or as a supplement, changes in the markers for
antioxidant activity were minimal. Exceptions noted were
decreased deoxyribonucleic acid strand breaks observed
when 22 mg/day of B-carotene was administered as carrot
juice (Pool-Zobel et al., 1997) and lowered copper-induced
oxidation of low-density lipoprotein when 12 or 24 mg/day of
B-carotene was given along with vitamins C and E” [37]. We
place a “Increase in DNA strands breaks” as physiological
parameter changed in the most left column of Table 1.1 and
put letter “R” accordingly in the column 8 for a “Low Total
Carotenes. to signify a relationship between the physiological
parameter changes and the disease causing factor.

16. An article on beta-carotene impact in healthy people informs:”
daily intake of B-carotene, a nontoxic antioxidant, reduces
lipid peroxidation as assessed by serum lipid peroxide
levels [38]. We add the an “Increase in lipid peroxidation”
as physiological parameter in the most left column of Table
1.1 and add letter “R” in column 8 (“Low Total Carotenes”)
to signify a relationship between the physiological parameters
and a disease causation factor.

17. An article on beta-carotenoids informs: “Provitamin A
carotenoids are plant pigments that include beta-carotene,
alpha-carotene, and beta-cryptoxanthin [1]. The body converts
provitamin A carotenoids into vitamin A in the intestine via
the beta-carotene monooxygenase type 1 BCMO1 enzyme,
although conversion rates may have genetic variability” [1,
3-6]. We place a “Reduction of Provitamin A carotenoids”
as physiological parameter in most left column of Table 1.1
and add letter “R” in in Column 8 (Low Total Carotenes) to
signify a relationship [39].

18. An article on BRCAI gene states: “The BRCAL1 protein is
involved in repairing damaged DNA. In the nucleus of many
types of normal cells, the BRCA1 protein interacts with several
other proteins to mend breaks in DNA. These breaks can be
caused by natural and medical radiation or other environmental
exposures, and they also occur when chromosomes exchange
genetic material in preparation for cell division [40]. Another
article on BRCA1 and BRCA2 mutations states: “BRCA1
and BRCA2 play a crucial role in maintaining genome
integrity by repairing double-strand DNA breaks via
the homologous recombination repair (HRR) pathway.
Any mutations that cause functional disruption of these
proteins may prove to be highly deleterious, leading to the
development of cancer. In addition, BRCA1 and BRCA2 also
play a critical role in cell division where they are transported
to the cytosol to participate in regulating various molecular
events during mitosis. Mutations impacting these important
functions of BRCA1/2 can affect the delicate balance of
the tightly regulated cellular processes that may lead to
progression of disease [41]. We can place letter “R” across
physiological parameter an Increased DNA strand breaks in
a Column 6 (“BRCA1, BRCA2, etc. gene mutations (1cs)”)
as BRCA Imutation may break this function of DNA Repair.

This way we fill out the rest of Table 1.1 with physiological
parameters and mark relationships between them and the found
disease causation factors with letters “R”. We can use small letter
near “R” to signify some details of these relationship, for example
“Rc” where c - as conditional relationship. These relationships will
need to be further analyzed and made more precise if necessary.
If it is required to increase a precision of conclusions about
the physiological parameters causing a disease the additional
research on disease causation factors or physiological parameters
can be used in a similar manner as above. In order to simplify
placement of letters “R” the table’s columns can be enumerated
and this enumeration may need to be added in few places as such a
table may get pretty long.

Now we need to move to the next step of the method and for
this let’s find out intersections (which we defined above) of the
physiological parameters for the external factors which found to
be causing Breast Cancer. We can see intersections in 4 rows in
a Table 1.1. They are rows with multiple letters “R” which are
marked in a gray color. Based on the intersections observed in
Table 1.1 we include next physiological parameters in our matrix
Pm below:

Pm :{”Increased DNA strand breaks”, “Estradiol increase”,
“TNF-alfa increase”, “Leptin Increase”}

As we discussed in method’s explanation section, the first Pm
matrix usually is not final and may require some corrections. We
see our matrix Pm contains 4 parameters and it is the same as
number of changes which are causing a Breast Cancer disease. So,
we don’t need to eliminate redundant physiological parameters but
we need to notice the intersection for some of these physiological
parameters cannot be correct because they would cause some
factors to impact 2 or more physiological parameters while we have
already determined above (using a disease causation criteria) that
most of our disease causation factors for Breast Cancer must cause
only 1 physiological change beyond 1-sigma and not more. We
can see that a factor “Perimenopause women with BMI Higher
26.65 kg / m”2 (1cs)” has crossings in 2 physiological parameters
but can only cross 1 (as per disease causation criteria provided
above). It currently impacts these physiological parameters as
can be seen in Tablel.1: TNF-Alfa increase, Estradiol Increase.
A physiological parameter “TNF-alfa increase” has 3 crossings
(we don’t consider Postmenopause Weight increase, BMI > 31.1
(1cs)” and “Premenapause women with BMI Higher 26.65 kg /
m”2 (lcs)” as different factors) and due to this the probability that
this intersection in TNF-alfa is random is extremely low. Estradiol
increase has 5 crossing and the probability of this crossings to
be random is extremely low too. We need to see that causing this
redundant intersection then? How to adjust our Pm matrix so all
physiological parameter cross appropriately?

We notice that “Premenapause women with BMI Higher
26.65 kg / m”2 (lcs)” disease causation factor is applicable to
premenpause women and for them the estrogen production in
adipose tissue is not playing a large role as for post menopause
women as in perimenopauses women estradiol secretion happens
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mostly in ovaries. So we can safely assume that despite the fact
what adipose tissue can cause Estradiol increase in premenopause
women the role of such an increase likely less than 1-sigma for
this disease causation factor ( and we know also the factor can
have only 1 impact).This leaves us with a change beyond 1-sigma
in only 1 physiological parameter which is TNF-Alfa increase. It
means that being “Premenapause women with BMI Higher 26.65
kg/ m”"2 ( lcs)” is disease causation factor which impacts TNF-
Alfa increase in premenopause women and this change is one of 4
physiological disease causes for a Breast Cancer.

Let’s notice how we used here a property that the physiological
parameter should be changed beyond 1-sigma to cause a
disease in order to remove a redundant crossing and correct matrix
Pm. Now, we can also see an intersection in IL-6 in Table 1.1 but
we don’t consider it is a valid intersection as it is for a related
factors” Post menopause Weight increase, BMI > 31.1 (lcs)” and
“Premenapause women with BMI Higher 26.65 kg /m"2 (1cs)”
both related to obesity. So, our new and final matrix Pm stays
the same but the Table 1.1 updated properly with a bold frame
to incorporate right physiological changes as per our discussion
above. The final matrix Pm is:

Pm :{"Increased DNA strand breaks”, “Estradiol increase”,
“TNF-alfa increase”, “Leptin Increase”}

3.1.1 Physiological Causes of Breast Cancer (Results of
Analysis)

Based on the analysis of factors above the set of 4 physiological
changes beyond 1-sigma which are taking place at the same
time are causing a Breast Cancer disease. This set is as below.

. Increased DNA strand breaks (beyond ~ 1-sigma)
. TNF-alfa increased beyond ~ 1-sigma

. Leptin level increase beyond ~ 1-sigma

. Estradiol increase (above ~1-sigma)

This means a particular women will get a breast cancer after
some time if she continuously has Increased DNA strand breaks
(beyond ~ 1-sigma) AND TNF-alfa increased beyond ~ 1-sigma
AND Leptin level increase beyond ~ 1-sigma AND Estradiol
increase (above ~1-sigma). This process resembles a fuse which
always blew off if the electrical current exceeds the fuse’s limit. The
only random factors here are either you turn on air conditioning or
electrical iron. As soon as you exceed the limit of the fuse it will
always blew off and it does not matter if the cause was the air
conditioning or iron. It is not optional for the fuse to blew off.
The same concept applies as we can see for a breast cancer or other
non-infectious disease pathology.

The rows in Table 1.1 surrounded by bold rectangles represent
the physiological parameters found as result of analysis and which
are causing Breast Cancer disease. Once they determined we can
move these physiological parameters along with disease causing
factors which are causing the change in them from Table 1.1 to the
Tablel.2. This table will contain the results of analysis: Disease
Causation factors for Breast Cancer, physiological parameters
which change beyond 1-sigma when these factors are present
and relationship between Disease Causation factor and each
physiological parameter.

3.1.2 Validation of Method’s Results for Breast Cancer

To verify we completed all the steps of the method correctly so
far let’s take a look how an existent research is consistent with our
findings of Breast Cancer causes.

A research states: “Since DNA double-strand breaks (DSBs)
contribute to the genomic instability that drives cancer
development, DSB repair pathways serve as important
mechanisms for tumor suppression. Thus, genetic lesions, such as
BRCA1 and BRCA2 mutations, that disrupt DSB repair are often
associated with cancer susceptibility.” ("DNA double-strand break
repair pathway choice and cancer. "Aparicio T, Baer R, Gautier
J., etal, DNA Repair (Amst). 2014 Jul;19:169-75. doi: 10.1016/j.
dnarep.2014.03.014.). Which is consistent with our finding that
Increased DNA strand breaks (beyond ~ 1-sigma) are one of 4
causes of Breast Cancer. It does not cause Breast Cancer standalone
but requires 3 other physiological changes.

Another article on TNF-Alfa informs: “Collectively, these data
reveal a pro-tumorigenic role of TNF-a during breast cancer
progression and metastasis. We systemize the knowledge
regarding TNF-a-related therapies in breast cancer [59]. This is
consistent with a discovery of TNF-alfa increase as one of the
causes of Breast Cancer.

A study on Leptin states: “It controls adipose tissue growth and
cell proliferation including breast tissue.77 Leptin levels were
related to breast cancer aggressiveness and can predict the
type, grade, stage, lymph node involvement, hormone receptors,
and recurrence in breast cancer.78Leptin affects breast cancer
biology in an endocrine, paracrine, and autocrine manner
[60]. This is a consistent with the results of our method regarding
Increased Leptin level as a cause of Breast Cancer.
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Table 1.1: in the Header: Factors Determined to be Disease Causation Factors for Breast Cancer Using Disease Causation Criteria.in
the Most left Column: Physiological Parameter Changes Observed when the Factors are Present “R” - Signifies a relationship Between
Such a Physiological Parameter Change and a Disease Causing Factor. Areas in Gray are Intersections of Physiological Parameters for
Few Factors. Bold Frames are Final Set of Physiological Parameters Causing Breast Cancer

An article on role of estrogen in cancers states: “The oncogenic
function of estrogens is considered in both classical and non-
classical hormone-sensitive carcinomas such as prostate, breast,
endometrial, lung, colon, and ovarian cancers. The molecular
basis of cancer initiation by estrogen has been suggested
through the production of aromatic estrogen metabolites
(catechol estrogens quinones) that are derived from normally
formed catechol estrogens. Chemically, depurinating DNA-
adducts are formed by the reaction of 4-OHE1/2 or 2-OHE1/2
with Adenine/Guanine bases which leads to DNA mutations [61].

This is also consistent with our finding that an increased estrogen
(beyond 1-sigma) is one of 4 required cause of Breast Cancer. It
won’t cause Breast Cancer as a standalone though.

We have found that 4 physiological causes of Breast Cancer
determined by the presented method are consistent with the
existing research which was not used by the method before. This
way we confirmed the steps we have taken were done correctly
and our method’s results are correct.
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3.1.3 A Room for an Error

So far, we determined 4 physiological parameters changes beyond
1-sigma which must cause a breast cancer if they are taking place
the same time long enough. From a practical perspective it give
us a room for an error in determination of these parameters. The
disease cannot start unless 4 of them changed so if we determined
1 parameter incorrectly but 3 others correctly we still should be
able to prevent the disease by controlling these 3 physiological
parameters to be within 1-sigma interval. We also should be able
to use these 3 parameters to treat or possibly even cure a disease
in early stages.

The Table 1.3 shows external factors which will cause Breast
cancer if combined together. A combination of 4 of each factor
from each column will cause Breast cancer in an individual. If the
factors represent the 2 causes then the number of factors can be
less accordingly.

Using the Table 1.3 we can conclude, for example, that if a
women has Low Total Carotenes AND has Cystic Breast
disease and High Breast Density (BI-RADS code 4) AND she
is Post menopause with Weigh increased, BMI > 31.1 (1cs)
such a women will get a Breast Cancer if she continuously has
these factors. This is not optional, the only option to remove one
or more of these factors to prevent the disease. We notice here that
we have 4 disease causation factors here where each impacting
only 1 physiological parameter so it goes beyond 1-sigma. These
4 physiological changes beyond 1-sigma at the end are causing
breast cancer and not the disease causing factors themselves.
Using a Table 1.3 we must combine disease causation factors in
such a way that they impact all 4 physiological changes which
were determined for Breast Cancer disease.

External Factors

Physiological parameters which changes are causing a Breast Cancer
(change should be beyond 1-sigma)

Increased
DNA strand
breaks

increase

TNF-alfa

Estradiol
increase

Leptin Increase

Low Total Carotene X
(1cs)

BRCAI,BRCA2, etc X
gene mutations (
Ics)

Premenapause X
women with BMI
Higher 26.65 kg /
m”2 (1cs)

Cystic Breast X
disease (1 cs)

Using estrogen
replacement over 57
months (1 cs)

Postmenapause high
free estradiol (1cs)

High Breast Density,
(BI-RADS code 4)

Women over 50 with
low fat intake but
Alcohol
consumption over
24¢ / day (2 cs)

Anemia after cancer X
(1cs)

Postmenopause
Weight
increase,BMI > 31.1
(1cs)

Table 1.2: In the Header: 4 Physiological Parameters which Change Beyond 1-Sigma if Simultaneously Present Causes Breast Cancer
In most left column: some of Disease Causation factors for Breast Cancer which only can cause it if combined together so all 4
physiological parameters required to trigger Breast Cancer are changed. 1cs, 2¢s (on the left, stand for a cause) -means the disease
causation factor changes 1 or 2 physiological parameters beyond 1-sigma as determined by Disease Causation criteria. x - means that a
Disease Causation factoris causing a change/related to the change in physiological parameter beyond 1-sigma so this parameter becomes

one of 4 causes of Breast Cancer
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The results derived from Table 1.3 can be validated empirically
even on the small set of patients. We would need to observe their
medical history and see if they had these factors present together for
some time before they became sick with a breast cancer. Different
combinations from the table above can be observed during such
experiments.

