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The main purpose of this work is to produce early finding /detection report for covid-19 by automated system using artificial intelligence tech-
nigues and drug development. This work comprises a proposed method for quantifying the features of textured Covid Images and Curcumin as an
analyte for five various concentrations i.e. 0 mM, 10 mM, 20 mM, 30 mM and 40 mM. During data analysis using artificial intelligence and machine
learning approaches, HRCT was found to be useful diagnostic tool. For the quantification and features extraction, statistical analytical methods
were applied on normal and affected data (grey images) after discussion with expert radiologist. Total number of region of interests selected was
320. The proposed method accuracy for three classes COVID-19 mild cases, COVID-19 severe cases and normal cases were 94.4%, 96.6% and
98.4%. Sensitivity was 94.5%, 96.6% and 98.4% with respect to principal component analysis, linear discriminant analysis and nonlinear discrimi-
nant analysis. Clinical findings disclose the higher mortality rate, different severity levels and to identify the stages of virus attack. Curcumin can be
used as drug to improve histopathological results.
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Introduction: There was a huge viral
attack, checked in December 2019, ap-
peared in Wuhan, province Hubei China
and firstly spread to the other regions of
china and then to the worldwide [1]. This
novel corona virus (COVID-19) was ob-
served with some common symptoms in
mild cases like fever, fatigue, dry cough,
etc. and in serious cases, infections ob-
served that can cause fatal pneumonia
[2], dyspnea, and acute respiratory dis-
tress condition that lead to death [3].
According to literature survey COVID-19
can spread among humans by means of
respiratory track [4-5]. It was observed
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that mortality ratio was low in children [6]
and high in males and elderly persons
[7]. The incubation period for COVID-19
varies based on different sources: WHO
(The World Health Organization) report-
ed duration for incubation period for co-
rona virus 2-10 days while, NHC (China’s
National Health Commission) had an-
nounced the estimated incubation dura-
tion 10-14days. The CDC (United States)
claimed 2-14days whereas DXY.cn, a top
ranked Chinese online community for
physicians and health care professionals,
reported estimation 3-7 days can be up
to 14 days. The effective way to reduce
the strength of corona virus is proper
isolation [1]. Today’s basic necessity is
to identify the early stage of COVID-19
(even before symptoms appear) with an
automated report generation with collab-
oration of diagnostic imaging. Literature
shows Texture analysis plays great role in
segregating the pattern observed in med-
ical images [8-9]. CT texture analysis is a
prominent tool to investigate and identify
human tissue features precisely to dis-
tinguish malignant and normal tissue im-
ages by applying different quantification
methods [10].

COVID-19 is a disease that spreads
through virus and triggers the Severe
Acute Respiratory Syndrome (SARS). In
December 2019 COVID-19 spreads in
whole world with origin Wuhan, a city of
China [11]. Many elucidations were con-
ducted on genome of COVID-19 by sci-
entists and made many drugs. Protease
was selected for such drugs because it
works when RNA of Covid-19 replicates

[12]. Curcumin is one of the most prom-
inent antiviral. Bisdemethoxycurcumin,
desmethoxycurcumin and curcuminoid
are three types of curcumin. It is a poly-
phenol [13]. Curcumin acts as anticancer,
antidepressant, antioxidant, anti-inflam-
matory and antiviral in many biological
phenomenon’s [14]. Curcumin by the pro-
cess of fibrosis during COVID-19 reverse
the pathway of pulmonary system due
to its biological targets like inflammatory
response, inhibition and immunological
properties [15]. We have discussed the
biological components and parameters of
blood of COVID-19 patient for 0 mm, 10
mm, 20 mm, 30 mm and 40 mm hemato-
logical under Curcumin analyte.

The infected CT images of COVID-19
showed similarity for chest tomographic
configuration of ground glass opacities,
consolidation with bilateral and marginal
lung infections for SARS-CoV-19. The
radiologist found similar symptoms in de-
tecting abnormalities for viral pneumonia
and SARS-CoV-19 Pneumonia [16].

