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Abstract. Since blood disease markers are one of the most prevalent health

problems in this era, the aim of this study is to forecast pathological sub-
jects from a population through biomedical variables of individuals using the

currently produced path analysis (PA) model. In terms of the dataset, 539

subjects were used to implement this study. A mathematical approach based
on the PA has been used to create a reliable biomedical model in this research

that investigates if there exists a relation between the various anemia types

and the biomedical variables through observational variables (the blood vari-
ables, age, and sex) and anemia types. Other linear approaches were taken

into consideration for comparison, in terms of R2 value of the model, which

has a value of 0.699. The findings reveal that the model has great predictive
potential. It is believed that the developed model, which includes observa-

tional variables, will help healthcare providers predictively plan appropriate

treatment programs for their patients.

1. Introduction

Medical models are frequently used in many healthcare processes and also as a
tool for analyzing pathological features. Modelling has become a substantial tool
in studies of prediction because of its ease of interpretation for pathological data;
therefore, these studies commonly use mathematical modeling to portray the inter-
relationship among the multiple variables in a mathematical equation. According
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to the research [1–5], how effectively any aim can be achieved depends on knowl-
edge about the problem and how well the modeling is done. Any disease state has
different effects for a single disease, which may be used to evaluate the circum-
stances shown in hospitals. As a result, several endogenous variables determine the
majority of outcomes in real-life problems.

The purpose of this study is to use biomedical variables and anemia types to
predict pathological people in a population and know the relationship between
blood variables. The literature [6, 7] indicates that there has been an increase
in anemia among various segments of the population of the community; thus, it
is crucial to predict the anemia types. Therefore, our aim is to develop a new
biomedical model to study the effect of the blood variables, sex, and age together
and their effect on the anemia types.

Our model differs from the other models contained in the literature [8–10] and
has been successfully used to predict several anemia types using a wide range of
blood variables, sex, and age.

The previous studies [8, 9, 11–13] produced relatively less accurate results by
using a relatively small or limited number of blood variables to predict anemia
types or a small number of anemia types.

The PA is a generalization of multiple regression that allows one to estimate
the strength and sign of directional relationships for complicated causal schemes
with multiple dependent variables. A major advantage of the PA is that, in ad-
dition to studying the direct effects, indirect effects through intervening variables
can be studied, as can estimating the values of coefficients in the model, adding
non-recurring paths, reporting additional appropriate indicators, and estimating
residuals and their potential relationships with each other. Also, it is seen when
there are two or more dependent variables. Therefore, a great deal of research
has been done in a variety of fields using the PA found in the literature. Ex-
amples of these include the COVID-19 emergency [14], stability analysis and an
epidemic model [15], odds of elevated systolic blood pressure [16], blood-associated
parasites [17], predicting blood donation behavior among donors [18], the relation-
ship between iron deficiency anemia and blood cadmium and vitamin D [19], the
relationship between blood pressure and the structures of the health promotion
model [20], and assessing the healthcare empowerment model among HIV-positive
individuals [21]. In this study, a realistic model has been developed that allows
the best relationship between blood variables to be found through the PA by using
many input variables. Because there are more input variables in the created model,
it is therefore more realistic in the field of biomedicine. Therefore, the primary goal
of the current study is to identify the different forms of anemia utilizing a large
number of practical observational characteristics. As a result, it is believed that
this study significantly advances the understanding of anemia types
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2. Materials and Methods

2.1. Collection of the study samples. Here the samples for people and for each
subject readings of blood variables are [22, 23] Hemoglobin (HB), Red Blood Cells
(RBC), White Blood Cell (WBC), Mean Corpuscular Volume (MCV), Mean Cor-
puscular Hemoglobin (MCH), Hematocrit (HCT), Mean Corpuscular Hemoglobin
Concentration (MCHC), Platelets (PLT) and sex and age. The following explana-
tion applies to the blood variables. Within the RBC, the HB is a transportable
protein that is made of iron atoms. The worthless nucleus of the RBCs, which are
concave cells, contains the HB. The computed result obtained from the HB mea-
surement and a few red cells is the MCH. The immune system cells known as WBCs
are responsible for defending the body against infectious diseases. The volume of
RBCs in total blood volume divided by the percentage is the HCT. The estimated
amount of HB in a particular volume of RBC is known as the MCHC. The PLT
is a haphazard, disc-shaped component of blood that promotes blood coagulation.
The MCV calculates the average size of the red blood cells in a sample.

