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Introduction

As a rare bleeding disorder disease, it is very important to
develop and identify the severity level of hemophilia [1].
Typically, this is done by doing several blood tests also termed as
screening tests in medical science domain [2]. The types of
screening tests include Complete Blood Count (CBC), Activated
Partial Thromboplastin Time (APTT) test, Prothrombin Time (PT)
test, fibrinogen test, clotting, factor Tests [3].In case of that
hemophilia study, the last test (CFT-Clotting Factor Tests), is the
medical standard to detect and tag the severity level of
hemophilia [4]. But, in some study, the severity level based on
clotting factor-factor VIII or F8 is one of the predictors in the
outcome of Immune tolerance induction [5]. Studies have been
done only taking the Inhibitors and F8 into considerations just to
study these attributes only on African American and Black
population [6]. In other literature, the parametric study has
been done only on F8 mutation type and Inhibitor development
[7]. But, very little has been done on developing a statistical
model that can identify and predict the severity level with the
concept of probability considering the confidence limit on those
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probability predictions [8]. For these reasons, the main focus of
this study is to develop a statistical prediction model to predict
the probability of severity level based on diagnosis reports
collected from different HTCs (Hemophilia Treatment Center) in

the USA [9].

Hemophilia: A rare disease

Hemophilia is caused by a mutation or change in one of the
genes that provide instructions for making the clotting factor
proteins needed to form a blood clot [10]. This change or
mutation can prevent the clotting protein from working properly
or from being missing altogether [11]. These genes are located
on the X chromosome. Males have one X, and one Y
chromosome (XY) and females have two X chromosomes (XX)
[12]. Males inherit the X chromosome from their mothers and
the Y chromosome from their fathers [13]. Females inherit one X
chromosome from each parent, as shown in the following
(Figure 1) [14] .

| Y MOoINer is a carnrier
of the hemophilia gene XX

sons will have
philia X¥

Figure 1: Parental relationship to the children (Source:
CDCQ).

The X chromosome contains many genes that are not present
on the Y chromosome [15]. This implies that males only have
one copy of most of the genes on the X chromosome, whereas
females have two copies [16]. Thus, males can have a disease
like hemophilia if they inherit an affected X chromosome that
has a mutation in either the factor VIl or factor IX gene [17].
Females can also have hemophilia, but this is much rarer. In such
cases, both X chromosomes are affected, or one is affected, and
the other is missing or inactive. In these females, bleeding
symptoms may be similar to males with hemophilia. A female
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with one affected X chromosome is a carrier of hemophilia [18].
Sometimes a female who is a carrier can have symptoms of
hemophilia [19]. Also, she can pass the affected X chromosome
with the clotting factor gene mutation on to her children [20].

Materials and Methods

Because of the fact that the focus of this study is to identify
and develop a statistical model that can predict the severity
level of the patient’s/individual’s Hemophilia, we have collected
data from the open and freely accessible database of CDC called
CHAMP 8 database. The results produced by this study are solely
based on the dataset we have at hand [21].

Data description

The CHAMP mutation list was collected and compiled by CDC
and made freely accessible and available to public use by
downloading at CHAMP Mutaon database for statistical
reporting and analysis only [22].

In this present statistical study and analysis, we have
considered the Severity level definition based on HGVS-
standardized nomenclature. It states that, if the clotting factor -
F8 in blood is between 50% to 100% then the person/individual
is in Normal state and does not have hemophilia. On the other
hand, if the F8 ranges between 5%<F8<50% then in medical
science it is termed as Mild Level of Hemophilia A and if any
individual’s CFT (Clotting Factor Test) shows the results as 1% <
F8 < 5% or F8<1% then that individual is termed as having
Moderate or Severe level of hemophilia respectively. This
categorization/classification has been defined only by HGVS-
standardized nomenclature as per medical research and study.
So, we have used this as a response variable to the predictor/
attributable variables such as mutation, mechanism, subtype,
domain, race, and inhibitor information as the categorical
attributes and Exon, Codon as the continuous covariates. The
schematic diagram of the data set is shown in the Figure 2.
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Figure 2: Schematic diagram of CHAMP F8 hemophilia A
data.
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From the above diagram, we see that the dataset consists of 6
categorical variables and 2 continuous variables and each of the
categories for every categorical variable has some missing
values. In some cases so do the continuous variables. Only the
categorical variable Inhibitor does not contain any missing
information and because of the nature and objectives of this
study, we have considered ‘F8 Severity Level ‘the response
variable and all other variables were considered as the predictor
variables to be.
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Statistical modeling

For the purpose of the study, we have explored the
relationship and association of each of the categorical predictor
variables against the response variable ‘F8 Severity Level
‘through Mosaic plot. Then we have established the statistical
model through the multinomial logistic regression, generalized
logistic regression and cumulative logistic regression (taking the
ordered categories of the response variable-F8 Severity Level
into consideration) and we have compared their results to find
the better fitted model if not the best.