There is limitation in chest CT findings
due to its negative prognostic value at
primary symptoms appearance [17]. Ar-
tificial intelligence (Al) is somehow per-
forming better understanding in human
imaging analysis as well as for identifying
abnormalities [18]. According to literature
survey Coronavirus belongs to one of the
largest viruses group Nidovirales, which
contains Coronaviridae, Arteriviridae,
Mesoniviridae, and Roniviridae families
[19]. The Coronavirinae comprise of nine
families. These viruses firstly differen-
tiate or grouped according to serology
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Fig. 1. High Resolution Computed tomog-
raphy (HRCT) images of (a) normal and
COVID-19 infected data (b) mild cases and (c)
severe cases

but now they are classified by phyloge-
netic assembling. The Coronaviruses
Alpha, Beta, Gamma and Delta are the
four species arises from Coronavirinae
family [20]. Lu et al [21] studied that a

Fig. 2. ROl marked on HRCT images of the
patients (a) normal (b) mild infected with covid
(C) severe with coronavirus disease-2019. In
case(c) GGO, consolidation and septal thick-
ening appear that reveals the severity

novel coronavirus (termed 2019-nCoV)
detected during clinical sample investi-
gations from viral pneumonia patients in
Wuhan, China. 2019-nCoV has resem-
blance in pattern with the virus caused by

SARS, epidemic 2003. A novel research
on COVID-19 is also given by one of the
academy of Medical Sciences in China
described by Ren et al. They observed
this research in five patients that was di-
agnosed with pneumonia due to viral as
the major reason, later tested COVID-19
positive with the metagenomics observa-
tion of samples of patients of respiratory
tract. Sequence findings showed that this
virus is phylogenetically closest to the bat
SARS-like CoV, but is in a different lin-
eage, possessing. In addition, the amino
acid sequence of this new CoV's prelim-
inary receptor-binding domain (RBD) re-
sembles that of SARS-CoV, implying that
the same receptor could be used.

According to Wang et al [22], for the
development to study and get rid of this
dangerous and complex virus, scientific
study is of critical importance. Many de-
velopment and advance research, in field
of medical, environmental and science,
is needed to understand the clear view,
growth and transfer of virus in body.

Rao et al. suggested that if online
mobile based app is discovered to take
sample, patient history, critical symptoms
of COVID-19, it will save time and fast
isolation is possible [23]. Even this data
can be used for the basic screening and
rapid detection of COVID-19 patients.
With the help of artificial intelligence (Al),
a statistical calculation can be achieved
that will give good information accord-
ing to risk factors like patients having no
risks, patients having low risk, patients
having medium risk factor and patients
with severe risk. The patients with se-
vere -risk factor detected may then be
quarantined sooner, minimizing the prob-
ability of the virus spreading. It is very
necessary to communicate with children
and families in the hospitals. People may
feel that there is no COVID-19 treatment,
but we need to help them realize that it
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is likely that positive therapy is all that is
required [6].

To estimate the transmission risk of
COVID-19, a mathematical model was
proposed to conclude that 6.47 could be
the basic reproduction number. Wang
et al. [24] proposed the following guide-
lines, based on the report findings (1) CT
scan or x-ray scan of lung of each patient
should be considered. In clinically sus-
pected cases of quarantine, patients with
traditional pulmonary signs should be in-
cluded. Lung CT should be rechecked in
3 to 5 days for patients without apparent
lung signs but with clinical symptoms,
(2) as a requirement for admission to
the quarantine ward, positive lung CT
results instead of a positive nucleic acid
test should be used. (3) CT exams should
be performed every 5 to 7 days in hos-
pitalized patients and a low-dose scan
should be used. In short, clinicians and
radiologists should recognize the impor-
tance of chest CT in the diagnosis and
treatment of COVID-19, be familiar with
the characteristics and diagnostic points
of COVID-19 chest imaging, and improve
contact within the radiology community,
which is particularly important in the fight
against COVID-19 [24].