3.1.4 Building Hypothesis of Breast Cancer Pathology
Now when we determined 4 physiological changes beyond

1-sigma which are causing Breast Cancer we can demonstrate
how the presented method simplifies building a hypothesis of
disease pathology by connecting these found physiological
changes together. We have determined using a method that Breast
Cancer is caused by these 4 physiological changes: ” Increased
DNA strand breaks” beyond 1-sigma, “Estradiol increase”
beyond 1-sigma, “TNF-alfa increase” beyond 1-sigma, “Leptin
Increase” beyond 1-sigma

Increased DNA strand TNF-alfa Estradiol Increase Leptin level

breaks increased increase

Low Total Carotene ( | Cystic Breast disease | High Breast Density, Postmenopause

lcs) (1cs) (BI-RADS code 4) Weight increase, BMI
>31.1 (1cs)

BRCAI, BRCA2, etc
gene mutations ( 1cs)

Anemia after cancer (
1 cs)

Postmenapause high
estrogen (1cs)

Premenopause
women with BMI
Higher 26.65 kg /
m”2 ( 1cs)

Women over 50 with
low fat intake but

Alcohol consumption
over 24g / day ( 2 cs)

Women over 50 with
low fat intake but

Alcohol consumption
over 24g / day ( 2 cs)

Using estrogen
replacement over 57
months (1 cs)

Table 1.3: In the Header: 4 Physiological Parameters Changes (Beyond Approx. 1-Sigma) Which Should be Simultaneously

Present to Cause Breast Cancer

In the columns: Disease Causation factors which are either causing the physiological change beyond 1-sigma (or physiological change
present if the factor exists). Any set of few Disease Causing factors (one from each column) from each column will cause a Breast

Cancer. The factors cannot cause Breast Cancer as standalone

NOTE: the list of factors in Table 1.3 is obviously not complete
and provided as per author’s knowledge of specific research, other
factors can be added in the future if new research finds them, etc.
At the same time the future factors as, current ones will be related
to the physiological parameters in the columns of the table as these
parameters the real cause of a disease (the factors are only causing
their change).

Using an existing research about these physiological parameters
change we can build a relationship between them which will create
hypothesis of Breast Cancer pathology as below. For additional
details on this process please refer to building of Autism pathology
hypothesis section.

Breast Cancer Pathology (Hypothesis): An increased beyond
1-sigma a number of DNA strand breaks(caused by such factors
as low total carotene, etc.) cannot be repaired due increased
beyond 1-sigma TNF-alfa level (caused by Cystic Breast disease,
for example) and an increased beyond 1-sigma level of leptin(
caused by post menopause women weight increase, BMI >

31.1, for example) where a leptin level increase reduces energy
capabilities of breast cell in particular for repair processes and
along with additional level of DNA mutations due to adducts
created by high estradiol level beyond 1-sigma deprive the breast
cell from the DNA repair capabilities required to compensate for
a normal DNA degradation processes and DNA damages and
mutation accumulate beyond control. This results in triggering of
Breast Cancer. In short, the disruption of DNA damage / repair
homeostasis leads to a breast cancer.

4. Autism: Determination of Causes

Autism spectrum disorder (ASD) is a neurological and
developmental disorder that affects how people interact with
others, communicate, learn, and behave. Although autism can be
diagnosed at any age, it is described as a “developmental disorder”
because symptoms generally appear in the first 2 years of life.

According to National Institute of Mental Health occurrence
of autism in boys as 36.5 per 1000 and in girls 8.8 per 1000 as
per data from year 2018. Using a formula (1.0) presented in the
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beginning of the article we calculate the number of physiological
changes (number of disease causes) which are required to trigger
Autism in boys and girls:

For boys Nb = log ,,, (0.0365) = 2.18 ~ = 2 (2 physiological
parameters causing autism in boys).

For girls Ng = log , ,, (0.0088) = 3.12 ~= 3 (3 parameters changes
causing autism in girls)

As per calculations above for boys we get Nb = 2 physiological
parameters change which are causing autism in boys and for
girls we get Ng = 3 physiological parameters changes which are
causing autism in girls.

Let’s list the factors which are causing a Autism and explain how

they are determined based on Disease Causation criteria provided

above and developed in article “A Connection between Factors

Causing Diseases and Diseases Frequencies: Its Application

in Finding Disease Causes” //]. We are going to populate these

factors in a header of Table 2.1:

1. A study of Autism (ASD) risk in children analyzed 2,734
children and states: “When examined in combination, only
mothers with obesity and PGDM (hazard ratio 3.91, 95%
confidence interval 1.76-8.68) and those with obesity and
gestational diabetes (hazard ratio 3.04, 95% confidence
interval 1.21-7.63) had a significantly increased risk of
offspring ASD.” [3]. It is known that HR can be treated as
an approximation of RR. So, we can write that RR =~ HR
= 3.91 and RR=~HR=3.04 which are both within arrange of
4.5+/-50% (2.27- 6.81) of Disease Causation criteria for 1
physiological parameter change (see article [1]). It means that
being a mother with obesity and PGDM as well as being a
mother with obesity and gestational diabetes is a causation
factor for Autism (ASD) which makes 1 physiological
parameter change go beyond 1-sigma interval (actually,
the interval is slightly more narrow). This physiological
parameter’s change is one of 2 (for boys) or 3 (for girls) total
physiological parameters changes beyond 1-sigma which need
to be simultaneously occurring in a child to cause Autism.
We determined these numbers of physiological parameters
required to be changed approx. beyond 1-sigma for boys as
2 and 3 for girls above using a formula for number of disease
causes (1.0). So, it means that being a mother with obesity
and PGDM is not causing Autism as a standalone factor.
It must cause Autism in boys though if another physiological
parameter (which we will find later) is going beyond 1-sigma.
The same factor must cause Autism in girls if other 2
physiological parameter will go beyond 1-sigma interval. We
add this factor in header of Table 2.1 as Column 9 “Mother
with Diabetes + Obesity”.

2. Study of impact of copy number variation (CNV) and ozone
exposure states: “children with high duplication burden
who were also exposed during the prenatal period to high

ozone levels had nearly a three-fold greater risk to develop
autism (OR=2.8 (1.2-6.9)). Even stronger associations were
seen for children with high ozone exposures during the
first and second years of life, with OR=4.2 (1.5-11.7) and
OR=3.4 (1.4-8.6)" [9]. We see that both OR=2.8 and OR=3.4
are within 4.5+/-50% (2.27-6.81) of Disease Causation
criteria for 1 physiological parameter change. It means high
CNYV and High Ozone exposure during 1-2nd years of life
or during prenatal period is a cause of Autism and it forces
1 physiological parameter to change beyond 1-sigma interval.
High CNV and Ozone exposure will not cause Autism as
standalone factor but with 1 other factor for boys or 2 other
factors for girls it must cause Autism after sometime. The
causation of disease is not optional as per Disease Causation
criteria (see article [1]). We place this factor in Table 2.1
header as Column 3 and call it “High CNV + Ozone
Exposure (1cs)”.

A study on impact of fever during pregnancy on development
of Autism states: “Risk increased markedly with exposure
to three or more fever episodes after 12 weeks' gestation
(aOR, 3.12; 1.28-7.63).ASD risk appears to increase with
maternal fever, particularly in the second trimester [10]. We
see OR = 3.12 and it is within 4.5+/-50% (2.27-6.81) of
Disease Causation criteria for 1 physiological parameter
change. It means three or more fever episodes after 12
weeks' gestation is a causation factor for autism which is
changing 1 physiological parameter out of 2 required for boys
and out of 3 required for girls to trigger Autism. Such a fever
will not cause Autism as as a standalone factor but if other
physiological parameters 1 (for boys) or 2 (for girls) also
were changed beyond 1-sigma it must trigger Autism. These
other 1 or 2 physiological parameters of course need to be
specific parameters which are causing Autism (which will be
determined later in this article). We add this causation factor
now to Table 2.1 in Column 4 as “Fever after 12 weeks of
pregnancy”.

Research on valproate exposure during pregnancy and its
impact on risk of Autism development states “The aHRs for
ASD and ID after topiramate exposure were 2.8 (95% CI,
1.4-5.7) and 3.5 (95% CI, 1.4-8.6), respectively, and after
valproate exposure were 2.4 (95% CI, 1.7-3.3) and 2.5 (95%
CI, 1.7-3.7) [11]. The RR = ~aHR = 2.8 and RR = ~aHR =
2.4 are within a range of 4.5+/-50% (2.27- 6.81) of Disease
Causation criteria for 1 physiological parameter change. It
means topiramate exposure or valproate exposure during
pregnancy is a causation factor for Autism which changing
1 physiological parameter (which yet to be found) to go
beyond 1 sigma out of 2 or 3 (for boys and girls accordingly)
required to cause an Autism. Topiramate exposure or
valproate exposure during pregnancy does not cause Autism
as standalone factor but only if the change to the impacted
physiological parameter will coexist with 1 or 2 other required
physiological parameters changes beyond 1-sigma (as per
Disease Causation criteria in article [1]). We add valproate
exposure as disease causation factor to Table 2.1 in Column 1
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as “Valproate (1cs)” where lcs stands for 1 cause and means
the causation factor is changing 1 physiological parameter
beyond 1-sigma interval (actually, slightly less)

A-research on risk of Autism in 2nd pregnancies shows that the
risk depends on Inter pregnancy interval (IPI): “An inverse
association between IPI and odds of autism among 662 730
second-born children was observed. In particular, IPIs of
<12, 12 to 23, and 24 to 35 months were associated with
odds ratios (95% confidence intervals) for autism of 3.39
(3.00-3.82), 1.86 (1.65-2.10), and 1.26 (1.10-1.45) relative
to IPIs of > 36 months [12]. We see that only OR=3.39 for ITI
less than 12 months is within a range 4.5+/-50% (2.27- 6.81)
of Disease Causation criteria for 1 physiological parameter
change. It means an Interpregnancy interval less than
12 moths is a disease causation factor for Autism which
impact 1-physiological parameter to change beyond 1-sigma
interval. This change will not cause Autism as standalone but
only together with 1 (for boys) or 2 (for girls) other additional
specific disease causation physiological parameters changes
beyond 1-sigma will cause Autism. We are adding this disease
causation factor to Table 2.1 in Column 7 as “Child born
within 1st year of previous pregnancy (1cs)”

A study found the risk of Autism in case of maternal
depression: “the associations between antidepressant use and
autism spectrum disorder. Any antidepressant use during
pregnancy in mothers of cases was 1.3%compared with
0.6% of controls equating to an almost two fold increase in
risk of autism spectrum disorder (1.90, 1.15 to 3.14). These
associations too were largely observed due to associations
with autism without intellectual disability (2.54, 1.37 to
4.68) with no increased odds for autism with intellectual
disability [14]. We have OR = 2.54 which is within a range
4.5+/-50% (2.27-6.81) of Disease Causation criteria for
1 physiological parameter change. We see that maternal
depression during pregnancy and antidepressant usage
is a disease causation factor for Autism impacting 1
physiological parameter to go beyond l-sigma interval. It
will not cause Autism as standalone factor but together with 1
(for boys) or 2 (for girls) other physiological changes beyond
1-sigma must cause Autism in a child. We can add this to
Table 2.1 Column 2 as “Depression in mother”.

A study on reoccurrence of Child Autism (CA) in relatives
measured a relative recurrence risk (RRR)as a hazard ratio
(HR) and informs: “The adjusted sibling RRR for CA was
17.4 (16.3—18.7) with site-specific estimates ranging from 9.2
(6.7-12.5) in Denmark to 24.8 (13.7-45.0) in Finland. The
adjusted RRR for full-siblings was significantly larger than
for half-siblings; 18.5 (17.2-19.8) vs. 11.4 (8.9-14.6) [15].
We see that for full-siblings the RR=~HR=18.5 is within a
range 20.6+/-50% (10.3-30.9) of Disease Causation criteria
for 2 physiological parameters changes. It means being a
full-sibling of the older Autistic Child is a causation factor
for Autism which changes 2 physiologicalparameters beyond
1-sigma. We are adding this factors to Table 2.1, Column 8 as
“Having one child with Autism (2¢s)”, where 2 cs means

10.

a factor impacting 2 causes as 2 physiological parameters
beyond 1-sigma.

A study on impact of father’s age and risk of Autism states:
“Compared with offspring born to father 20 to 24 years
old, offspring of fathers 45 years and older were at
heightened risk of autism (hazar dratio [HR] = 3.45; 95%
CI, 1.62-7.33), attention-deficit/hyperactivity disorder (HR
= 13.13; 95% CI, 6.85-25.16), psychosis (HR = 2.07; 95%
CI, 1.35-3.20), bipolar disorder (HR = 24.70; 95% CI, 12.12-
50.31) [16]. We see that RR=~HR=3.45 is with in a range
4.5+/-50% (2.27- 6.81) of Disease Causation criteria for 1
physiological parameter change. It means that paternal age
over 45 years old is a causation factor for Autism which
changing 1 physiological parameter beyond 1-sigma. This
factor will not cause Autism in a offspring as a standalone but
with combination of 1 (for boys) or 2 (for girls) others must
cause Autism after some time if the factors are not removed
quickly. We add this causation factor to Table 2.1, Column 5
as “Father older 45 year (1cs)”.

A study of traffic-related air pollution (TRP) and its risk
of Autism informs on Autism cases: “Cases were more
likely to live at residences in the highest quartile TRP
exposure during pregnancy (OR=1.98,95%CI 1.20-3.31)
and the first year of life (OR=3.10, 1.76-5.57) compared
to controls.” ("Traffic-related air pollution, particulate
matter, and autism.",Volk HE, Lurmann F, Penfold B, et
al, JAMA Psychiatry. 2013Jan;70(1):71-7. doi: 10.1001/
jamapsychiatry.2013.266). We see that OR=3.10 is within a
range 4.5+/-50% (2.27- 6.81) of Disease Causation criteria
for 1 physiological parameter change. Other ORs values are
below and not enough to be causation factors. It means a
residence in the highest quartile TRP exposure the first
year of life is a causation factor which changes 1 unknown
physiological parameter beyond 1-sigma.We put this factor in
Table 2.1, Column 11 as “Air Pollution in 1st year(1cs)”.

A study on iron intake during pregnancy and risk of
Autism states: “A significant multiplicative interaction (P =
0.002) was found between low maternal iron intake and
older maternal age at delivery, with more than a 5-fold
increased risk of ASD for mothers aged 35 years or older
with iron intake in the lowest quintile as compared with
younger mothers with iron intake in the highest quintile (OR
=5.01,95% CI: 1.98, 12.69) [17]. We see OR=5.01 is within a
range 4.5+/-50% (2.27- 6.81) of Disease Causation criteria
for 1 physiological parameter change. It means a pregnancy
of women over 35 years old with iron intake in the lowest
quintile is a disease causation factor for Autism which
impact 1-physiological parameter to change beyond 1-sigma.
This physiological parameter is one of multiple required to
be present to cause Autism. The discovered factor makes the
change to this parameter and this way is helping to trigger
Autism. We adding the discovered factor in Table 2.1, Column
10 as “Low Iron Intake in Pregnancy over 35(1cs)”
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We need to notice that multiple disease causation factors which
we have found for Autism should impact the same set of 3
physiological parameters (2 for boys and 3 for girls). It is those 3
parameters’ changes beyond 1-sigma which are causing Autism in
children as per research in article [1]. The disease causation factors
are just negatively impacting these disease-causing physiological
parameters’ changes beyond 1-sigma (slightly less, actually) so the
disease is triggered. There can be many different disease-causing
factors like this but only 3 physiological parameters which any
of these factors impact so they change beyond 1-sigma interval
and cause the disease. So, if we have 40 different factors, for
example, and only 3 unique and specific physiological parameters
they change beyond 1-sigma interval it seems within a common
sense that there should be a way to determine those physiological
parameters and thus find the real disease causes. We will continue
to discover below one way how to do it in practice.