Results

To formulate the statistical model that predicts the probability
of severity level of F8, we have started with the cross tabulation
of predictor variable mutation mechanism and response variable
F8 severity level presented in Table 1.

DNA change mechanism
Deletion Duplica-|Insertion Inversion  Substit- Total
tion ution

Severe | 110 43 9 294 197 653
Moderate 7 5 1 6 116 135
Mild 1 0 0 1 185 187
Total | 118 48 10 301 498 975
Note: Frequency missing=52

Table 1: Cross tabulation of severity level vs. mutation
mechanism.

To visualize the above cross tabulation we have used the
mosaic plot to have a better insight of the information
presented above given in the Figure 3.
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Type of DNA change caused by the reported mutation
Figure 3: Severity level of F8 A ewechanism of
mutation hemophilia A data.

The mosaic plot shows the distribution of mutation
mechanism in the DNA categories in the x-axis by dividing that
axis into 5 intervals. Its shows that inversion and substitution
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mechanism are greatly associated to the severity level of F8 in
the individuals.
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Also we have examined the cross-table relationship between
severity level and race of individuals presented in Table 3.

Similarly, we have checked the association between Severity Race of individuals
level and Domain of the Mutation given in the cross tabulation
in Table 2. Asian | Afro White | White | Total
: : : and American| hispanic | non-
Location of mutation (Domain) others and hispanic
Al |A2 |A3 B C1 | C2 |Other | Total hispanic
signals Severe |33 64 64 506 667
0.033 0.064 0.064 0.506 0.667
Severe| 50 46 50 106 | 23 29 364 | 668
Moderate | 5 10 12 115 142
0.05 | 0.046| 0.05 | 0.105| 0.023| 0.029| 0.3636/0.6675
0.005 0.01 0.012 0.115 0.142
Mod- | 28 23 23 9 26 12 21 142 Mild 11 4 10 166 191
erate
0.028| 0.023| 0.023| 0.009| 0.026| 0.012| 0.021 | 0.142 0011 10.004 | 0.01 0.166 | 0.191
Mild | 37 70 36 0 26 10 12 191 Total 49 78 86 787 1000
0.037|0.0699 0.036| 0 0.026| 0.01 | 0.012 |0.1909 0.049 0.078 0.086 0.787 1
Total | 115 | 139 |109 | 115 |75 51 397 1001 Note: Frequency missing=27
0.115]0.1389 0.109|0.1149| 0.075| 0.051| 0.3966|1.0004

Table 2: Cross tabulation of severity level vs. domain location
of mutation.

The mosaic plot of the information given above shows there is
association of some of the categories of mutation domain with
the severity level of the F8 clotting factor presented in the blood
(Figure 4).

Moderate |

F8_SEVERITY_LEVEL

Severe

Al A2 A3 B c1 cz
Where reported mutaion is located

SignallTathers

Figure 4: Severity level of F 8 vs. domain mutation of
the hemophilia A data.

It is obvious that the other signals category of domain variable
has a very large proportion of population having severe level of
F8 clotting factor contained in their blood than all other
categories of the domain location of mutation (Figure 5).
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Table 3: Cross tabulation of severity level vs. race.
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Figure 5: Severity level of F8 vs. race of hemophilia A data.

This shows very strong relationship between white non-
hispanic category of race variable to the severe category of
severity level of hemophilia A (Table 4). At the same time we
have explored the cross-table relationship between severity
level and mutation type variables in given following (Figure 6).

Mutaion type

Frame |[Large |Missense| Non- Small [Total
shift |structure sense |structure
Severe| 108 341 100 79 25 653
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Note: Frequency missing=26

Table 5: Cross tabulation of severity level vs. inhibitor history
of the individuals.