Currently researchers are working on
Al (Artificial Intelligence) to develop tools
that can boost the potential of health care
[18]. Qanees et al. developed FPAS-
SA-ANFIS (flower pollination algorithm
using the salp swarm algorithm) that was
applied as a forecasting technique that
has the ability to predict number of con-
firmed COVID-19 cases within ten days
[25]. Srinivasa et al. suggested that deep
learning algorithms can be implemented
to identify early signs of COVID-19 viral
infection [23].

Materials and methods. In this study,
the data was collected from personal
contacts for clinical aspects to char-
acterize and differentiate normal and
COVID-19 cases. Analysis was done
with 20 normal cases versus 20 coro-
na infected patients with mild state and
50 severe corona patients with HRCT
images. Senior doctors and radiologist
were consulted for the precise judgment
and discussion of symptoms and clinical
findings to strengthen proposed analysis
results. The most common symptoms ob-
served in mild cases were fever, cough,
fatigue, myalgia (body aching) and poor
appetite. Clinical findings were periph-
eral Ground Glass Opacity (GGO), Bas-
al Consolidation, septal thickening and
vascular dilation [26] etc. Recovery time
was 10-15 days. Severe patients were
observed with some complications due to
diabetics, hypertensive, cardiac, smoker,

high grade fever and shortness of breath.
Some patients were treated with oxygen
therapy. Pattern on HRCT was same
Ground glass opacity, consolidation, sep-
tal thickening and vascular dilation with
high grade. Recovery time examined 21
days to one month. Generally, age was
one of the basic factors perceived in mor-
tality rates.

Blood smear preparation: Blood
smear method was used for preparation
of slides of blood cells. Fixing and stain-
ing was used for WBCs and RBCs and
for platelet cells PRP by centrifuge meth-
od at 50x10°rpm. Fixing is done by using
Ethanol and staining by using field strain
(A, B). Then images of these slides were
captured by using microscope with lens
of 40X for WBCs and RBCs. This was
conducted at room temperature.

Feature Extraction: The digitization
of texture features is done by feature
extraction process in texture analysis
methods. Texture variation, angles of
direction and surface structure can be
defined by these extracted features or
parameters. Statistical analysis method,
Co-occurrence matrix was used for com-
puting Haralick texture features for each
ROI. Features data was calculated from
the region of interests was based on im-
age intensity. A square matrix that keeps
record of frequencies of occurrence of
these gray levels in pairs relationships is
known as co-occurrence matrix [27]. Its
dimensions are independent to that of the
image matrix [28].

Grey level co-occurrence matrix is
second order method that statistically
measures grey level. It works with the
linear spatial relationship between neigh-
boring pixels and describes combinations
with neighboring pixels exist in any direc-
tion at angle 6 [10, 29-30]. The comput-
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ed Haralick texture features are Angular
Second Moment, Contrast, Correlation,
Variance, Inverse Difference Moment,
Sum Average, Sum, variance, Sum En-
tropy, Entropy, Difference Variance, Dif-
ference Entropy, Information Measures of
Correlation |, and Information Measures
of Correlation2.

Experimental Results. High Resolu-
tion Computed tomography (HRCT) was
performed with patients using 64-slice
Toshiba Medical System, X-ray high volt-
age generator, Model CXXG-012A, input
was 37, 200V and 50/60 Hz. Maximum
input power was 90kVA. The output was
120kV, 600mA, and 135kV, 530mA made
in Japan.

Selection and construction of ROls.
Region of interests were defined or se-
lected when image loaded on image pro-
cessing software. In this research work
system was defined region of interest with
sizes 8 x 8, 16 x 16 and 32 x 32 window
sizes. For the precision and accuracy 8
x 8 ROI was constructed. Multiple ROIs
from patient’'s image were chosen to in-
crease the number of number of samples
from patient’'s data. Size of region of in-
terest basically indicates the number of
pixels under consideration. In this study
the shape of the selected region of inter-
est was square.