Now we need to find physiological parameter changes related to
the disease causation factors we found for Autism. We list them
here and group them by related disease causation factors which we
have determined above. The physiological parameters we find here
will be populated into Table 2.1 (the most left column):

4.1 Valproate as a Factor

1. A study inform that Sodium valproate has next mechanism of
actions: “GABA potentiation, blocks voltage gated sodium
channels, epigenetically inhibits histone deacetylase”.
According to the same article valproate has next side effects” GI
upset, weight gain,”. The reasons of negative action of valproate
the study suggest can be attributed to. the inhibition of histone
deacetylase with associated changes in gene expression,
increases in fetal oxidative stress, or the antagonism of folate
required for DNA synthesis” [18]. We place this physiological
parameter in left most column of Table 2.1 and mark Column
1 (“Valproate”) with letters “R” a cross matching physiological
changes.

2. Another study on Valproate states: “Significant weight gain is
one of the most common problems with VPA in both children and
adults. In addition, the chronic use of valproates is associated
with an increase in the level of fast plasma insulin (FPI), the
development of insulin resistance, especially in a subgroup
of children and women. In addition to weight gain and insulin
resistance, VPA-Met S is accompanied by dyslipidemia, arterial
hypertension, and type 2 diabetes mellitus [19]. We add the found
related physiological parameters to the most left column of Table
2.1 and add letters “R” across matching parameters in Column 1
(“Valproate™).

4.1.1 Depression as a Factor

3. A study on Depression’s biomarkers states: “IL-6 (P<0.001 in
all meta-analyses; 31 studies included)and CRP (P<0.001; 20
studies) appear frequently and reliably elevated in depression.
40 Elevated tumor necrosis factor alpha (TNFa) was identified in
early studies (P<0.001)”, also it informs about such biomarkers as
“hypothalamic—pituitary—adrenal (HPA) axis hyperactivation,
thyroid dysfunction, reduced dopamine, noradrenaline or
5-hydroxyindoleacetic acid, increased glutamate, increased

superoxide dismutase and lipid peroxidation, attenuated cyclic
adenosine 3',5’-monophosphate and mitogen-activated protein
kinase pathway activity, increased proinflammatory cytokines,
alterations to tryptophan, kynurenine, insulin and specific
genetic polymorphisms.”. Same study also informs on metabolic
profile changes in depression: “The main biomarkers associated
with metabolic illness include leptin, adiponectin, ghrelin,
triglycerides, high-density lipoprotein (HDL), glucose, insulin
and albumin. 87 The associations between many of these and
depression have been reviewed: leptin and ghrelin appear lower in
depression than controls ” and additionally the study states: “Some
neurotrophic factors are reduced in depression compared to
controls (BDNF, NGF, GDNF)” and “Insulin resistance may be
increased in depression, albeit by small amounts. Lipid profiles,
including HDL-cholesterol, appear altered in many patients
with depression”. The study informs about Neurotransmitter
changes in depression “5-HT and receptors, NA, DA, glutamate/
glutamine, GABA, histamine, MHPG, HVA [20]. We add these
related to Depression physilogical parameters changes to the most
left column and mark the relationships with Depression with
letters “R” in Column 2 (“Depression”) accordingly. This letters
“R” means that this parameter’ changes are observed during the
presence of Depression which is a disease causation factor for
Autism.

4.1.2 Ozone Exposure as a Factor

4. A study on ozone exposure biomarkers reports: “In this
longitudinal panel study, we found that short-term exposure to
low concentrations of ozone may lead to increased biomarkers
of inflammation and oxidative stress, including TNF-a,
sICAM-1, and MDA. We also observed reduced methylation
of the mitochondria D-loop region with ozone exposure.”, it
also states: “extensive evidence suggested that short-term ozone
exposure was associated with respiratory inflammation [21].
We add these related to ozone exposure physiological changes to
the most left column (if not yet added) of Table 2.1 and mark them
with letters “R” the Column 3 (“Ozone exposure(lcs)”) across
these parameters.

4.1.3 Fever in pregnancy as a Factor

5. A study on fever during pregnancy informs: “A total of 100
pregnant women who consulted for fever were included. The
etiologies were common viral infections (37 %), influenza (21 %),
pyelonephritis (11%), viral gastroenteritis (6%), chorioamnionitis
(5%), other (5%). The etiology was unknown for 15 %”, and also
“Of the 32 patients with confirmed fever who had no etiologic
diagnosis at the initial work-up in the emergency room, 19/32,
59 % received presumptive treatment with amoxicillin against
Listeria monocytogenes [22]. Epub 2020 Aug 24.). We are adding
these found physiological changes, including antibiotic, to Table
2.1, Column 4 (“Fever after 12 week of pregnancy (lcs)) and
mark these relationships to the disease causing factor (fever in
pregnancy) with letters “R” in this column accordingly.

4.1.4 Mother with Diabetes and Obesity as a Factor
6. A study on TNF-Alfa and obesity and diabetes states: “Recent
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data have suggested a key role for tumor necrosis factor (TNF)-a
in the insulin resistance of obesity and non-insulin-dependent
diabetes mellitus (NIDDM). TNF-a expression is elevated in
the adipose tissue of multiple experimental models of obesity.
Neutralization of TNF-a in one of these models improves insulin
sensitivity by increasing the activity of the insulin receptor tyrosine
kinase, specifically in muscle and fat tissues [23]. We add TNF-
alfa increase as physiological parameter to the most left column
of Table 2.1 and mark the Column 9 ( “Mother with Diabetes +
Obesity ( 1cs)”) with letter “R”.

7. Another research on obesity states: “In obese individuals, there
is a significant relation between BMI and adipose tissue TNF-a
mRNA levels.10 Similarly, there was a significant correlation
between BMI and plasma TNF-a levels in the current study.
Weight reduction is associated with decreased TNF-o mRNA
expression in adipose tissue.”, and also “High plasma levels of
TNF-a were found to be associated with increased triglyceride
levels and a low HDL cholesterol. This relation is also found in
patients with early-onset coronary heart disease,15 another group
with an overrepresentation of IR. Similarly, there is a significant
correlation between adipose tissue TNF-o mRNA expression
and plasma triglycerides in obese individuals [62].

8. Another study on Obesity and its biomarkers informs:
“Interleukin-6 is a pro- inflammatory cytokine that is also
involved in insulin resistance found in obesity. IL-6 levels
correlates positively with adiposity in humans, wherein, obese
individuals have high IL-6 levels and weight loss promotes
reduced production of this cytokine”. We add IL-6 and insulin
resistance as physiological parameters related to obesity in Table
2.1 Column 9 (“Mother with Diabetes + Obesity (1cs)”) and
mark the relationship with letters “R” in this column accordingly.
The same study informs about other physiological biomarkers
observed in obesity: “Mechanisms involved in insulin
resistance and inflammation present in obesity RBP4, retinol
bindingprotein-4; TNF-a, tumor necrosis factor-a; IL, interleukin;
MCP-1, monocyte chemotactic protein-1;SFRP5, secreted
frizzled-related protein 5; LPS, lipopolysaccharide; TLR-4, toll-
like receptor 4; JNK, c-junamino (N)-terminal kinase; STAT3,
signal transducer and activator of transcription 3; NF-?B, nuclear
factor kappa B; IKK, I kappa B kinase; IRS-1, insulin receptor
substrate-1; IR, insulin receptor; TRAF1, tumor necrosis factor
receptor-associated factor 1; GLUT4, translocation of glucose
transporter 4; SOCS-3,suppressor of cytokine signaling protein-3;
TRAF, tumor necrosis factor receptor-associated factor; IRAK,
interleukin 1 receptor-associated kinase; PI3K, phosphoinositide
3-kinase; JAK, janus kinase; TAK, transforming growth factor
(TGF)-activated kinase B; CDI14, cluster of differentiation-14;
MD?2, Myeloid differentiation protein-2.”. The same study states:
“Studies have shown that adipose tissue from lean individuals
secretes larger amounts of SFRPS. Moreover, this protein acts
by reducing the production of pro-inflammatory adipokines,
such as tumor necrosis factor-o (TNF-a), interleukin-6 (IL-6),
andmonocyte chemotactic protein-1 (MCP-1).” We are adding
this parameter to left most column of Table 2.1 and mark them with
letters “R” in the Column 9 (“Mother with Diabetes + Obesity

(1cs)”)

4.1.5 Low Iron During Pregnancy as a Factor:

9. An article about iron metabolism states:"When intracellular
iron levels become low, the expression of transferrin receptor
on the surface of the cell is upregulated and the synthesis of
ferritin is down regulated by so-called iron regulatory proteins
(IRPs) that bind directly to special loop-like binding sites of the
respective messenger RNAs (mRNAs)." ("Iron Metabolism,
Iron Deficiency and Anaemia. From Diagnosis to Treatment
and Monitoring.", Rolf Hinzmann, Ph.D., Sysmex Journal
International, Vol.13 No0.2(2003)). We adding this physiological
parameters to the most left column and add letters “R” to Column
10(“Low Iron Intake in Pregnancy over 35(1cs)”)

10. An article on iron deficiency biomarkers states: “In the healthy
population, serum ferritin correlates well with iron stores assessed
via liver biopsies. Serum ferritin is therefore a favored marker
for diagnosing iron-linked disorders.” and also that “In iron
deficiency, more transferrin is synthesized to enhance iron
transport” (“Diagnosing iron deficiency: Controversies and
novel metrics”, Jody A. Rosch, Diederick J.van der Westhuizen,
et al, Best Practice & Research Clinical Anaesthesiology, Volume
37, Issue 4, ) We adding this physiological parameter to the most
left column and add letters “R” to Column 10 (“Low Iron Intake
in Pregnancy over 35(1cs)”)

11. An article on Iron deficiency and glucose metabolism states:
“An earlier study showed that reduced iron stores have a link
with increased glycation of hemoglobin A1C (HbAlc), leading
to false-high values of HbAlc in non-diabetic individuals.
” and also that: “Hashimoto et al. (2) demonstrated that the
HbAlc, but not serum glycated albumin, is elevated in late
pregnancy in 47 nondiabetic pregnant women not receiving
iron supplementation, mean corpuscular hemoglobin (MCH)
decreased from 29.9 + 1.8 pg to 28.7 £ 2.7 pg, due to iron
deficiency. Their Hb A1C levels showed a negative correlation
with mean corpuscular hemoglobin (MCH), serum transferrin
saturation, and serum ferritin”. (“Iron deficiency anemia and
glucose metabolism”, Ashraf T. Solimanl, Vincenzo De Sanctis,
et al, Acta Biomed 2017; Vol.88, N. 1: 112-118 DOI: 10.23750/
abm.v88i1.6049 ). We see that several studies show a decrease of
iron with increase in Hb1A1C.We place “Hb1A1C Increase” in the
most left column and put a letter “R” in Column 10(“Low Iron
Intake in Pregnancy over 35(1cs)”) to mark this relationship.

12. Studies on Hb1A1C showed a significant correlation with
Insulin Resistance measure (HOMA-IR) >2.5:“Heianza et al.
reported that in subjects without a history of diabetes a HbAlc
level of >5.9% were significantly associated with higher
HOMA-IR values [17]. In another study Borai et al. showed
that the correlation between HbAlc and insulin resistance
were higher in subjects with normal glucose tolerance than in
patients with pre-diabetes and diabetes [61]. We can use HbA1C
as an estimate of increased insulin resistance.

13. Astudy on insulin resistance metrics (HOMA-IR) and biological
age (BA) informs: “This study is the first to report that HOMA-
IR was positively correlated with BA and advanced aging after
adjusted for covariates [64].We put a physiological parameter
“HOMA-IR increase” in left most column of Table 2.1 and put
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this dependency as letter “R” in Column 10 for women older than
35 years (“Low Iron Intake in Pregnancy over 35(1cs)”) . We
see that women older 35 are more insulin resistive than younger
women.

4.1.6 Air Pollution as a Factor

14. An article on organic dust exposure (ODE) informs:
“Cytochrome c, a peripheral protein of the mitochondrial inner
membrane (IMM), is known to function as an electron shuttle
between complex III and complex IV of the respiratory chain
(Cai et al. 1998). Its activity and its release from the IMM have
been implicated in caspase activation and mitochondrial outer
membrane permeabilization (MOMP), leading to cell death
(Garrido et al. 2006). In our findings, we observed that upon
ODE exposure, there is an increase in cytosolic cytochrome
c and a deficiency in the levels of COX4i2 (COX subunit 4
isoform 2), a terminal enzyme in the OXPHOS machinery. Loss
of COX4i2 results in decreased COX activity and decreased
TAP levels (“Organic dust exposure induces stress response
and mitochondrial dysfunction in monocytic cells”., Mahadev
Bhat S, Shrestha D, Massey N, et al, Histochemical Cell Biol.
2021Jun;155(6):699-718. doi: 10.1007/s00418-021-01978-x.).
We add the physiological parameters impacted inorganic dust
exposure to the most left column and add its relationship to
“Air Pollution in 1st year” with letters “R” in Column 11. The
same article also informs on role of Ca2+ ions: our data showing
caspase-1 activation along with the increase in Ca2+ levels on
ODE exposure (Yu et al. 2014). This would in turn lead to IL-
1P activation and release into the extracellular space.”. We add
caspase-1 activation, increase Ca2+ levels and IL-1p activation as
physiological changes in the most left column (if not there yet) and
mark its relationship with “Air Polution in 1st year” with letters
“R” in Column 11.

15. A study of particulate matter (PM) states: “subway PM
generates more reactive oxygen species (ROS)and oxidative
stress related outcomes compared to other PM, although a direct
evidence for the clinical significance of ROS generation in vivo is
limited”. We can put increase of ROS as a physiological parameter
related to exposed to dust in the most left column and put letter
“R” in Column 11[63].