It represents the association of inhibitor built in protein to
help the blood clotting and prohibit the mutation in the DNA
causing F8 to reduce is very important variable associated with
the severity level of the hemophilia A. This table shows the
evidence that approximately 77% of the individuals don’t built
the inhibitor in their blood that causing almost 47% to have very
severe level of hemophilia A. This confirmed by the mosaic plot
depicted in Figure 7.

0.1108 | 0.3497 | 0.1026 | 0.081 0.0256 | 0.6697
Moderate 9 10 106 2 8 135

0.0092 | 0.0103 | 0.1087 | 0.0021 | 0.0082 | 0.1385
Mild 0 2 175 1 9 187

0 0.0021 | 0.1795 | 0.001 | 0.0092 | 0.1918
Total 117 353 381 82 42 975

0.12 0.3621 | 0.3908 | 0.0841 | 0.0431 |1
Note: Frequency missing=52

Table 4: Cross tabulation of severity level vs. mutation type.
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Figure 6: Severity level of F8 vs. mutation type of
hemophilia A data.

Here in that of Figure above, we see the largest category of
mutation type is large structural change in the protein is strongly
associated to the severe level of hemophilia a bleeding disorder.
It implicates the fact that large structural change catogory of
mutation type covariate might have a significant effect on the
outcome variable severity level (Table 5).

Inhibitor

No Yes Total
Severe 468 200 668

0.4675 0.1998 0.6673
Moderate 124 18 142

0.1239 0.018 0.1419
Mild 177 14 191

0.1768 0.014 0.1908
Total 769 232 1001

0.7682 0.2318 1

F3 SEVERITY LEVEL

rea -
History of Inhibitor (History of cdlincally significant inbibitor reported by site. )

Figure 7: Severity level of F8 vs. mutation type of
hemophilia A data.

It shows that, the biggest tile in this mosaic is at the
intersection of No and severe category of inhibitor and severity
level variables respectively.

After taking all of the associations presented in the cross
tables and mosaic plots, we have built models from several
approaches. Since, we have response variable with three
categories and those categories are ordered based on the values
and nature of the study dataset, the cumulative logistic
regression or ordinal logistic regression is the most appropriate
modeling approach suggested by some scholars in the medical
research. Also, multinomial logistic regression and Generalized
Estimating Equations (GEE) [10]. Are some alternative options
considering the response variables are name categories only. So
we have built the model considering all the modeling
approaches mentioned above and we have taken the model
based on the quickest convergence and highest prediction
accuracy and maximum Information criterion. Considering all
the factors we have started with the “Multinomial Logistic
Regression”. Then we have modeled the data through the
“Generalized Estimating Equation (GEE)” and after this we have
modeled through “cumulative logistic regression”or in other
words termed as “ordinal logistic regression”. After estimating
the parameters for each of the models those were compared
with each other and as a validation of the model we have
comparedthe convergence, information criterion and probability
prediction quality to come up with the best modeling so far by
the modeling objectives and methodology.

There several types of multinomial logistic models can be
used based on the type of information on response variables in
data at hand. If the response variables are in Nominal scale then

This article is available from: https://www.hsj.gt/
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Generalized Logit Models (GLM) and the Conditional Logit
Models (CLM) can be used. The GLM consists of estimating
parameters of several binary logistic models simultaneously. On
the other hand, the CLM is used in biomedical research in order
to estimate relative risks in matched case-control studies. Since,
we have polytomous response variable which is in ordered
structure with a set of regressors (attributes), the most
appropriate modeling method would be the cumulative logistic
regression. But to have the best approximate model of the real
world phenomena, we have estimated all the aforementioned
models and compared the statistic to make our final decisions
and the following sections will be discussed on our model
building methods.

Generalized Logit Model (GLM)

The generalized logistic model focuses on the individual that is
considered the unit of analysis and this GLM model uses
individual characteristics as explanatory variables. The
explanatory variables that being characteristics of an individual
are constant over the alternative choices of the response
variable. Considering m nominal choices of the response
variable, jk denote the probability that the individual j falls in
category k. Also, let X; represent the characteristic of individual j.
The probability of the individual

j falling in category k is given by

exp(viX;) 1
Vg = £m =2 )
exp(y'X ) m explly —y }x_]
=1 ! =1 { kg

Here, y1 Ym are m vectors of unknown parameters where each
of the estimates are different even though X; is constant accross
other categories or choices. The model to be fit.