Feature Selection. In digital image
total dimensions are proportional to the
number of pixels exist in that pattern. In
that sense it constructs large number of
dimensions. For specific problems it is
good to minimize the number of dimen-
sions by making feature vector. That fea-
tures are called the statistical parameters
which describes the spatial interrelation-
ship of different grey levels in neighboring
pixels. Basically feature section or reduc-
tion makes sense in terms of grouping
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Table 1

Features pooled mean pooled standard deviation
angular Second Moment 5.8036E-03 5.5229E-03
contrast 7.6720E+02 5.2918E+02
correlation 3.4903E-01 2.3780E-01
variance 5.3339E+02 3.6326E+02
inverse Difference Moment 1.0860E-01 1.2192E-01
sum Average 2.6590E+02 7.9759E+01
sum Variance 7.6099E+04 4.0695E+04
sum Entropy 4.2502E+00 5.8819E-01
entropy 5.5698E+00 5.8719E-01
difference Variance 6.2831E+02 4.4838E+02
difference Entropy 3.4639E+00 8.1990E-01
info_measur_corrl -3.6850E-01 8.8901E-02
info_measur_corr2 9.3751E-01 7.8914E-02
Statistical Techniques Results
Principle component Analysis
Linear dimensionality 5
Fisher coefficient 11.6
Feature vector standardization yes
1-NN classification of MEFs:

Misclassified data vectors 18/320 [or 5.63%]
Linear Discriminant analysis
Linear separability 0.98
LDA dimensionality 2
Fisher coefficient 181
Feature vector standardization yes
1-NN classification of MDFs:
Misclassified data vectors 11/320 [or 3.44%)]
Nonlinear discriminant analysis
Misclassified f. vectors 5/320 [or 1.56%)]
Fisher coefficient, F 50.4
Feature vector standardized yes
- é g 0.04
zs82
vEFS MDF2
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60
-496
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or sorting to reduce irrelevant data and
approach to accuracy. This feature se-
lection process applied before the statis-
tical techniques are applied on data [31].

Statistical Assessment / Data Pro-
cessing Techniques. Statistical analysis
was executed using Sante DICOM view-
er (used to view images on impartial sys-
tem), IrfanView 64 (that is pronounced
for viewing and accomplishing trivial
image’s management. It simply works
from changing file format to manipulation
of digital images basic features), com-
puter vision lab [32] (software designed
for PhD work, used to compute different
region of interest with 8 by 8, 16 by16,
and 32 by 32 cursor size) and B11 [29]
(a unit/software permits visualization of
sample distribution and sorting the fea-
ture vectors. Furthermore, it provides tool
for artificial neural network (ANN) and
nonlinear supervised classification (1NN-
1-nearest neighbor classifier). Statistical
techniques executed in the B11 software
encompass PCA (Principal component
analysis), LDA (Linear discriminant anal-
ysis) and NDA (nonlinear discriminant
analysis) [33-35].

Texture Analysis. Texture analysis is
considered as the excellent tool in medi-
cal field like radiology. Homogenous and
heterogeneous textures are pronounced
in medical images for pointing the same
and violent nature of lesions in the diag-
nostic imaging. To study diagnostic im-
ages, there is vital need to understand
image pathology in detail. An image is

(=1 25

(b)

MDF 1 085

NDA 1

Fig. 5. Showing the distribution of texture features for ROI of dimensions 8 * 8 within normal (marked as red) and Covid (with severe cases marked
as green) and with mild states (marked as blue) by (a) Principle Component Analysis in three dimensions, The longitudinal, lateral and vertical
axis corresponds to most expressive features (MEFI, MEF2 and MEF3) (b) Linear Discriminant Analysis in two dimensions, The horizontal and
vertical axis corresponds to the most Discriminative features in one linear dimension(MDF1 and MDF2) (c) Nonlinear Discriminant Analysis in two

dimensions (NDAf1 and NDAf2).
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collection of unit cell called pixel [36]. In
latest research texture analysis has be-
come the fundamental part of radiology
to measure different parameters. As the
images can be homogenous or hetero-
geneous (shows complicated pattern
for crucial stages), for the quantification
of heterogeneity, texture analysis is the
essential tool that defines the texture in-
formation, that can predict routine stages
and survival rates against diseases [32,
37]. The proposed method for this work
figures out results from Haralick texture
features using statistical techniques
deduced from Co-occurrence matrix
(GLCM). As single pixel intensity value
variation does not provide enough infor-
mation about texture behavior that's why
second order statistics is used for pair of
pixels.