Table 1 displays the many forms of anemia and the biological variables used to
collect the data. Table 3 additionally lists the many forms of anemia.

Table 1. Some study samples of the data

HB RBC MCH WBC MCV HCT MCHC PLT Sex Age Anemia type
11 4.16 26.5 7.7 88 36.6 30.1 180 2 10 0
16.3 6.07 26.9 8.16 80.9 49.1 33.2 349 1 23 0
14.1 4.5 31.2 5.5 90 40.3 34.9 198 1 56 0
11 4.86 22.6 13.6 78 37.7 29.2 482 2 6 1
5.79 9.3 16 14.6 60 34.8 26.6 411 1 16 1
4.65 10.2 21.9 6.7 77 35.8 28.5 409 2 48 1
4.1 1.13 36.2 1.6 114 12.8 31.8 6 2 9 2
10.4 3.7 28 9.2 91 33.7 30.7 607 1 16 2
1.46 4.4 30.4 59.8 108 15.8 28.2 330 2 29 2
7.4 3.1 23.9 5.37 70.6 21.9 33.8 233 1 6 3
10.6 4.78 22.1 16.4 76 36.2 29.2 351 2 27 3
5.4 1.92 28 21.2 94 18 29.9 107 1 54 3
8.3 2.58 31.9 12.4 103 26.7 30.9 458 1 11 4
2.73 8.9 32.6 21.78 94.9 25.9 34.4 546 2 20 4
2.66 8.2 30.8 15.7 90.6 24.1 34 437 1 29 4
11.5 4.63 24.9 7 78 35.9 32 180 1 7 5
7.3 2.06 35.4 15.6 117 24.2 30.2 478 2 16 5
4.41 11 24.9 8.67 73.5 32.4 34 280 1 37 5

The purpose of the paper is to predict diseased people from a community using
various biomedical data. In order to determine whether a subject was healthy
or infected, data were collected through observations of blood variables, and 539
patients provided from the work of Sari and Ahmad [2, 24], we ran investigative
analysis using SPSS, AMOS. Some related calculated variables are shown and the
anemia types and the number of individuals (see Tables 2, 3)
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Table 2. Descriptive statistics about the values of the sample

Parameters HB RBC MCH WBC MCV HCT MCHC PLT Sex Age
Average 9.59 5.10 26.67 13.18 82.60 33.18 32.08 363.26 1.54 21.48
Min. 1.46 0.96 11.7 1.6 38.6 7.7 22.6 2 1 6
Max. 18.2 11.9 77 146.1 117 51.7 60.5 1892 2 56
Standard deviation 4.34 2.26 4.56 16.23 8.71 9.01 3.15 210.13 0.499 10.65
Sig. 0.000 0.001 0.054 0.549 0.988 0.565 0.643 0.009 0.000 0.022

Table 3. The anemia types and their population

Parameters Type0 Type1 Type2 Type3 Type4 Type5
Definition Healthy Iron Deficiency Anemia Deficiency Vitamin B12 Thalassemia Sickle Cell Spherocytosis
No. of subjects 211 83 9 217 10 9

2.2. Path Analysis. The directed dependencies between a group of variables are
described by the PA, which was created as a technique for examining the direct and
indirect impacts of variables. Furthermore, the PA is viewed as a type of multiple
regression that focuses on causation; its goal is to clarify the plausibility of the
causal models that researchers develop using their theoretical understanding and
knowledge, rather than to identify causes.