Modeling our hemophilia a data by GLM

Using GLM method, the list significantly effective variables
ordered as per the p-value of wald chi-square from smallest to
largest in the model are shown in the following Table 6.
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Inhibitor 2 3.2079 0.2011

history

Mechanism 6 5.0811 0.5335
(Type of DNA

change)

Exon (Exon 2 1.1978 0.5494
number in the
mutation

location)

Codon (Codon| 2 0.913 0.6335
number in the
mutation

location)

Wald chi-
square

Covariates DF Pr>chiSq

(Attributes)

Mutation 6 42.5087 <0.0001
(Type of
protein

change)

Domain 12 24.3374 0.0183
(Location of
mutation

domain)

Race of 6 13.5698 0.0348

individuals

© Copyright iMedPub

Table 6: Ranking of covariates in the generalized logistic
regression.

Taking statistically significant covariates as per the above into
consideration and letting severe as the reference category of
response variable, the final generalized models are:

(Moderate)
log THQQEMAE)  _ _ 49911 +1.1035(Domain = A1) +0.9389(Domain = A2)
nisevere)

+0.7393(Domain = A3) + 1.9608(Domain = B)
+1.6184(Domain = C1) + 0.7799(Domain = C2)

— 0.3863(Race = AAH) — 0.7443(Race = AsO)

+ 0.0641(Race = WH) — 3.3389(Mutation = Frameshift)
— 2.6606(Mutation = LargeScale)

— 4.1569(Mutation = Nonsense)

— 0.5016(Mutation = SmallScale)

The equation for mild category of response variable where
severe as the base reference category:

m{Mild)
log =0.2887 + 0.2897{(Domain = Al} + 1.1223{Domain = A2)
misevere)

+0.1228(Domain = A3) — 10.6146(Domain = B)

+ 0.5026(Domain = Cl) — 0.4855(Demain = C2)

— 2.1079(Race = AAH) — 0.5492(Race = AsQ)
—0.2666{Race = WH) — 15.6070{Mutation = Frameshift)
—5.3133(Mutation = LargeScale)

— 4.6073{Mutation = Nonsense)

— 1.4551(Mutation = SmallScale)

Generalized Estimating Equations (GEE)

This modeling technique is widely used in analyzing
longitudinal data when the average effect of population is the
primary interest of the study objectives. Let, y;, j=1 n; and i=1k
represents jt" response of the ith subject and has the vector of
attributes x;;, then, there are ni measurements on subject i and
maximum number of measurements per subject is T. Also, if pij
is the marginal mean of response yij which is related to a linear
predictor through a link function g(u;;)=xJ;;8, then the variance of
yij depends on the mean through a variance function v(u;). An
estimate of the parameter 6 can be solved by generalized
estimating equations.



>
S(9) =
=1

St
FEVT (V- u ) =0

Here, V; is the covariance matrix of Y;.

Cumulative Logistic Model (CLM)

Suppose, Y takes values of y4, y,...Ym such that y;<y,,<,<yn, it
is assumed that the observed variable is categorized through a
continuous latent variable U such that, Y=y; < o;-1<U < g, i=1,
m where —oo=ggp<01<0yu=°. The assumption on U is that the
value will be determined by the attributable variable vector X in
the form of a linear function U=-Aj+€ where, A is vector of
regression coefficients and € is a random variable with a
distribution function F that assumed to follow P(Y < y;|x)=F(a;+jy)
logistic distribution. Moreover, in the CLM concept, alternatively
known as proportion odds model, it is assumed that the
predictor variable, let X, takes different values for each of the
alternative categories and effect of a unit of X is assumed
constant across different alternative categories. Under these
assumptions, the probability that an individual j will fall into
category k is:

exp(A’X) 1
I_l_.r'k = > >—=
TLepAX; ) D exp [AX — x,)]

Modeling our hemophilia a data by CLM

In order to appy CLM method to our data set at hand, let our
response variable be F8 Severity Level=Y={y;, yj2, yj3} where the
ordering is in reverse order of category 1 indicates the most
severe case (Severe) and category 3 indicates least severe (mild).
The associated probabilities are {mj;, 1, 13}, and a cumulative
probability of a response less than equal to Yj is:

P(Y; = yg) = mp +mp + 1z

Then the CLM would be:

The sequence of cumulative logit models will be:

Model ({ ) : log——2—
Ijz + M3

Model(L, ) : log 2
e

Or alternatively the simplified versions of the above models
can be expressed as by the following equations as well:
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Pr{Mild) =
Pr(Moderate or Severe) =1
PriMild or Moderate) i
L :log =0 + 68Xy,
Pr(Severe) j=1

Here, vy is indicator for categories of each categorical variable
and other notations:

Here, we should notice that the intercepts are changing from
one model to another but the slopes are equal for all the
models. Also, we need to estimate 2-intercepts and p-slopes. In
our case p=7, so we will have 7 slopes for 7 covariates and 2
intercepts should make the full model. The estimated final
model is given in equation.