16. A study on a particulate matter (PM) in classrooms states:
“A significant association was found between indoor air
concentrations (PM2.5 and PM10) with TNF-alpha level.
Children from rural areas are exposed to less air pollutants
compared to those from urban area and this study also suggests that
higher exposure to PM2.5, PM10 and NO2 are associated with
increasing of TNF-alpha level [64]. We can place dependancy
between higher level of PM and TNF-Alfa level as “R” letter in
Column 11 (“Air Pollution in 1st year”).

4.1.7 Father Older 45 Year as a Factor

16. A study on impact of father’s age on offspring states: “Aging
leads to more DNA replications during spermatogenesis in
testicles. It increases the risk of copy error mutations such
as small deletions and insertions. It is estimated that spermatic
chromosomes are replicated 35 times by age 15, 150 times by age

20, 380 times by age 30, 610 times by age 40, and 840 times by age
50 [13]. We add the “Gene Mutations”as a physiological parameter
in the most left column of Table 2.1 and mark the relationship with
a factor “Father older 45 year (1cs)” in Column 5 by putting
letter “R” in this column across the parameter.

18. Another study on impact of father’s health on pregnancy
states: “Advanced paternal age has also been shown to
influence patterns of foetal and placental growth. A study
examining singleton pregnancies between 1999 and 2009 in
Norway discovered higher placental weight as well as higher
placental to birth weight ratios from men over 50 than from
men aged 20-24 years (Strom-Roum et al. 2013) [78]. We add
this physiological changes as higher placental weight as well
as higher placental to birth weight ratios to the most left
column of Table 2.1 and put letters “R” in Column 5 to mark a
relationship with the appropriate disease causation factor for
Autism “Father older 45 year (1cs)”. The same study also informs:
“The KCNQ1OT1 imprinting control region, and the paternally
expressed long ncRNA Kcenqlotl derived from it, are responsible
for the regulation of several imprinted genes required for normal
placental development in both humans and mice(Oh-McGinnis
et al. 2010).In mice, advanced paternal age (approximately
equivalent to 40—50 years in men) is associated with general
DNA hypomethylation of this region in the developing placenta
when compared to tissue derived from the same males at a younger
age (Denomme et al. 2020). ”. We add DNA hypomethylation of
KCNQI1OT1 as a physiological parameter change in the most left
column and placeletter “R” in Column 5 to signify a relationship
with a disease causation factor for Autism - “Father older 45 year
(1cs)”.

4.1.8 Child Born Within 1 year of Pregnancy as a Factor

19. A study on short inter pregnancies intervals (IPI) inform:
“Short IPIs may leave women with insufficient time to lose
excess weight gained during pregnancy. Maternal overweight
or obesity may result in increased risk of inflammatory up-
regulation [42], and increased levels of inflammatory proteins
(cytokines) may lead to cervical ripening [67]. We can add
“Obesity and Overweight” and “Inflammation Upregulation” as
physiological changes to the most left column and put letters “R”
appropriately across in the Column 7 (“Child born within 1st
year of previous pregnancy (1 cs)”)

20. A study on inter pregnancies interval and low birth weight
(LBW) states: “Univariate and stratified analyses showed that the
risk for LBW was lowest when the interpregnancy interval was
18-23 months,and increased with shorter or longer intervals”
(“Effect of Interpregnancy Interval on Infant Low Birth Weight: A
Retrospective Cohort Study Using the Michigan Maternally Linked
Birth Database”, Bao-PingZhu, Thu Le, Maternal and Child
Health Journal 7(3):169-78 DOI:10.1023/A:1025184304391 ).
We place low birth weight risk as physiological parameter in the
most left column of Table 2.1 and put letter “R” accordingly in
Column 7 (“Child born within 1st year of previous pregnancy (1
cs)”) signify a relationship between this parameter and the disease
causation factor for Autism.
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21. A study shows: “Women with short interpregnancy intervals
had an average haemoglobin level of 10.9g/dl (standard
deviation = 1.16g/dl), while those with optimal interpregnancy
intervals had an average level of 11.3g/dl (standard deviation =
1.32g/dl). (“Short interpregnancy interval and adverse pregnancy
outcomes among women in a Middle Eastern country”, Amira
Abdullah Saleh Al-Rumbhi, JudieArulappan, et al, BIM 02 June
2023, ISSN (online): 2052-4307). We place hemoglobin level
reduction as physiological parameter in the most left column of
Table 2.1 and add letter “R” in the Column 7 (“Child born within
Ist year of previous pregnancy (1 cs)”). The same research also
states: “Analysis of the prevalence of adverse pregnancy outcomes
showed iron deficiency anemia (56.8% vs 35.8%), gestational
diabetes mellitus (31.7% vs 29.6%), postpartum hemorrhage
(10.6% vs 2.8%), preterm premature rupture of membrane (3%
vs 1.5%), preterm birth (13.6% vs 5.8%) and low birth weight
(16.5% vs 6.4%) were more prevalent among women with
short interpregnancy intervals”. We add iron deficiency risk
as physiological parameter to the most left column and put letter
“R” to the Column 7 (“Child born within 1st year of previous
pregnancy (1 cs)”)

22. A study on interpregnancy and folate states: “During
pregnancy, folate is mobilized from maternal stores to meet the
increasing demands of mother and child. If dietary supply is
low, concentrations begin to decline from the fifth month of
pregnancy onward, and they continue to decline until several
weeks after delivery. Repletion of stores may then take several
months, and thus mothers who conceive a subsequent child
within these first months after delivery are at greater risk of
folate deficiency [68]. We add folate deficiency asphysiological
parameter in the most left column and add letter “R” to Column 7(
“Child born within st year of previous pregnancy ( 1 ¢s)”).

23. Another study on iron deficiency informs: “Furthermore,
women with short inter pregnancy intervals generally have
insufficient time to restore the required iron needs before
entering a subsequent pregnancy. More than 1000 published
papers have linked low iron stores during pregnancy to adverse
pregnancy outcomes in pregnant women and their offspring [69].

4.1.9 Having One Child with Autism as a Factor

24. A study on mothers of autistic children report: “Several
unique bacterial biomarkers, such as Alcaligenaceae and
Acinetobacter, were identified. Mothers of ASD children had
more Proteobacteria, Alphaproteobacteria, Moraxellaceae,
and Acinetobacter than mothers of healthy children [70]. We
add Proteobacteria, etc difference in the most left column of
Table 2.1 and add letter “R” to Column 8 (“Having one child with
Autism (2cs”)

This way we finished populating Table 2.1 with physiological
parameters related to disease causation factors and marked the
relationships between them with letters “R”. Let’s find out where
physiological parameters related to these factors which are causing
disease are intersecting. By looking at the Table 2.1 we can see that
next physiological parameters intersect and we can build matrix
Pm from them as below. As reminder, we call an intersection a

place where 2 physiological parameters are the same for 2 different
factors. The intersections of physiological parameters in Table 2.1
are marked in gray color.

Pm = {"Insulin Resistance”, “Increase in TNF - Alfa”, “Iron
Deficiency”,”IL-6 Increase”, “IL-1b Changes”}

We see that we got 5 physiological parameters in matrix Pm but
we can have only 3 as the disease is caused by 3 physiological
parameters’ changes beyond 1-sigma as it was determined using
formula 1.0 in this article. It means we need to eliminate redundant
parameters using the rules and algorithm provided in explanation
sectionof the method.

We notice that a disease causation factor “Depression in Women” is
impacting physiological parameters such as ”Insulin Resistance”,
“Increase in TNF-Alfa”,”IL-6 Increase”, “IL-1b Changes” (see
Table 2.1) which can not be all 1-sigma changes as the this disease
causation factor can only change 1 physiological parameter beyond
1-sigma according to a determination done above per a Disease
Causation criteria. We can see that physiological parameters
“Increase in TNF - Alfa” has 5 factors’ intersections and this
means it is extremely unlikely this is an random intersection. The
intersection in ”Insulin Resistance” also cannot be ignored as
there are 3 factors which intersect in this physiological parameter,
so it is very unlikely it is a random intersection as well. The
physiological parameters “IL-6 Increase” and “IL-1b Changes”
both have 2 factors intersections.We can try to eliminate them as
less probable and build another candidate matrix Pm which now
has only 3 physiological changes as required:

Pm = {"Insulin Resistance”, “Increase in TNF - Alfa”, “Iron
Deficiency”}

Having this new candidate matrix Pm we still see that a
disease causation factor “Depression in Women” is impacting 2
physiological parameters ”Insulin Resistance” and “Increase in
TNF - Alfa” but we can notice these are 2 dependent on each other
parameters as research shows that TNF-alfa does increase an insulin
resistance. We also take in a consideration that multiple research
show an insulin increase in Depression but not all research shows
TNF-alfa increased in Depression, so we can remove the TNF-alfa
parameter out of the impacted beyond 1-sigma by “Depression in
Women” disease causation factor as st the change not always
observed and 2nd as it is connected to the observed an insulin
resistance increase. In this case, a “Depression in Women” disease
causation factor is impacting only 1 physiological parameter which
is “Insulin resistance”.

Why do both physiological parameters ”IL-6 Increase” and
“IL-1b Changes” have 2 factors’ intersections? This is likely
because these cytokines are related to an increase in TNF-alfa,
they dependent on it.

We also can see that a disease causation factor “Mother with
Diabetes + Obesity (1cs)” according to Table 2.1 is causing

J Nur Healthcare, 2024

Volume 9 | Issue 3 | 23



changes in these physiological parameters “Increase in TNF
- Alfa”, ”Insulin Resistance” and”IL-6 Increase” but it can
change beyond 1-sigma only 1 physiological parameter. We need
to find the correct physiological parameter which impacted by this
disease causation factor.

In order to do this we look into the already known to us research by
LiM, etal ("The Association of Maternal Obesity and Diabetes With
Autism and Other Developmental Disabilities."”, Li M, Fallin MD,
Riley A, Landa R,et al, Pediatrics. 2016 Feb;137(2):e20152206.
doi). This research has shown (see Figure 2.1) that non-obese
pregnant women with diabetes (either with GDM or PGDM)
have a risk of having Autistic child as HR = 1.44 and HR =1.32
accordingly and according to Disease Causation criteria these HRs
are not within a range of 4.5+/-50% (2.27- 6.81) and so they are
not factors which are causing Autism. The only disease causation
factorswe see in this research are combinations of Obesity and
Diabetes (either with GDM or PGDM) where values RR = ~HR
=3.04 and RR = ~ HR = 3.91 are both within a range of 4.5+/-
50% ( 2.27- 6.81) of Disease Causation criteria. So only Obesity
together with Diabetes during pregnancy is 1 cause of Autism.

According to a research on obesity and diabetes by Alzamil:”
Serum TNF-a levels in obese diabetic patients were significantly
higher than in nonobese diabetic patients. The obese diabetic
patients have significant higher serum TNF-a levels than the obese
nondiabetic group”, see Figure 2.2 [69]. We see that for obese
people with diabetes HOMA-IR exceeds the values of HOMA-
IR for obese people without diabetes by approximately. 2 pg/mL,
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which is a significant difference. The same study states that “The
level of TNF-a has a strong positive correlation with HbAlc
and was positively associated with insulin resistance.”. This
association between TNF-alfa and insulin resistance is likely
causing simultaneous changes in TNF-Alfa and insulin resistance
for disease causation factor “Mother with Diabetes + Obesity”.

At the same time the insulin resistance (measured as HOMA-IR)
is high for overweight people with out diabetes as 3.2+/-0.28 and
can be more higher in people with diabetes(measured as HOMA-
IR)4.15 + 3.56 but according to a Disease Causation criteria
“Overweight people without diabetes” or “People with diabetes
but not Overweigh” risk factors cannot cause Autism as they risk
are not within the required range so the Insulin Resistance changes
related to them are not high enough to cause Autism [70, 71].

In other words we found that only mothers having both Diabetes
and Obesity are disease causation factor for Autism and this factor
is significantly changing TNF-alfa which strongly positively
correlate with Insulin Resistance but insulin resistance is not
causing Autism neither in Obese only nor Diabetic only mothers
despite pretty high values and so their combination is unlikely
too. Due to this it is very likely that disease causation factor
“Mother with Diabetes + Obesity” is causing a change to TNF-
alfa in serum beyond 1-sigma in individual and not the Insulin
Resistance increase beyond 1-sigma. We can remove “Insulin
Resistance” physiological parameter as impacted beyond 1-sigma
from “Mother with Diabetes + Obesity” disease causation factor
for Autism (adjust a bold frame in Table 2.1) [3].
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Figure 2.1: "(Source:“The Association of Maternal Obesity and Diabetes With Autism and Other Developmental Disabilities.” , Li M,
Fallin MD, Riley A, Landa R, et al, Pediatrics. 2016 Feb;137(2):¢20152206. doi)."
Risk of Autism as HR for cases of Non-Obese mothers, Obese mothers, mothers with Diabetes (GDM and PGDM)
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In a nutshell, to eliminate redundant physiological parameters
from a matrix Pm we used few rules mentioned in method’s
explanation, one of which is to eliminate a physiologically
dependent parameters, and another rule was to find which
physiological changes is less then 1-sigma. Now we can write the
final matrix Pm which will look like:

Pm = {"Insulin Resistance”, “Increase in TNF - Alfa”, “Iron
Deficiency”}

We have eliminated redundant physiological parameters IL-
6 Increase”, “IL-1b Changes” and explained that there
is a relationship between TNF-Alfa and Insulin Resistance
which causing observation of these 2 physiological changes
simultaneously when a disease causation factor “Mother with
Diabetes + Obesity ” is present.

The matrix Pm means that simultaneous coexistence of these 3
physiological changes beyond 1-sigma should cause Autism in
girls and only 2 of these parameters are needed to cause Autism in
boys (as we determine in this article the “Iron Deficiency” is likely
needed to cause Autism in girls).

The rows in Table 2.1 which are surrounded by bold rectangles
represent the final set of physiological parameters found as result of
our analysis and parameters’ eliminations and these physiological
parameters’ changes are causing Autism.

5. Physiological Causes of Autism (Results of Analysis)

Based on the analysis of factors above the set of 3 physiological
changes beyond 1-sigma which are taking place at the same
time are causing an Autism is:

* Insulin Resistance increase beyond ~1-sigma
* Increase in TNF - Alfa beyond ~1-sigma
* Iron Deficiency (low iron) beyond ~1-sigma

A child will have Autism if the disease causation factors change
2 of these physiological parameters beyond 1-sigma (actually,
slightly less) for boys or 3 of them for girls. In other words, a boy
will get sick with Autism if Insulin Resistance will be increased
beyond 1-sigma and TNF-alfa level will be increased beyond
1-sigma simultaneously and long enough. The triggering of Autism
is not optional but a must as long as disease causing physiological
changes are not removed fast enough.