In path models, the independent and dependent variables are shown as boxes
or rectangles. Single-headed arrows are emanating from the exogenous; a double-
headed arrow signifies that the variables are only correlated. ’Endogenous’ variables
are those that are dependent variables. There is one or more single-headed arrows
pointing at endogenous variables [25].

While determining the amount and direction of the relation between two or
more variables by correlation analysis, the mathematical structure of the relation
is determined by regression analysis. For this reason, correlation and regression
analysis are often used to examine causal relationships. However, in some cases,
these methods are often insufficient to reveal the relationship between variables.
In multivariate regression analysis, this situation becomes somewhat complicated.
Entering independent variables with a high correlation between them can distort
the importance of the model, or make transactions in the model meaningless, or
either make the effect on the model more or less necessary or make it act against
the outcome of the correlation. Because of this, it is critical to assess the structural
relationship between quantitative variables and illustrate the connections between
independent variables by analyzing the pathway.

3. Results and Discussion

According to the literature, various strategies of many approaches are used to
analyze blood variables [8, 9, 12, 26, 27]. Many researchers [28–34] have taken into
account the multiple regression analysis while addressing various anemia problems
at various levels. Also, the PA has been studied of blood disease in the litera-
ture [16, 17, 19, 20]. Although they investigated a relationship for the prediction of
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various types of anemia, they only used a few blood factors and were aware of the
relationship between them. As a result, the current study focuses on the relation-
ship between a number of observational variables and different forms of anemia.
However, some of the observed factors have a greater effect than others.

The correlation analysis was carried out to determine the link between blood
variables. Pearson correlation analysis was used to determine the relationship be-
tween blood variables. The connections between the blood variables were as follows:
HB and RBC (-0.307), HB and MCH (0.420), HB and WBC (-0.276), HB and MCV
(0.195), HB and HCT (0.807), HB and MCHC (0.504), HB and PLT (-0.335), HB
and sex (-0.2), HB and age (0.258), and other blood variables. Pearson correlation
analysis was performed to examine whether our data is suitable for path analysis
or to understand the relationship between variables (see Table 4 and Figure 1).

Table 4. Correlations relationship between the blood variables

Independent variables HB RBC MCH WBC MCV HCT MCHC PLT Sex Age
HB 1.000 -0.307*** 0.420*** -0.276*** 0.195*** 0.807*** 0.504*** -0.335*** -0.200*** 0.258***
RBC -0.307*** 1.000 -0.131** 0.016 -0.050 0.268*** -0.178*** 0.015 0.202*** 0.323***
MCH 0.420*** -0.131** 1.000 -0.096* 0.570*** 0.266*** 0.564*** -0.211*** -0.126** 0.197***
WBC -0.276*** 0.016 -0.096* 1.000 0.050 -0.249*** -0.183*** 0.574*** 0.006 -0.077
MCV 0.195*** -0.050 0.570*** 0.050 1.000 0.254*** 0.231*** -0.113** -0.034 0.149***
HCT 0.807*** 0.268*** 0.266*** -0.249*** 0.254*** 1.000 0.310*** -0.322*** -0.051 0.434***
MCHC 0.504*** -0.178*** 0.564*** -0.183*** 0.231*** 0.310*** 1.000 -0.221*** -0.234*** 0.265***
PLT -0.335*** 0.015 -0.211*** 0.574*** -0.113** -0.322*** -0.221*** 1.000 -0.013 -0.113**
sex -0.200*** 0.202*** -0.126** 0.006 -0.034 -0.051 -0.234*** -0.013 1.000 -0.049
age 0.258*** 0.323*** 0.197*** -0.077 0.149*** 0.434*** 0.265*** -0.113** -0.049 1.000
∗P < 0.05, ∗ ∗ p < 0.01

Some blood variables had a beneficial effect on anemia types, whilst others had a
negative effect. That is, the value of the anemia will rise as the value of the variable
rises, and fall as the value of the variable declines. As a result, the standardized co-
efficient assesses the relative impact of each blood characteristic, sex, and age on dif-
ferent anemia types. It is thus given by Standard Estimatej = Bj∗SD(Xj)/SD(Y ).