The model given in equation, is formulated considering all the
attributable variables in the given data set of hemophilia A
disease. But if the covariates are ranked based on their effects
on the model, then there are some variables which are not
statistically significant. The following represents the ranking of

statistically significant covariates ranked from that of the most

statistically significant to statistically insignificant variables of
(Table 7).

Covariates DF Wald chi- Pr>chiSq
(Attributes) square

Mutation 3 44.4268 <0.0001
(Type of

protein

change)

Race of 3 13.5435 0.0036
individuals

Domain 6 16.7199 0.0104
(Location of

mutation

domain)

Mechanism 3 7.1198 0.0682
(Type of DNA

change)

Inhibitor 1 1.9719 0.1602
history

Exon 1 0.4538 0.5005
Codon 1 0.1836 0.6683

Table 7: Ranking of covariates in the cumulative logistic
regression.

Validation of the proposed model

From the previous section, it is recommended that, in the
modeling purpose with the data set at hand, we should include

This article is available from: https://www.hsj.gt/
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only 3 IVs (Independent Variables) as per Table , where as that
thestatistically significant variables are ranked as per
their corresponding p-values.

So, by taking this with thesignificance into considerations the
final proposed model for the hemophilia dataset we have at our
hand is given in the Equation below:

Ly :-0.6485+0.4171X51+1.2400X5)+0.3267 X33

+1.1248X514+0.5269Xj5 — 0.1468X s

~1.4195X3),-0.4407 X3, -0.2060 X33
~0.0646X411-3.9304X 42 -4.6403 X3
~1.1250X )4

L> :0.6586+0.4171X5)1+1.2400X5)3+0.3267Xz)3

+1.1248X5)4+0.5269X3)5—0.1468X s

~1.4195X3),-0.4407 X3}2-0.2060.X3)3
~2.0646 X411~ 3.9304Xa)2-4.6403 X4)3

~1.1250 X34

As a part of validation of the model presented in equation,
from it clearly shows the insignificance of the proportional odds
assumption of the cumulative logistics Model and from this fact
it can be concluded that the relationship between Severe
category and mild category or the severe and moderate category
are the same with respect to the proportional odds. In other
words, the co-efficients that describe the relationship between
Severe level of disease A HltaXd moderate categories of
the response variable (severity level) are the same as those
coefficients that describe the relationship between Moderate
and mild category of response variable which is in other words
called parallel regression assumption as shown in the Figure 8.

F8 SEVERITY LEVEL
q
H
]
0
\o
L]
0

oo 02 o4 o6 os
Estimated Probability

Figure 8: Proportional odds assumption for cumulative
logistic regression of hemophilia A. Note: 95% Confidence
limits 95% prediction limits regression

From the above, it indicates that the proportional odds
assumption is not violated and the diagonal parallel lines
indicate the parallel regression assumptions as well. This is also
confirmed by the chi-square test of the model given in the
Table 8.

Chi-square DF Pr>chiSq

17.2278 13 0.1891

© Copyright iMedPub
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Table 8: Testing for proportional odds assumption.

Concerning the model fit, AIC, SC, and LoglL given in Table 9

indicate that the fitted model is statistically significant also

Criterion Intercept only Intercept and
covariates

AIC 1678.152 1102.99

SC 1687.915 1176.211

-2 Log L 1674.152 1072.99

Table 9: Model fit statistics for hemophilia A data.

From the model given in equation, it indicates that 1
unit change of domain protein (A2), we expect that there will
be approximately 42% increase in the log odds being in the
lower level of the severity level from sever to mild when all
other covariates are held constant. So, there are always a
positive increase in the log odds for one unit increase in
each of the domain protein category. On the other hand,
one unit increase or change from one category of race to other
category of race will have negative effect in the log odds of
being from mild to moderate category of severity level so is the
third categorical variable, mutation.