5.1 Validation of Method’s Results for Autism Causes

Now we need to move to a validation phase of our method.
Let’s see what the existing research says about the physiological
parameters we found. Please note the purpose of validation is not
to prove that research used in this validation confirms by itself the
causes of the disease. The purpose is to confirm we did not make
any errors in using the algorithm by verifying how consistent our
results with the existing research. In other words, if we would
be 100% sure we did not make any error in using a method and
populated all data correctly in the tables, etc. then the confirmation

would not be needed. The algorithm itself gives valid results.

A study on cytokines changes in Autism states: “Although a
recent meta-analysis has reported that mainly IL-1B and IL-6
levels are significantly increased in ASD, a number of studies
have reported that TNF-a concentrations are also increased in
blood, cerebrospinal fluid or post-mortem brain tissue. Our study
has confirmed these latter findings in our cohort of subjects and
importantly that blood concentrations of TNF-a are positively
associated with ASD symptom severity, thus indicating that
TNF-a could be an important cytokine biomarker in ASD [45].
We can see this study is consistent with our finding of Increase in
TNF - Alfa as one physiological cause of Autism.

Important to notice here that this study also found that TNF-alfa
blood concentrations in typically developed children have Mean =
8.77 pg/ml (SD = 3.168) and that Autistic Children have TNF -alfa
level have Mean=12.15 pg/ml (SD =4.627). As we know a disease
is triggered by physiological parameter change approximately
beyond 1-sigma and this value would be 8.77 + 3.168 = 11.938
pg/ml. We see that in ASD subject the mean value of TNF-alfa is
12.15 pg/ml which is exceeding the 1-sigma. It is an additional
confirmation that TNF-alfa increase we found is correct value.

A study on Diabetes in Obese women states: “Maternal insulin
resistance in obese women appears to negatively affect
neurodevelopment at 2 years in their children compared to
children born to non-obese women. The impact appears non-
global, specifically affecting motor development and domains
such as attention, raising the possibility that specific regions of the
fetal brain may be more sensitive to abnormal glucose metabolism
than others [42].

Another study tested Insulin Resistance (IR) in ASD children
and states: “In this exploratory investigation, we tested the
hypothesis that young individuals with ASD have higher HOMA-
IR than peers without. We found that HOMA-IR is significantly
increased by 0.31 unit for the ASD status, when an unconditional
multivariable linear regression model was fitted in order to adjust
for confounders and other determinants [74]. The same study also
states: “In patients with obesity and T2D, peripheral IR seems
paralleling brain IR, i.e., the reduced glucose metabolism in the
central nervous system (CNS). Brain IR has been associated
with reduced executive functioning?7, inhibitory control, and
cognitive flexibility in young patients with obesity8 and implied in
the pathogenesis of dementia in adults suffering T2D or Alzheimer
disease 9.”. We can see that this research is consistent with our
finding that insulin resistance (IR) is one of the cause of Autism as
it affects neurodevelopment.

A study on Iron deficiency states: “Iron deficiency could cause
numerous detrimental effects in people, such as anemia, fatigue,
atrophic glossitis, hair loss, etc., and is also associated with the risk
of many diseases. For example, previous studies showed that iron
deficiency was associated with an increased risk of type 2 diabetes,
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Parkinson’s disease, and cancers. Maternity with a lower mean
daily iron intake led to an increased risk of autism in offspring.
Numerous studies have suggested that iron deficiency was a
common phenomenon in autism, and iron supplementary has
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been widely advised for pregnant women and children with finicky
habitation [75]. This study is consistent with one cause of Autism
found which is a Low Iron.
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Figure 2.2: Source: Alzamil, Journal of Obesity, vol. 2020) Effect of BMI on Serum TNF-a Levels (Mean = SEM)

Nonobese nondiabetic group vs obese nondiabetic group; §Obese diabetic patients vs nonobese diabetic patients (p<<0.018). Nonobese
nondiabetic group vs nonobese diabetic patients; Obese diabetic patients vs obese nondiabetic group (p<0.006). Gray areas on the right

are people with diabetes

A study on Iron in Autistic children states: “The mean value of
serum iron levels in autistic children was severely reduced and
significantly lower than in control children (74.13 + 21.61 pg/
dL with a median 74 in autistic children 87.59 + 23.36 ng/dL in
controls) (P=0.003) [76]. Which is also consistent with our finding
of Low Iron, and also during pregnancy a fetus iron is dependent
on iron transport through the placenta.

Another study on maternal iron deficiency impact on a child
states: “Lowered iron stores of the newborn child may persist
for up to one year and result in iron deficiency anemia.” and
also “Iron is essential for neural metabolism and functioning. Iron
deficiency anemia results in changes in energy metabolism
within the brain with defects in neurotransmitter function
and myelination. Therefore, infants and young children with
iron deficiency anemia are at risk of developmental difficulties
involving cognitive, social-emotional, and adaptive functions.
Other studies have documented delays in both language and motor
development [77]. As we can see the study also confirm that iron
deficiency impact brain functioning and development which is
consistent with our finding that one cause of autism is a Low Iron.

We see our findings of physiological parameters changes beyond
1-sigma which are causing Autism such as “Insulin Resistance
increase”, “Increase in TNF - Alfa”, “Iron Deficiency(low iron)”
are supported by existing research which was not used during the
steps of presented method. Using the method we started off with a
research on the different risk factors for Autism, then we moved to

a research on variety of physiological parameters changes which
are observed when the determined disease causation factors are
present. The research on physiological changes was not generally
related to Autism. At the end we have validated the results of
the method with a separate known research which is consistent
with our finding using the method. This way we can confirm the
correctness of steps we took in executing the steps of this method
for Autism. It also demonstrate how the method works.

Now we move result of analysis from Table 2.1 to Table 2.2 and
verify results of analysis above. As we can see from Table 2.2 we
can determine which physiological parameter is impacted by a
specific disease causation factor. For example, “Valproate usage
“is a disease causation factor of Autism because it is causing
Insulin Resistance to go beyond 1-sigma interval. The Valproate
usage cannot cause Autism standalone without other lor 2 factors
(for boys and girls accordingly). “High CNV + Ozone exposure”
disease causation factor as per Table 2.2 is causing increase in TNF-
Alfa beyond 1-sigma and that is why this factor is one of 3 causes
of Autism though it cannot trigger the disease as standalone factor.
We can see that disease causation factor as “Fever after 12 week
of pregnancy OR high fever while pregnant “is also impacting
TNF-alfa so it is increased beyond 1-sigma and that is why this
factor is one of 3 causes of Autism but cannot cause the disease as
standalone factor. Please note the disease causation factors in the
Table 2.2 have a bit symbolic name and for exact meaning of the
factor you need to check with research we provided in this article
above when we went through the step of the method.
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Now we can build Table 2.3 by moving data from Table 2.2 and
grouping them by physiological parameters impacted into few
columns. The Table 2.3 below shows external factors which
will cause Autism if combined together taken from 3 separate
columns.

If the factors represent the 2 causes then the number of factors
can be less accordingly. We can determine from the Table 2.3 that
if a women had “Fever after 12 week of pregnancy” (Increase of
TNF-alfa) and has “Depression” (Increase in Insulin Resistance)
and has “Low iron” then a baby girl will get Autism if these
physiological changes present long enough. Another combination
to trigger Autism would be “Fever after 12week of pregnancy”
and “Depression” and “Child born within st year of previous
pregnancy”.

Please note the disease causation factors names are bit symbolic
and for exact meaning of it we need to refer to research we provided
above when we went through the steps of analysis of Autism by
this method. These disease causation factors are causing Autism
because they change 3 physiological parameter beyond 1-sigma.
Along as these or other factors combination do this they will
trigger Autism. There can be many more factors found later but
many of them will be changing these 3 parameters we found (our
matrix Pm). There will be though some exceptions as it used to be
more physiological parameters needed to cause Autism (this will
be explained in more details in a section on the reason why Autism
grows last few decades).

External factors causing Autism
Physi Valp High | Fever | Father | The Child Having Moth | Low | Air
ologi roat | Dep | CNV | after older column | born one child er Iron |Pollution
cal e( ress |+ 12 45 year | intentio | within | with with Intak |in 1%
para Ics) |ion | Ozo | week | (1cs) nally 1styear | Autism ( | Diabe | ein year(1cs)
mete (Ics | ne of left of 2¢s) tes+ | Preg
rs ) Exp | pregn blank previou Obesi | nanc
osur | ancy S ty ( y
relat
ed to e( or pregna 1cs) over
1cs) | High ney (1 35(1c

exter
nal Fever cs) s)

While
facto

Pregn
s ant (1

cs)

1 2 3 4 5 6 7 8 9 10 1

GAB R
A
poten
tion (
of
recep
tor)
Prote R
obact
eria,
etc
differ
ence
Folat R
(Y
defici
ency
Iron R R
defici
ency
risk

J Nur Healthcare, 2024

Volume 9 | Issue 3 | 27



Hemo
globi

level
reduc
tion

Low
birth
weigh
t risk

Obesi

and
Over
weigh

10

11

Infla
mmat
ion
Upre
gulati
on

=N

DNA
hypo
meth
ylatio
n of
KCN
Q10
T1

Highe
r
place
ntal
to
birth
weigh
t
ratios

Highe
r
place
ntal
weigh
t

Gene
Muta
tions

Cytos
olic
cytoc
hrom
ec
incre
ase

(6{0).¢
4i2
Defici
ency

J Nur Healthcare, 2024

Volume 9 | Issue 3 | 28



(6{0).¢ R
activi
ty
decre
ased
TAP R
levels
decre
ased
Casp R
ase-1
activa
tion

Ca?*1 R
evels
incre
ase
Incre R
ase of
ROS
IL-1B R
activa
tion
HOM R
A-IR
incre
ase
HblA R
1C
Incre
ase
Ferrit R
in is
down
regul
ated
Trans R
ferrin
incre
ased
Trans R
ferrin
recep
tor
up
regul
ated
SFRP R
5
incre
ase
Incre R
ased
trigly
ceride
levels
Low R
HDL
choles
terol
GAB
A

] Nur Healthcare, 2024 Volume 9 | Issue 3 | 29



Block
voltag
e
gated
sodiu
m
chann
els

Epigi
netica
Iy
inhibi
ts
histon
e
deact
ylase

10

1"

GI
Upset

Weig
ht
Gain

Foeta
1

Oxyd
ation

Antag
onism
of
folate
decre
ases
DNA
synth
esis

Physi
ologi
cal
para
mete
rs
relat
ed to
exter
nal
facto
rs

External

factors causing Autism

valp
roat
e(

1cs)

Dep
ress
ion

1cs)

High
CNV

Ozo
ne
Exp
osur
e (
1cs)

Fever
after
12
week
of
pregn
ancy
or
High
Fever
While
Pregn
ant (1
cs)

Father
older
45 year
(lcs)

The
column
intentio
nally
left
blank

Child
born
within
15t year
of
previou
s
pregna
ney (1
cs)

Having
one child
with
Autism (
2cs)

Moth
er
with
Diabe
tes +
Obesi
ty (
1cs)

Low
Iron
Intak
ein
Preg
nanc

over
35(1c
s)

Air
Pollution
in 1st
year(1cs)

4

10

11

Incre
ase in
Fast

J Nur Healthcare, 2024

Volume 9 | Issue 3 | 30



Plasm
a
Insuli
n
(FPI)
level

ROS
incre
ase

Insuli R
n
Resis
tance
in
Wom
en
(HO
MA-
IR
incre
ase)

Dysli R
pide
mia

Type R
2 of
diabe
tes
Mellit
us

Incre
ase in
TNF

- Alfa

sICA
M-1
incre
ases

MDA
incre
ased

10

11

Redu
ced
meth
ylatio
n of
mitoh
ondri
a
Respi
rator
y
Infla
mmat
ion

Hypo
meth

J Nur Healthcare, 2024

Volume 9 | Issue 3 | 31



ylatio
n of
Mitho
dnria
D-
loop
Hemo R
globi

External factors causing Autism

Physi | valp High | Fever | Father | The Child Having Moth | Low | Air
ologi | roat | Dep | CNV | after | older column | born one child |er Iron |Pollution
cal e( ress | + 12 45 year | intentio | within | with with Intak |in 1%
para | lcs) [ion | Ozo | week | (1lcs) nally 1styear | Autism ( | Diabe | ein |year(lcs
mete ( ne of left of 2cs) tes+ | Preg
rs lcs) | Exp | pregn blank previou Obesi | nanc
relat osur | ancy s ty ( y

ed to e( or pregna 1cs) over
exter lcs) | High ncy (1 35(1c
nal Fever cs) s)
facto While
rs Pregn
ant (1
cs)

1 2 3 4 5 6 7 8 9 10 1"
Virus R
&
infect
ions
Antib R
iotic
for
Lister
ia
mono
cytog
enes

Viral
gastr
oente
ritis
Pyelo R
nephr
itis
Antib R
iotic
Amox
icillin
Cytoc R
hrom
eC
protei
n

] Nur Healthcare, 2024 Volume 9 | Issue 3 | 32



incre
ases
(leads
to cell
death
)
Proin R
flam
mator
y
mark
es
incre
ase
HPA R
axis
overa
ctive
High R
Corti
sol

Alter R
ed
meta
bolic
profil
e
TNF - R
Alfa
chang
es
IL-6 R
chang
es
IL-6 R R
incre
ase
IL-1b R R
chang
es
BDN R
F
reduc
ed
Chem R
oattra
ctant
probe
HDL R
Profil
e
chang
es
Insuli R
n
Resist

ance
Albu

min
GAB
A

] Nur Healthcare, 2024 Volume 9 | Issue 3 | 33



Hista
min

CRP
incre
ase

Insuli R
n
chang
e

Table 2.1: In the Header: Factors Determined to be Disease Causation Factors for Autism Using A Disease Causation Criteria.
In the Most Left Column: Physiological Parameter Changes Observed

When the Factors Are Present “R” - Signifies a Relationship Between Such a Physiological Parameter Change and a Disease-Causing
Factor. Areas in Gray are Intersections of Physiological Parameters for Few Factors. Bold Frames are Final Set of Physiological

Parameters Causing Autism

Please note that “impacting insulin resistance” does not mean
strictly the Depression itself causing the insulin resistance. It
means the factor presence (Depression) is causing the presence of
this physiological change in women.

5.1.1 Finding a Physiological Change which a Disease Causing
Factor is Impacting

So far we could not find all physiological causes for some of the
disease causation factors described in Table2.1, for example for a
disease causation factor “Father older 45 year”.

As we found physiological parameters which are causing Autism
(our matrix Pm) we can use it to find the physiological parameters
for this disease causation factor and same can be done for other
disease causation factors which will be found in future. We see that
our matrix Pm has 3 physiological parameters:

Pm = {”Insulin Resistance”, “Increase in TNF - Alfa”, “Iron
Deficiency”}

The father age can impact only 1 physiological parameter as we
determined with Disease Causation criteria, it either impacts
an Increase of TNF Alfa or Insulin Resistance or cause Iron
Deficiency.