In comparison to the other variables, the HB absolute value of the coefficient,
which is (-0.663), has the largest correlation with the disease categories, i.e., when
HB goes up by 1 standard deviation, anemia types go down by 0.663 standard
deviations, also, the other blood variables. The Standard Estimate value for the HB,
means that the dependent variable will vary by the Standard Estimate coefficient
value for every change in the HB (see Table 5).

The regression weight for HB in the prediction of anemia types is significantly
different from zero at the 0.001 level. Also, RBC and sex are significantly different
from zero at the 0.001 level, PLT at the 0.01 level and age at the 0.05 level. As for
MCH, WBC, MCV, HCT, and MCHC, the regression weight in the prediction of
anemia types is not significantly different from zero at the 0.05 level (see Table 5).
As for the regression weight estimate, when HB goes up by 1, anemia types go down
by 0.224. In addition, when RBC, MCH, HCT, sex, and age go up by 1, anemia
types go down by (0.224), (0.029), (0.016), (0.311), and (0.009), respectively. Also,
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Table 5. Regression weights of the blood variables and Anemia
by using the PA

Estimate Standard Estimate S.E. C.R. P
Diseases < −−− HB -0.224 -0.663 0.062 -3.615 ***
Diseases < −−− RBC -0.224 -0.345 0.065 -3.424 ***
Diseases < −−− MCH -0.029 -0.090 0.015 -1.949 0.051
Diseases < −−− WBC 0.001 0.016 0.003 0.554 0.580
Diseases < −−− MCV 0.000 -0.001 0.007 -0.015 0.988
Diseases < −−− HCT -0.016 -0.100 0.028 -0.581 0.561
Diseases < −−− MCHC 0.007 0.016 0.016 0.469 0.639
Diseases < −−− PLT 0.001 0.080 0.000 2.662 0.008
Diseases < −−− sex -0.311 -0.106 0.073 -4.231 ***
Diseases < −−− age -0.009 -0.065 0.004 -2.325 0.020

when WBC, MCV, MCHC, and PLT go up by 1, anemia types go up by (0.001),
(0.000), (0.007), and (0.001), respectively.

The P values were applied to measure the partial effect of the observations of
blood variables, sex, and age on the various anemia types compare with p < 0.05.
The biomedical variables have been seen to affect the various anemia types but in
varying rates (see Table 5).

The critical ratio (C.R.) is equal to the parameter estimate divided by the param-
eter’s standard error estimate. This statistic has a conventional normal distribution
under the null hypothesis that the parameter has a population value of zero if the
necessary distributional assumptions are made. The critical ratio was used to calcu-
late the partial effect of age, sex, and variables on the various anemia types. These
biomedical variables have been demonstrated to have differing degrees of effect on
the various anemia types (see Table 5).

As for the standard error, the regression weight estimate, -0.224, -0.224, -0.029,
0.001, 0.000, -0.016, 0.007, 0.001, -0.311, and -0.009 have a standard error of about
0.062, 0.065, 0.015, 0.003, 0.007, 0.028, 0.016, 0.000, 0.073, and 0.004, respectively
(see Table 5). This means that each blood variable has a different effect than the
other on anemia types.

Variance is a statistical measure of how much a set of observations differ from
each other, it measures how far a data set is spread out. The variance of HB is esti-
mated to be 18.831, has a standard error of about 1.148. In addition, the variance
of RBC, MCH, WBC, MCV, HCT, MCHC, PLT, sex, and age are estimated and
have a standard error (see Table 6). The results have been shown that the variance
estimate for blood variables is significantly different from zero at the 0.001 level.