Now, we want to rank the attributable variables with respect
to the effects in the model. Table that shows the ranking of
attributable variables with respect to their p-value in the model.
The first variable in case of GLM is Mutation and last variable is
Codon and it is also the same when the modeling is done with
CLM also. But things to be noted in CLM method is that the
ranking of statistically significant variables changes as the
modeling technique changes. For example, the third variable in
GLM from top is Race of individuals, but in CLM method, the
third variable from top is Domain (Location of Mutation Domain)
at 5% level of significance.

Here, for instance, it is very important to discuss the proposed
model given in equation and model in equation the following
table shows the comparison of some vital information about the
full model and the model that is built considering the
statistically significant covariates only (Table 10).

Model

CLM (Only sig.
covariates)

CLM (All
covariates)

% Concordant 814 85.8
% Discordant 17.8 10.3
% Tied 0.8 3.9



Highlight


Somers’' D 0.63 0.75

C(ROC) 0.81 0.87

Table 10: Comparison of association of predicted probabilities
and observed responses.

Discussion

From the table above, we can see that the percentage of
concordant pairs of CLM while considering all the covariates in
the model is approximately 4% less than that of the CLM built
with statistically significant covariates. Also, % of area covered
under the ROC curve is 6% higher in CLM with significant
variables than that of the CLM with all covariates. After
comparing the statistic given in it is statistically conclusive that
the model given in equation is a better predictive model to
predict the probability of the severity level of hemophilia A with
F8 as per our dataset at hand.In terms of finding the best model
driven by our data at hand, the Cumulative Logistic Regression
considering the statistically significant covariates only as the
independent variables has fast convergence rate and best
results based on our data apprently. This model is predicting
the probability for each of the response category with about
87% accuracy under the ROC as per C statistic.

In the context of the disease, the model given in Equation, has
not violated the proportional odds assumption of the CLM. In
brief, as per model given in the equation it indicates
that, protiens A1, A2, A3, B, C1 of Domain mutation will
effect the probability of severity level of any individual in an
increasing manner, i. e., if the doctors and scientists can
identify these protiens in the blood then they have to
provide some treatments that will locate these protiens
and reduce their positive effects to increase patients
probability of being in the mild category (lowest category of
severity level in hemophilia A) from very severe category of
the disease and it has to be opposite in case of C2
protien to improve or alleviate the severity level of any
patient. As per model in Equation race is affecting the
probability of individuals being in one of the three categories
of response variable and there are no real life treatment of to
chang race of individuals we might counclude that being in
the different categories of Severity level by race categories
are totally in hands of mother nature. But, it is conclusive
that majority of patients in sever cateogry comes from white
non-hispanic rather than other categories of race. On the other
hand, the (Nonsense) has the smallest coefficient in the
model mentioned above indicates that Nonsense type
mutation change in the gene of individual will have maximum
effect on the response outcome and to change/alleviate the
severity level of any individual, it is suggested to attack/reverse
this particular type of mutation cause and consequently change
other types of mutaions.

Conclusion

The objectives of this study were to indentify statistically signifi-
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-cant variables that effects the outcome variable “Severity
Level”. Also, we wanted to see statistically significant
categories of variables interacting with each other effecting
the categories of response variable if any. At the same time we
wanted to rank the main effect variables that are contributing
to the response and eventually come upe with a model
that is statistically siginificant and robust with high degree of
prediction porbability prediction and convergence. So, we have
indentified statistically significant variables that effects
the Severity Level by implementing various methodology
for model building and we have compared them through
some statistic. It turns out that the attributable variables
Race, Domain and Mutation type are the most significant
variables to predict the probability of the severity level of
hemophilia A statistically shown in Tables. Also, we have
investigated the interaction terms among the
attributable variables and it turns out that there were no
interactions among variates as per out data concerns.

In terms of practical relevancies, our model will predict the
probability of severity level of any individuals with 87% accuracy.
So, if any individual goes to Medical doctor and after getting the
results of blood diagnosis and if the individual provides available
information on Domain (Location of mutation change), Mutation
(Type of Protein change) and Race of individuals then Medical
doctors will be able to identify the Level of Severity for
that particular individual and based on this medical physician
will be able decide proper treatment program for that
individual afetr having the genetic profile analyzed.
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