By cross checking with existing research we can find that it is
TNF-alfa which is likely impacted by late fathers’age.A research
by E. Schjenken, et al states: “Detailed analysis of the molecular
regulation of the female response to seminal plasma commenced
in the 1990s and described a surge in production of several pro-
inflammatory cytokines in rat and mouse uterus following
mating (191, 364, 368, 399). Key mediators induced in mouse
uterus are tumor necrosis factor (TNF), interleukin (IL)-1p, IL-
6, colony-stimulating factor2 (CSF2), and CSF1. Chemokines that
induce immune cells to extravasate from the peripheral blood are
also elevated during the immediate post-coital phase [8]”. As per
research by Janeczko D, et al a father age is significantly increasing
a chance of copy error mutations due constantly increased number
of spermatic chromosomes replications. This is expected to
increase immunoreaction to male seminal fluid and even more
increase TNF-alfa production

Another research informs: “Upon deposition of seminal plasma
into the female reproductive tract a range of uterine cellular
and immune cell changes are initiated which influence female
reproductive physiology to increase the likelihood of conception
[78].

This suggests that it is likely that a reason why Autism risk grows
significantly with father age (starting age 45+) because it is causing
more genetic mutations in fathers’ sperm and due to this a stronger
immune response from female reproductive tract and in particular
increase of TNF-alfa production which as we determined is
one physiological cause of Autism out of 3 required to trigger
it. As we determined already that “Father older 45 year” is a
disease causation factor for Autism and per discussion above
it is likely causing TNF-alfa increase beyond 1-sigma in female
reproductive tract but not Insulin Resistance increase beyond
1-sigma or Iron Deficiency beyond 1-sigma. We update Table 2.2
with this finding as it is likely and need to be investigated further.

The above is one example of capabilities of the presented method
in mapping new disease causation factors to already found
physiological changes found earlier.

5.1.2 Why Girls are Less Often Sick with Autism (3-4 times
Less)?

The answer to the question why incidence of Autism in girls is
much less we actually have found above. As per calculations
using formula (1.0) we determined that boys have 2 simultaneous
physiological parameters changes beyond 1-sigma and girls have
3 physiological changes beyond 1-sigma interval which trigger
the disease in them. According to the article “A Connection
between Factors Causing Diseases and Diseases Frequencies:
Its Application in Finding Disease Causes" the less number
of physiological parameters is causing the disease the more the
frequency (incidence rate) of the disease. In other words, girls
are less frequently sick with Autism because they have 1 more
protective physiological parameter and only if this parameter is
changed beyond 1-sigma along with 2 others (as in boys) then girls
become sick with Autism [1].
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Now, we determined 3 physiological changes which are causing matrix Pm = {”Insulin Resistance ”, “Increase in TNF - Alfa”,
Autism but which 2 causes are related to girls and boys and which ~ “Iron Deficiency” }
one cause is related to girls only? Let’s put these 3 causes again as

External Factors Physiological parameters which changes are causing Autism

Increase in TNF - Alfa Insulin Resistance Iron Deficiency
increase

Valproate usage (1 cs) X

Depression (1 cs) X

High CNV + Ozone X

exposure ( 1 cs)

Fever after 12 week of X

pregnancy OR High fever

while pregnant ( 1cs)

Father is over 45 at the time X

of conception ( 1cs) (proposed as likely)

Child was born during 1%t X

year after the previous
child birth ( Ics)

When women both had X
diabetes and were obese
during pregnancy (1 cs)
Low Iron Intake in X
Pregnancy over 35(1cs)

Table 2.2: In the Header: 3 Physiological Parameters which Change Beyond 1-Sigma if Simultaneously Present Causes Autism

In most left column: some of Disease Causation factors for Autism which only can cause it if combined together so all 3 physiological
parameters required to trigger Autism are changed. 1cs, 2¢s (on the left, stand for a cause) - means the disease causation factor changes 1
or 2 physiological parameters beyond 1-sigma as determined by Disease Causation criteria. X - means that a Disease Causation factor is
causing a change/related to the change in physiological parameter beyond 1-sigma so this parameter becomes one of 3 causes of Autism.
Note: boys likely don’t require Iron Deficiency for triggering Autism

To determine which parameters is impacting girls we use a research on insulin resistance (IR) in pregnancy which states:

“Maternal IR during mid-pregnancy was significantly higher in women carrying a female fetus than in those with a male
fetus.”("Fetal sex and maternal insulin resistance during mid-pregnancy: a retrospective cohort study.", Yamashita, H., Yasuhi, I.,
Koga, M. et al. , BMC Pregnancy Childbirth 20, 560(2020). https://doi.org/10.1186/s12884-020-03242-x ).

The insulin resistance increase observed is not related to Autism but it is a normal pregnancies process. So now:

Increase in TNF - Alfa Insulin Resistance increase Iron Deficiency

High CNV + Ozone exposure ( 1 ¢s) | Valproate usage ( 1 cs) Low Iron intake during pregnancy for
women over 35

Fever after 12 week of pregnancy OR | Depression (1 cs) Child was born during 1% year after

High fever while pregnant ( 1cs) the previous

child birth ( lcs)

When women both had diabetes and
were obese during pregnancy (1 cs)
Father is over 45 at the time of
conception ( 1cs) (suggested as likely)

Table 2.3: In the Header: 3 Physiological Parameters Changes (Beyond Approx. 1-Sigma) which should be Simultaneously
Present to Cause Autism

In the columns: Disease Causation factors which are either causing the physiological change beyond 1-sigma (or physiological change
present if the factor exists). Any set of 3 Disease Causing factors (one from each column) from each column will cause Autism. The
Disease Causation factors cannot cause Autism as standalone. Note: low iron is likely required only for girls
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NOTE: the list of factors in Table 2.3 is obviously not complete
and provided as per author’s knowledge of specific research, other
factors can be added in the future if new research finds them, etc.
At the same time the future factors as current ones will be related
to the physiological parameters in the columns of the table as these
parameters the real cause of a disease (the factors are only causing
their change).

1)We can hypothesize that to compensate for this insulin resistance
increase girls have acquired during evolution some unknown
mechanism X.

2)We have determined earlier in this article that one of causes
of Autism is Iron Deficiency (including during pregnancy).
According to the existing research an iron level is closely
connected to insulin resistance and its indicators HbAlec and
HOMA-IR and often negatively correlate with it. Ashraf T.
Solimanl et al states: “An earlier study showed that reduced iron
stores have a link with increased glycation of hemoglobinA1C
(HbAlc), leading to false-high values of HbAlc in non-diabetic
individuals [78]. The same author is mentioning another research
on iron deficiency (ID): Ozdemir A et al. evaluated the effects of
correction of ID anemia (from Hb: 9.9 + 1.8 g/dL to Hb: 13.1 £ 1g/
dL) on insulin secretion in 54 non-diabetic premenopausal women
with IDA. A statistically significant decreases were found
in fasting insulin levels and homeostatic model assessment
(HOMA) scores following correction of anemia in women <40
years and normal body mass index (BMI <27 kg/m2)”. Based
on this we can hypothesize that the unknown factor X which is
compensating Insulin Resistance in girls is a regulation of iron.
If this is so then girls should become sick with Autism when 2
physiological parameters already beyond 1-sigma (as in boys) and
the 3rd parameter the Iron Deficiency is falling below1-sigma in
girls or girls’ fetuses during pregnancies. In other words, if our
hypothesis is correct then the 3rd parameter which is causing
Autism specifically in girls (when it goes beyond 1-sigma) is low
iron in girls or in girls’ fetuses.

From another side, if the Low Iron is not the 3rd physiological
change required to cause Autism in girls then these can be either
Increased Insulin Resistance (above 1-sigma) or high level of
TNF-alfa as they are the 2 other parameters required to cause
Autism as it was determined using the presented method. Let’s
analyze both of them. At Ist let’s assume that 3rd parameter is
TNF-alfa. The TNF-alfa can be easily increased in both girls and
boys during infection so it is unlikely this physiological parameter
could potentially protect girls more than boys as they both ecasily
impacted by its change. If 2 others are impacted to cause Autism,
TNF-alfa would be ecasily impacted as well. Let’s assume now
that this 3rd physiological parameters protecting girls is an Insulin
Resistance Increase (above 1-sigma). In this case boys would be
getting sick with Autism because of Low Iron (below 1-sigma) and
High TNF-alfa (above 1-sigma) but there is no clear connection
between these 2 factors if Insulin Resistance is within 1-sigma (or
does not exist at all) which would build a mechanism of disease
pathology and this mechanism is usually clearly observed after
the use of this method (as will be shown in a section for building

hypothesis of Autism). So even this simple analysis points to the
fact that 3rd parameter which is causing Autism in girls is likely
Low Iron (below 1-sigma).

We can restate our hypothesis in a shorter way. We hypothesize
that Iron level reduction which is one of 3 determined causes
of Autism is the same mechanism (which in this case broken)
which compensate for the increased Insulin Resistance in girls
(or girls’ fetuses during normal pregnancies) and which is 3rd
parameter which is required to cause Autism in girls.

We already determined using the presented method that Iron
level reduction beyond 1-sigma is one cause of Autism and this
hypothesis just explains that Iron level reduction is a physiological
change which is required to trigger Autism in girls.

5.1.3 Why Autism Incidence Rate Significantly Rose Last Few
Decades?

In the late 1980s, 3 or 4 babies out of 100,000 were diagnosed with
Autism. Using a formula (1.0) let’s calculate the number of causes
for Autism at this time. This is an estimate as the data may vary
depending on source.

N =log ,,,(0.00001) = 6.68 ~ = 7 (7 physiological parameters
causing autism in 1980s).

We see the number of physiological changes in 1980s was 7 and
now it is 3 (for girls) and even less it is 2 for boys. So, this means
some external factors systematically moved 4 additional parameters
beyond 1-sigma (actually, slightly less) for entire populations so
they are no longer protect children. According the article [1] the
less number of physiological parameter changes required to
cause the non-infectious disease the more the incidence rate
of the non-infectious disease (this conclusion is coming directly
from formula (1.0))

5.1.4 Building a Hypothesis of Autism Pathology

As it was already shown in article (“Method of Combining
Multiple Researches to Determine Non-Infectious Disease Causes,
Analysis of Depression and Celiac Disease Causes”, this method
of determination of disease cause allows “connect the dots” of
found physiological parameters changes for a disease and come up
with hypothesis of the disease more easily [2]. Let’s demonstrate it
here on example of Autism.

We have found by the presented method that Autism is caused
by next physiological changes beyond 1-sigma which should be
present at the same time” Insulin Resistance Increase” beyond
1-sigma, “Increase in TNF -Alfa” beyond 1-sigma, “Iron
Deficiency” beyond 1-sigma. Insulin Resistance in the brain, and
insulin resistance is generally translating to brain insulin resistance,
is expected to impair brain cell functioning. As a research by Cahill
states: “Maternal insulin resistance in obese women appears to
negatively affect neurodevelopment at 2 years in their children
compared to children born to non-obese women.”. Also, regarding
Insulin Resistance (IR) the research by Manco et al states: "Brain
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IR has been associated with reduced executive functioning,
inhibitory control, and cognitive flexibility in young patients
with obesity and implied in the pathogenesis of dementia in adults
suffering T2D or Alzheimer disease.”

Based on this and other research we can hypothesize that an Insulin
Resistance increase beyond 1-sigma in a child (or during the
fetus development) reduces capabilities of brain cells to consume
glucose which is critical for brain functioning and development.
At the same time the disease causation factors which are causing
an increase of TNF-alfa beyond 1-sigma such as “CNV + Ozone
Exposure”, “Air pollution”, etc (see the Table 2.2) are also causing
an increase in Insulin Resistance even more (based on a research
by Alzamil et al, etc. which shows that TNF-alfa increases insulin
resistance). In this case, the increased insulin resistance far
beyond 1-sigma (due to TNF-alfa increase beyond 1-sigma as an
additional factor) is reducing the ability of energy consumption of
high energy demanding brain cells of speech and cognitive centers
due to inability to acquire enough of glucose and other required
nutrients in boys. The boys’ brain centers responsible for speech,
and cognition are stopping development due to a significant lack
of energy from glucose, etc. In girls, as we already hypothesized
above, this will not happen because they have a compensating
mechanism to address Insulin resistance which is a controlling
of Iron levels and also because the Iron level serve as 3rd
physiological parameter which need to be changed according to
the result found per the method. 3rd parameter protects girls from
Autism more.

As a fact we know from method results that low Iron level beyond
1-sigma is one cause of Autism and hypothesis just says that this
physiological parameter is the reason the disease does not start
in girls when 2 other physiological parameters already changed
beyond 1-sigma. So, to summarize, our hypotheses of Autism
pathology is:

Anincrease of insulin resistance in a child’s brain beyond 1-sigma
due to known causation factors(see Table2.3) is getting far more
bigger due the existing increase of TNF-Alfa beyond 1-sigma
due to another set of known causation factors and the total insulin
resistance increase in the brain is causing significant lack
of glucose and other nutrients required to satisfy high energy
demands of brain cognitive centers in boys and this lack of energy
stops the neurons functioning and neural development. This will
not trigger development of Autism in girls until the Iron levels in
girl’s (or girl’s fetus) drop beyond 1-sigma, which will stop a work
of compensational mechanism for insulin resistance based on iron
regulation.

The low Iron level (beyond 1-sigma) is 3rd physiological
parameter we have determined which is causing Autism in children
if combined together with 2 others. As we already explained,
the found physiological changes which are triggering Autism
cannot cause it if are present standalone or not with all required
physiological changes.

As readers can see we use a knowledge of physiological parameters
causing a non-infectious disease (in this case Autism) discovered
with the presented method along with a known research on these
physiological parameters to build a meaningful relationships
between the discovered physiological changes (“connecting the
dots”) and thus building a hypothesis of non-infectious disease
pathology.

5.1.5 Mechanism of Brain Inflammation in Autism

(Proposed)

We have found that 1 cause of Autism is TNF-alfa increase
beyond 1-sigma and the TNF-alfa increase in Autism is confirmed
by existing medical research (Xie J et al) as it was discussed
above. There is a question how can TNF-alfa level be sustained
permanently in Autism?

Multiple research has found that TNF-alfa levels positively
correlate with insulin levels [46]. As we have shown using the
presented method the 2nd cause of autism is an increased level
of insulin resistance, above 1-sigma. The insulin resistance that
this high should in turn cause compensatory increase of insulin
level and the maternal insulin resistance beyond 1-sigma should
also increase fetus glucose and insulin level as well as reported by
Kullmann, at el [7]. The increased insulin level should correspond
to an increased TNF-alfa level as they are positively correlated.
The increase of TNF-alfa level (which is confirmed by research on
Autism) should cause an increase of insulin resistance by acting
on Insulin Receptor (IR). As research states: “TNF-a by inducing
serine phosphorylation of insulin receptor substrate-1 can
act as an inhibitor of peripheral insulin action which leads to
insulin resistance [4].