In the outcome of the current PA, the biomedical model has been found to be
highly effective, on the prediction of the various anemia types, it is 0.699 of the
model. Which clarify 69.90% of the change in the relationship of the biomedical
model between all the observational variables and the various anemia types. In
other words, the error variance of anemia types is approximately 30.1% (see Table
7). As a result, it is concluded that the model including the blood variables, sex,
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Table 6. Variances

Estimate S.E. C.R. P
HB 18.831 1.148 16.401 ***
RBC 5.113 0.312 16.401 ***
MCH 20.777 1.267 16.401 ***
WBC 263.233 16.050 16.401 ***
MCV 75.850 4.625 16.401 ***
HCT 81.030 4.941 16.401 ***
MCHC 9.966 0.608 16.401 ***
PLT 44075.983 2687.360 16.401 ***
sex 0.248 0.015 16.401 ***
age 113.296 6.908 16.401 ***
e 0.645 0.039 16.401 ***

and age is significant (p < 0.000). By correlating the independent variables among
themselves, the model achieved similar results in this study.

In this study, the concept was used principle of whether the approach provides
an acceptable prediction or not. In comparison to the other approaches [2, 24, 34],
the findings show that the PA has a good fit for the initial dataset (see Table
7). Therefore, the current study offers a reliable model for predicting the various
anemia types.

Table 7. Comparison of the PA results with the other approaches

Approaches R2

PA 0.699
Particle Swarm Optimization [24] 0.699
Linear Regression Analysis [2, 34] 0.699
Linear Deep Learning Methods (LSTM) [2] 0.695
LSTM: Long Short-Term Memory

To know how significant the model, results were investigated of the root mean
square residual (RMR) is the square root of the average squared amount by which
the sample variances and covariances differ from their estimates obtained for the
model. Therefore, the smaller the RMR is indicating the better fit. Thus, the
result shows that, according to RMR=0.001 (see Table 8). However, value for the
normed fit index (NFI) should range between 0 and 1, NFI values close to 1 indicate
a perfect fit.

Incremental Fit Index (IFI): adjusts the NFI for sample size and degrees of
freedom. IFI values close to 1 indicate a good fit. The comparative fit index (CFI)
analyzes the model fit by examining the discrepancy between the data and the
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hypothesized model. CFI values range from 0 to 1, CFI values close to 1 indicate
a very good fit. Thus, the results show that each from NFI, IFI, and CFI is equal
to 1.000. Therefore, the model is considered a suitable fit (see Table 8).

Table 8. Model fit

CMIN RMR NFI IFI CFI
0.000 0.001 1.000 1.000 1.000

Since blood variables and anemia types are related to each other, blood variables
are displayed double-headed arrows between boxes. As the blood variables affect
anemia types, therefore, the model has consisted of single-headed arrows when
creating the model. The coefficients obtained from the PA are displayed in the
model (see Figure 1).

Figure 1. Diagram of the PA for prediction of anemia
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4. Conclusions and Future Research

This study has predicted the anemia types through biomedical information (the
blood variables, age, and sex of individuals). A mathematical method based on the
PA has been implemented for the first time because it is a form of multiple regres-
sion centering on causality and sheds light on the tenability of the causal models
a researcher formulates based on knowledge and theoretical considerations. So, it
was achieved to develop a biomedical model that investigates whether there is a
relationship between the various anemia types and the blood variables and finds
the best relationship between biomedical variables through the PA in predicting the
anemia types. The outcomes showed that the present biomedical model is highly
promising and capable of making predictions. In analyzing the present anemia
problem, the PA approach has been discovered to be significant compared to other
linear methods. It has been concluded that the biomedical model is predicted to be
beneficial for the diagnosis of the various anemia types and the provision of effective
treatment plans for their patients. This model could be improved in further studies
by taking into account various statistical techniques and apply the model to other
data and compare it.
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