This additional increase of Insulin Resistance in turn should
correspond to even higher insulin level and it should correspond to
even more increased level of TNF-alfa, etc. We get a viscous cycle
leading to permanent inflammation. TNF-alfa is produced mainly
by mononuclear phagocytes, antigen-stimulated T-cells; NK cells
(Massimo Pietropaolo et al) and as research shows autistic children
have an increased level of CD+8 T-cells:“children with autism had
impaired cell mediated immunity as evidenced by low numbers of
CDA4 T cells with an increased CD8 T cell with decreased CD4/
CDS8 ratio in comparison to the control children.” (“Cellular-
mediated and humoral immunity in children with autism", Egypt J
Pediatr Allergy Immunol 2012;10(1):25-32.)

We can suggest that part of these CD8 T-cells is activated by
insulin as auto-antigen and these CDS8 T-cells are participating in
TNF-alfa production observed in Autism. The research by Eisen
Barth, et al states: “given this predominance of insulin it is not
unexpected that autoimmunity directed at insulin is readily
demonstrated in both man and the NOD mouse [48].

Another research on diabetes has found that CD8+ cells were
found in non-diabetic controls (HC) and diabetic type I people:
“islet-autoreactive CD8+ T cells were present in both HCs and
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individuals with diabetes [47]. Both researches allow to suggest
that it is likely that insulin can be auto-antigen in Autism.

Also, a process of chronic inflammation which is observed in
adipose tissue (Hotamisligil GS et al) is likely supported by the
similar viscous cycle [44]. The adipose tissues are known to have

local chronic low-grade inflammation, higher level of TNF-alfa
and is also known to have an increased insulin resistance. The
similarity of physiological changes (Insulin Resistance, TNF-alfa)
in adipose tissue and Autism which both coincide with chronic
inflammations and increased levels of TNF-alfa also suggest a
common mechanism of the inflammation in both cases.

Mechanism of sustaining inflamnmation in Autistic Brain

TNF-alfa increase
(beyond 1-sigma)

Increase in Insulin Resistance
(heyond 1-sigma) in the brain

Activated T-cells (anto-
immune to insulin)

Insulin level increase

Figure 2.3: Sustaining Brain Inflammation in Autism - Proposed Process. Increase of TNF-Alfa Adds up to Already existing Insulin

Resistance by Acting on Insulin Receptors in the Brain

To summarize, we suggest that an increase of insulin level due
an increased insulin resistance in Autistic children is expected to
trigger some level of auto-immunity to insulin and the activated
T-cells proliferation which in turn will be producing TNF-alfa,
the increased level of which is observed in Autism. This would
explain a mechanism of sustained inflammation in the brain
observed in Autism and a permanent increase in TNF-alfa. In this
case the inflammation in the brain would be caused by a auto-
immune reaction to an insulin and the higher the insulin level
the more inflammation. This is consistent with multiple research
on improvement in Autistic symptoms in children on a ketogenic
diet which reduces carbohydrates consumption, increases protein
and fats consumption, which should reduce the level of glucose
and insulin level accordingly [81]. and thus may reduce the level
of auto-immunity and TNF-alfa and reduce Insulin Resistance in
the brain as a result, etc. The diagram on Figure 2.3 demonstrate
this proposed process which can be further investigated. If we are
correct then Autism is mainly an increased insulin resistance of
the brain which is supported by increased TNF-alfa due to auto
immune reaction to the insulin.

As we already determined using the presented method Autism
is caused by 3 simultaneously present physiological changes
beyond 1-sigma which include changes beyond 1-sigma in
Insulin Resistance Increase and an increase in TNF-alfa, beyond
1-sigma (in boys and girls) and additionally a Low Iron, beyond
1-sigma (in girls). This viscous cycle supporting inflammation in
Autism which we’ve proposed, if confirmed is triggered with these
physiological changes.

6. Results and Discussion

We introduced a method of finding non-infectious disease causes
using multiple researches which give estimates of risks (RR/OR)
for different factors in regards to the same specific non-infectious
disease. Method starts with finding a number of disease causes
using a formula (1.0) when we know a rate of this non-infectious
disease in a population (often we use an incidence rate for this to
see annual probability of the disease).

According to the method, once the disease causation factors were
found using disease causation criteria provided in this article
above we need to find out physiological parameters which are
changed when these factors are present. The disease causation
factors are selected from known risk factors for a non-infectious
disease using the disease causation criteria. Once we list all disease
causing factors vertically and physiological parameters related to
them horizontally (or vice versa) we mark the relationship between
related factors and physiological parameters changed with a letter
“R”. Then we find so called intersections between 2 disease
causation factors -the places where 2 different disease causation
factors are having same physiological parameters marked as
related with letter “R”. The physiological parameters are same by
name (not by value).

We mark the column (or row) in gray or other color to indicate
an intersection. We need to find all intersections like this. The
physiological parameters where intersections are happening
we list as matrix Pm. This list or matrix Pm is a superset of the
physiological parameters changes which are causing a disease if
their changes go beyond 1-sigma interval (actually, slightly less
than this interval) and are present at the same time. By a superset
we mean here that some parameters in a matrix Pm are disease
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causing but some may be just related to them and need to be
eliminated (we call them such parameters redundant).

We eliminate the redundant parameters from this matrix Pm by
using few rules of elimination and following a recommended
algorithm if the count of parameters found exceeds the count
determined by formula (1.0) calculating the number of disease
causes or if a strict rule that a factor should cause only 1 change
(or as determined by Disease Causation criteria) is broken.

One of these elimination rules is to check if the disease causation
factors where intersection happens are related to each other (for
example the same type of disease, or similar experiment like BMI
and weight impact on disease, etc) and ignore the intersection for
these factors as they are likely due to similarity. Another rule is
to check if the physiological parameters for the same factors are
related and this causing a change in 2 physiological parameters
for the same disease causing factor as one valid physiological
parameter is changing a dependent one. The dependent parameter
need to be eliminated from matrix Pm. Remember that most disease
causation factors in practice are impacting only 1 physiological
parameter change which is causing a disease. If we see a disease
causation factor for which we determined only 1 physiological
parameter change was found to be causing 2 or more changes in
physiological parameters in our table (see example in Table 1.1 or
Table 2.1) then the redundant physiological parameters need to be
eliminated using the elimination rules either from matrix Pm or
from the table.

Once the redundant parameters were eliminated we can check
the final list of physiological parameters or matrix Pm using our
criteria for disease causing factors (provided above for your
reference) if there is an appropriate research regarding risks of
these physiological parameters for the disease and confirm that we
did not make any errors in steps of the described method. Also,
we can use a related research regarding these found physiological
parameters to see significance of their impact on the disease and
this way to confirm correctness of method’s application and the
significance of the found physiological parameters found via the
described method.

As example of method’s application, we analyzed 2 non-infectious
diseases. One was Breast Cancer and another was Autism. We
found that according to the method a Breast Cancer is caused by
4 physiological changes beyond approximately 1-sigma interval
if they present at the same time. The disease must happen if the
disease causing condition is satisfied for some time. We notice that
Breast Cancer should not happen if only 1of these parameters are
beyond 1-sigma interval. We determined that the physiological
parameters which are causing Breast Cancer if they changed
beyond 1-sigma (actually, slightly less) are:

* 1.Increased DNA strand breaks (beyond ~ 1-sigma)

» 2. TNF-alfa increased beyond ~ 1-sigma

* 3.Leptin level increase beyond ~ 1-sigma

* 4 High estradiol (above ~1-sigma)

By controlling 4(or only few of them) of these disease causation
physiological changes we can prevent Breast Cancer in an
individual or possibly cure (if a disease in early stages) or treat it.
If all the required physiological parameters changes take place at
the same time the Breast Cancer must start after some time unless
they are taken under control by forcing them to be within 1-sigma
interval. In a healthy individual at least 1 or likely more of these
physiological parameters need be close to a mean value (be within
1-sigma interval).

We have determined a connection between different disease
causation factors for Breast Cancer and these 4 physiological
parameters (see Table 1.2). From the Table 1.2 we can conclude
that “Low Total Carotene” disease causation factor for Breast
Cancer is causing an increase in DNA strand breaks beyond
1-sigma and that is why it is 1 of few disease causation factors for
Breast Cancer. The same impact has genetic mutations in BRCAI,
BRCAZ2 genes as they also increase DNA strand breaks beyond
1-sigma. Cystic breast disease is one cause of Breast Cancer (see
Table 1.2) because it impacts TNF-alfa so it increases beyond
1-sigma. These factors mentioned will not cause Breast Cancer
as standalone as they change only 1 physiological parameter
beyond 1-sigma but to trigger Breast Cancer all 4 physiological
parameters are required. The disease causation mechanism for
Breast Cancer resembles a padlock with 4 wheels. If you turn
1 wheel the padlock will not open as you need to turn properly a/l
4 wheels. Once such a “padlock” opens the disease will start. It
must start no matter which disease causation factor “turned” the
required wheel. The disease starts because all the “wheels “turned
properly and the factors are only the means to do it.

In the next step of the method we also divided disease causation
factors for Breast Cancer in the groups according to a related
physiological parameter they change beyond 1-sigma (see Table
1.3). The presence of 1 such disease causation factor from each of
these groups must trigger Breast Cancer in an individual if present
together long enough. Using the Table 1.3 we can conclude, for
example, that if a women has Low Total Carotenes AND has
Cystic Breast disease and High Breast Density (BI-RADS code
4) AND she postmenopausal with Weight increased, BMI > 31.1
such a women must have a Breast Cancer if she continuously
has these factors. This happens because each of these factors
impacts 4 physiological changes shown above so they go beyond
1-sigma. As we already mentioned if we eliminate an impact to at
least 1 or better more physiological changes out these 4 provided
above, either by removing presence of disease causation factor or
by making sure that the physiological parameter it impacts stays
within 1-sigma, we should be able to prevent Breast Cancer, treat
it or possibly cure (in early stages).

The method allows to build easier a hypothesis of disease pathology
using the physiological parameters we determined and we showed
this on example of building hypothesis of Breast Cancer pathology.

Breast Cancer pathology hypothesis: An increased beyond
1-sigma a number of DNA strand breaks (caused by such factors
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as low total carotene, etc.) cannot be repaired due increased
beyond 1-sigma TNF-alfa level(caused by Cystic Breast disease,
for example) and an increased beyond 1-sigma level of leptin(
caused postmenopausal women weight increase, BMI > 31.1, for
example) where a leptin level increase reduces energy capabilities
of breast cell in particular for repair processes and along with
additional level of DNA mutations due to adducts created by
high estradiol level beyond 1-sigma deprive the breast cell from
the DNA repair capabilities required to compensate for a normal
DNA degradation processes and DNA damages and mutation
accumulate beyond control. This results in triggering of Breast
Cancer. In short, the disruption of DNA damage/ repair
homeostasis leads to a breast cancer.

In another example of method’s application, we analyzed Autism.
We determined that Autism happens due to 2 physiological
parameters changes beyond 1-sigma interval in boys and due
3 physiological parameters changes beyond 1-sigma in girls
(according to the method and a mathematical model it is using [1]).
The disease must happen if the disease causing condition below is
satisfied for some time. We have determined that the physiological
parameters change beyond 1-sigma (actually, slightly less)
which are causing Autism if they are simultaneously present
long enough are:

* 1.Insulin Resistance increase beyond ~1-sigma

* 2.Increase in TNF - Alfa beyond ~1-sigma

* 3.Iron Deficiency (low iron) beyond ~1-sigma (likely, for girls
only)

That means if a child has Insulin Resistance (beyond ~1-sigma)
and has an Increase in TNF - Alfa(beyond~1-sigma) and has Low
Iron (beyond ~1-sigma, for girls only likely) long enough the child
must get Autism. It is not optional if Disease Causation conditions
are satisfied and kept long enough according to the article [1]. By
controlling 2 (for boys) or 3 (for girls) of these disease causation
physiological changes within 1-sigma interval we can prevent
Autism in an individual, treat it or possibly cure it (if a disease in
early stages).

We have determined the set of disease causation factors which if
combined together must cause Autism (Table2.2) and we found a
connection between these disease causation factors and these
3 physiological changes beyond 1-sigma which are causing
Autism. According to the Table 2.2 one of disease causation factors
for Autism is “Valproate usage” as it causing insulin resistance
increase beyond 1-sigma in individual (it does not mean that a
mean value in the group should necessary change beyond 1-sigma
though). Another disease causation factor for Autism is “Fever
after 12 weeks of pregnancies or High fever while pregnant” as it
impacts Increase in TNF-alfa beyond 1-sigma. We also found that
“Father over 45+ at the time of conception is a disease causation
factor for Autism and we determined it is very likely happening
because it is causing an Increase in TNF-alfa (which is a normal
immunological reaction) beyond-1 sigma in pregnant women due
to multiple errors in chromosomes which add up with the age in
men’s sperm due to multiple replications. This multiple error cause

a stronger immunological reaction in pregnant women.

Based on the knowledge of these 3 physiological causes of
Autism we also suggested that an increase of insulin level due an
increased insulin resistance in Autistic children brain is expected
to trigger some level of auto-immunity to insulin and the activated
T-cells proliferation which in turn will be producing TNF-alfa, the
increased level of which is observed in Autism. This would explain
a mechanism of sustained inflammation in the brain observed
in Autism and a permanent increase in TNF-alfa. In this case
the inflammation in the brain observed in Autism would be
caused by a auto-immune reaction to an insulin and the higher
the insulin level the more inflammation. If we are correct, then
Autism is mainly an increased insulin resistance of the brain
(beyond 1-sigma) which is supported by increased TNF-alfa
(beyond-1 sigma) due to auto-immune reaction to the insulin.
This is consistent with a research that a ketogenic diet improves
Autistic symptoms (as shown by Li Q et al and others) and the
TNF-alfa increase and Insulin Resistance were found to be causes
of Autism as shown above.

We have built groups of disease causation factors for Autism
(Table 2.3) which combination from each column must trigger
Autism if these factors present long enough in an individual (it
is not optional). One combination of disease causation factors
for Autism is “Fever after 12 week of pregnancy or HIGH fever
while pregnant” (increases TNF-alfa) and “Depression” in women
(increase Insulin Resistance) and “Child was born during 1st year
after previous pregnancy” (reduces Iron). The Low Iron as we
have determined mostly should impact girls and should be 3rd
physiological parameter which is needed to cause Autism in girls.
The normal Iron level (within 1-sigma) should be protecting
girls from such a strong impact which Autism is having on boys.
As stated in article [1] the more physiological changes required
to cause a non-infectious disease the less the incidence rate of the
disease. In this case an addition of 3rd physiological parameter
which need to be changed to cause Autism in girls protect them
and significantly reduces an incidence rate of Autism in girls.

We have shown that incidence of Autism has grown last few
decades because some disease causation factors moved 3-4 other
unknown yet physiological parameters changes beyond 1-sigma
for majority of children (to a new “norm”) and this has reduced a
number of physiological protections for Autism and it is causing
the increased level of Autism. In 1980s Autism as we determined
using the method was caused by 7 physiological parameters
changes and and now it is caused by 3 changes (in girls) and 2
changes in boys as was also shown in article [1]. As we already
mentioned that according to article [1] the less number of
physiological parameters required to cause a disease the more
incidence rate of non-infectious disease.

We hypothesized that Iron level reduction which is one of 3
determined causes of Autism is the same mechanism (which
in this case broken) which compensate for increased Insulin
Resistance in girls (or girls ‘fetuses during normal pregnancies
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as shown in one research of pregnancies cited in this article) and
what it is an additional physiological parameter required to cause
Autism in girls.

In this article we also showed how the method allows to build
a hypothesis of non-infectious disease using the set of found
physiological parameters which cause the disease and as an
example came up with hypothesis of Breasts Cancer and Autism
pathologies which are based on the physiological causes we
discovered.

Hypothesis of Autism is: An Increase of Insulin Resistance in
Child’s Brain Beyond 1-sigma due to known causation factors(see
Table 2.2) is getting far more bigger due the increase of TNF-
Alfa beyond 1-sigma due to another set of known causation
factors(see Table 2.2) and the total insulin resistance increase is
causing significant lack of glucose, and other nutrients required
to satisfy high energy demands of brain cognitive centers in
boys and this lack of energy stops the neurons functioning and
neural development. This will not trigger development of Autism
in girls until the Iron levels in girls (or girl’s fetus) drops beyond
1-sigma interval, which will stop a work of compensational
mechanism for insulin resistance based on iron regulation. The
disease causation factors in this hypothesis were determined in this
work and provided in Methodology section (Table 2.2, Table 2.3)

The triggering of the non-infectious disease if the causation
conditions are satisfied is not optional. It is a must. The analogy
of this process could be an electrical fuse in a house. We know that
if we plug in an electrical iron, air conditioner, etc. and exceed the
threshold for the fuse the fuse will burn out. The fuse must burn
out, it is not optional. The only random facts here are the electrical
appliances which will cause it, these electrical appliances are an
analogy of factors causing diseases here. We can have different
external factors causing a non-infectious disease but as long as
they impact all required physiological parameters a “fuse” of the
body will burnout and the disease will start.

We need to notice here that multiple medical researches often find
risk factors for a specific disease which have values close to
RR/OR = 4.6 or RR/OR = 20.6. These are not just a statistically
significant risks but these numbers indicate that 1) the factors are
really disease-causing factors 2) the factors are causing a change
in 1 physiological parameter beyond 1-sigma (for RR/OR =4.6)
or 2 physiological parameters beyond 1-sigma (for RR/OR =
20.6). One example of these cases was shown in this article as an
alcohol consumption by women between 50-59 age (RR = 18) in
Table 1.2 and which is a disease causation factor for a Breast Cancer
which impacts 2 physiological changes, etc. In some rare cases
the risk factors can have RR/OR=93+/-50% and this means the
disease-causing factors are impacting 3 physiological parameters
beyond 1-sigma. The disease causation criteria provided in article
“A Connection between Factors Causing Diseases and Diseases
Frequencies: Its Application in Finding Disease Causes” allows
to determine more precisely if the risk factors are causing a disease
or not and allows to expand validity for these risks beyond the 2

examples of RR/OR just mentioned above [1]. The referred article
is using a risk factor K but it is easily converted to RR/OR as RR
=K + 1 (same for OR) and the RR/OR can be used as theoretical
values for RR/OR +/-50%. A short reference of these criterions
was provided in this article as well in Introduction section.

In this article we have shown that disease causation factors
can be separated into few groups according to a physiological
parameter they change beyond 1-sigma. Any combination of
factors taken as one from each of these groups must cause a non-
infectious disease. The real causes of the non-infection disease is a
set of changes of certain physiological parameters beyond 1-sigma
(slightly less, actually) and the disease causation factors are only
means to make these changes. There can be many different disease
causation factors but only few (2 or more) physiological changes
beyond 1-sigma which are required to cause a non-infectious
disease.

6.1 Principle of Indifference

As we discuss a method to find disease causes via experiments we
are proposing to use a simple principle which can be observed in
physiological processes. When regulating its own homeostasis
separate physiological systems of the body are indifferent to
the side effects of this regulation. We can call this a principle of
indifference.

We can observe this principle in multiple cases. For example, if
a brain needs to increase a blood pressure to improve a supply of
nutrients and oxygen it is indifferent to the fact that a heart may
not be able to sustain this high blood pressure. Another example
could be this. If an intestine is trying to regulate its homeostasis
of bacteria it can pass the signals to the brain via different
biochemical pathways to reduce appetite so in this case an
intestine is indifferent to that its actions can eliminate some source
of energy and needed nutrients to the brain and other systems and
worsen their functioning.

This principle allows to explain that supporting a homeostasis in
one physiological system of the body can and often does harm
functioning of other systems and this way it can cause a non-
infectious diseases. If we find a physiological system which is
regulating its homeostasis with extreme steps and help it to fix
the problems we can address a non-infectious disease of another
physiological system which can be caused by this indifference.

7. Conclusion

In this article we have showed how a research which estimate a
risk of non-infectious disease can be used to determine disease
cause as a set of physiological parameters changes beyond 1-sigma
(actually, slightly less than this interval). We showed how to
determine which physiological parameter is impacted by a specific
external factor. It was shown how certain different combinations of
external factors can cause a disease if they act together and how to
determine these disease-causing factors combinations.

Overall a method presented here allows to increase efficiency
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of existing medical research in finding non-infectious disease
causes and also stresses that non-infectious disease are having a
multi-factorial causes. These causes are multiple physiological
parameters changes beyond 1-sigma occurring at the same time
and happening due to actions of external disease causing factors
[24,23, 48-80].
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Appendix

1. Analogy to Clarify a Method

A Simplified Analogy which explains why we looking for a match
between physiological parameters could be this. Imagine a large
town. We observe it from the top. A person arrives to downtown
for some personal business on a regular day. How likely this
person meet a friend or colleague in a totally random place of
the downtown?..Very unlikely. We observe this person is going to
downtown for few days to different places and he never meets a
friend or a colleague. Now, we observe from the top that some rare
folks meet someone in downtown often and sometime in the same
location. We know there is a pattern explaining these meetings,
they are not random in most cases. There might be someone they
have agreed to meet with before (a colleague they travel together
with, a friend, etc). If we find these folks meeting we know we
found very likely some pattern.

In this analogy, we can treat a downtown as a human body, a
person arriving to downtown as a physiological parameter change
caused by some disease causing factor. People which meet each
other in the downtown are an analogy of physiological parameters
which “meet up” as they cause a disease and not just a random
meeting. If we find those folks who meet up we know there is some
cause there. In the method presented, these “meetings” between
physiological parameters are represented by “intersections”.

2.Mathematical Foundation of the Method

Here we will go into a mathematical foundation of the method
in details. Let’s look at the simple case of a disease where it was
prior determined via experiments that multiple factors are causing
changes in only 2 physiological parameters of human body
(parameters further).

Let the factors be F1, F2, ... Fn and the parameters be C1, C2.
Now, let’s look at the case where FI, F2,..., Factors separately
causing only 1 change in physiological parameters either C1 or C2
beyond 1-sigma ( this actually often takes place in practice). That
means that only C1 or C2 changes by some factor Fj j E {1,2,..n
} ).Let’s P1, ..., Pn, where n > 2 be the sets of all physiological
parameters which are related to factors F1, F2, .. Fn accordingly.
For example, P1: {r12,r15,129,43 }, P2: {rl5, 128, 134, r89, r34,
rl2, 198 }, etc.

Let’s look at standalone factor Fj. As we know, a factor Fj ( where
J is some integer from 1 to n) impacts the specific physiological
parameters either C1 or C2 then we know that this params CI or

C2 should be part of its set of Pj as it contains ALL the related
to Fj parameters (a complete set). Lets take a factor F1 such
that its set P1 contains C1, and choose some F2 such that its set
P2 contains C2 ( it is possible as we know factors impact either
C1 or C2), then if we choose any other factor as F3 then its set
of P3 must contain either C1 or C2 (as F3 also impacts these
physiological parameters - either C1 or C2 and P3 is a complete
set). If P3 contains C1 then it intersect with P1. If P3 contains a
C2 it intersects with P2. So P3 must intersect with either PI or
P2(either in C1 or C2). In similar way we can apply this to P4,
P3,... Pn. So this brings us to conclusion that a set of physiological
parameters Pn, where n > 2 must intersect with either P1 or P2
either in C1 or C2. This means parameters Pn intersect with each
other either in C1 or C2. We can see representation of this set’s
behavior on the Pic 2. All sets Pj, Pk,... matching to Fj, Fk,.. on
the Pic 1 are crossing and only in C1 or C2 but not both.

We don’t know the values of C1 and C2 but if we can find where
parameters Pn intersects with each other we can determine a
subset of physiological parameters Pm: {Ry, Rx, Rz,.., Rt } which
contains values of C1 and C2. This subset of Pm will be much
smaller then set of all possible params included in P1, P2, . Pn (
as it is a subset and similarities in params of P1,.. Pn are not very
probable and that is addressed below) but may contain more then
2 parameters and only 2 parameters of this subset Pm can be real
physiological parameters causing a disease as they are C1 and C2.

In order to eliminate the incorrect parameters from subset Pm we
need to notice:

1)that the params C1 or C2 should be such so all P1, P2, ..., Pn
intersect in them and if some parameters of Pm: { Ry, Rx, Rz,.. Rt
} don’t fit this rule their need to be eliminated. Practically it means
this. We take random (or using a common sense) a combination
of some 2 parameters Rk and Rm from a set of Pm and check
if the P1, ... P2 all intersect in them if not then the Rk and Rm
combination is not a valid set of C1, C2 and we may need to check
another set of 2 parameters Rk and Rg

2)if some parameter of set Pm: { Ry, Rx, Rz,.. Rt } is known as
not changed beyond 1-sigma it should be eliminated as discase is
caused by change in param beyond 1-sigma ( as per our model).
3)if some parameter of Pm: { Ry, Rx, Rz,.. Rt } is causing some
set Pn intersect 2 times with some other set Pk then it should be
eliminated as factors F1, F2, .. Fn can only impact 1 physiological
parameter in this case and cannot impact / intersect 2 or more due
to this.
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Picture 2: Blue Areas are Area Where Pj, Pk, etc for factors Fj, Fk, etc

are Part of Set Pn and Which are Causing Disease
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The method above was described for a case of factors F1, ..., Fn
impacting only 2 parameters but it can be extended to 3 and more
parameters.

How Likely Are Random Matches Between Physiological
Parameters?

As we discussed above the set of physiological parameters Pm: {
Ry, Rx, Rz,.. , Rt } where we observe intersections may contain
more parameters then needed (more than 2 in our case and due
to other reasons). We need to be concerned with a question such
as if we find one intersection of sets P1 and P2 in a physiological
parameter belonging to 2 different external factors how likely it can
be a random intersection? To answer this question let’s formulate
the problem mathematically.

Let’s have a set A of integers from k = 1 to very large N. Let’s
randomly select n numbers in set of P1 = {Ak,Ag, .., At } and then
randomly select n numbers into set P2 = { Af, As, ... Al } from our
original set A (k=1 to N) such that each element repeats only once
in set P1 and only once in P2 (it is a unique element to sets P1, P2).
For example, if we chose a number 3 as part of the set P1 then it
only exist one time in the set P1. What is a probability that we find
element Ai in set P1 and P2 ?

To answer this question let’s do next steps. Let’s limit set A by
some top element enumerated by t (so set is not infinite).

1.We can take n elements from t elements of set A with number
ways tCn

2.Number of ways to take n elements with an element Ai equals
the number of ways to select n-1 elements (we exclude Ai) from t
-1 ( set of A elements) and is t-1Cn-1

3.Then probability to take n elements which include element Ai
in set P1 (or P2) is P( Ai E Psel) = t-1Cn-1 /tCn, where Psel is P1
or P2 sets

4.The probablity that element Ai will be in P1 and P2 is P (Ai E P1
and Ai EP2) =P (Ai E P1) * P (Ai E P2) as events independent.
5.So probability P (Ai EP1 and AiEP2)=P(AiEP1)*P(AIiE
P2)=(t-1Cn-1/tCn) "2

6.0r finally, the probablity that element Ai wil be in P1 and P2 is P
(Ai E PI and Ai E P2) = (t-1Cn-1/tCn) ~ 2

Using a formula above let’s calculate a probability of match in
element Ai if we take randomly elements from a sequence of

. Intersect with a Set of Physiological Parametersc C1, C2 which

numbers from 1 to 1000 (t= 1000, assuming so many physiological
parameters exist) and take only n = 10 element into sets P1 and P2
accordinly. P( Ai E P1) =, ,C,/ ,,,C,, = (2.63 * 10"21 ) /( 2.63

*10723) =1/10"2 = 0.01 the same is fare for P( Ai E P2) = 0.01
and so the probability of getting element Ai in sets P1 and P2 is

(t-1Cn-1/tCn) ~ 2= 0.01 » 2 = 0.0001

This is a probability of Random match. The probability of non-
random match is 1 - P (Ai E P1 and Ai E P2) =1 - 0.0001 =
0.9999 ~= 1 so very close to 1. It means if we see a match between
set P1 and set P2 in some element Ai it exremely likely it is not
random. This is an important conclusion. The only matches we
find practically are not random but are caused by some reason and
in our case it is due to same physiological parameter impacted by
2 different factors. We need to notice that number of parameters
actually much more as most agree that there are around 20,000
different proteins in our body and each is a potential physiological
parameter. So the probability of the match selecting 10 of 20,000
will be much smaller!

In practice there are about over t=150 physiological parameters
known to medicine and for a single factor we usually find about n
= 30 related parameters. Doing calculations for this case we get P(
AiEPl)= C,/ ,C,=(643%10"30)/(3.2*10"31)=0,2 and
so the probability of getting element Ai in sets P1 and P2 is

(t-1Cn-1/tCn) » 2 = (0.2)"2 = 0.04

We see the probability of random match is higher in practice
(4%) and so in practice we can see more random matches. The
probability of at least one random match will also increases as we
find intersections for dozens of different causation factors.

This random match still can be eliminated with methods described
in this article by applying other restrictive conditions, including
using our criteria for disease causes.
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