Results showing Haralick texture fea-
tures with pooled mean (p. mean) and
pooled Standard deviation (p.std) and
for all these features different statistical
techniques Principle component anal-
ysis, Linear Discriminant analysis and
Non-linear discriminant analysis present-

ing normalization, fisher Coefficients and
misclassification rates (normal versus
COVID-19 textured data) with feature
vector standardization and 1NN classifi-
cation of MEFs (Table 1).

(a) showing confusion matrix for clas-
sification using Principle component
analysis (PCA) (b)Differentiation perfor-
mance of normal versus covid (mild and
severe cases) table showing the overall
accuracy 94.4% with application of tex-
ture analysis method.TP, TN, FP and FN
represent true positive, true negative,
false positive and false negative respec-
tively (Table 2).

(a) showing confusion matrix for clas-
sification using Linear discriminant analy-
sis (LDA) (b) differentiation performance
of normal versus covid (mild and severe
cases) table showing the overall accu-
racy 96.6% with application of texture
analysis method. TP, TN, FP and FN rep-
resent true positive, true negative, false
positive and false negative respectively.
(Table 3).

(a) showing confusion matrix for clas-
sification using Non discriminant analysis

(NDA) (b) differentiation performance of
normal versus covid (mild and severe
cases) table showing the overall accu-
racy 98.4% with application of texture
analysis method. TP, TN, FP and FN rep-
resent true positive, true negative, false
positive and false negative respectively.
(Table 4).

Microscopic Results. Deviations of
blood components and parameters under
five different concentrations of Curcumin
i.,e. 0 mM, 10 mM, 20 mM, 30 mM and
40 mM by using white light microscope of
sample set (I1) are shown below in figure 6.

Discussion. Figure 1 represents
the overall workflow adopted in this re-
search, illustrating the sequential steps
involved in image acquisition, prepro-
cessing, feature extraction, and classifi-
cation. Initially, HRCT (High-Resolution
Computed Tomography) or polarimetric
images of patients were acquired and
stored in a digital format. These images
were then subjected to preprocessing
operations, including noise reduction,
contrast enhancement, and normaliza-
tion, to ensure uniformity across all sam-

Table 2

a b
PCA Analysis PCA
TRUE Class Class Name | TP | TN | FP | FN | Precision | Recall | F1-Score
Normal _ Severe  Mild Normal | 71 |249| 0 | 0 | 1.000 | 1.000 | 1.000
Predicted  Normal 71 0 0 Severe 186 [ 116 [ 10 | 8 | 0.949 | 0959 | 0.954
Class  Severe 186 10 Mild 45 (257 | 8 | 10| 0849 | 0818 | 0.833
Mild 8 45 Total 302 18 | 18 0.944 0.944 0.944
a b
LDA Analysis LDA
TRUE Class Class Name | TP | TN | FP | FN | Precision | Recall | F1-Score
Normal Severe Mild Normal 71 | 249 0 1.000 1.000 1.000
Normal 71 0 0 Severe 190 | 119 4 0.964 0.979 0.972
Severe 190 7 Mild 48 | 261 0.923 0.873 0.897
Mild 0 4 48 Total 309 11 | 11 0.966 0.966 0.966
a b
NDA Analysis NDA
TRUE Class Class Name | TP | TN | FP | FN | Precision | Recall | F1-Score
Normal  Severe Mild Normal 711249 0 | O 1.000 1.000 1.000
Predicted  Normal 71 0 0 Severe 194121 5 | 0 | 0975 | 1.000| 0.987
Class  Severe 194 5 Mild 50 [265| 0 | 5 | 1.000 | 0909 | 0952
Mild 0 50 Total 315 5 5 0.984 0.984 0.984
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Fig. 6. Micrograph showing size and shape changes of WBCs fewer than five concentrations of Curcumin i.e. 0OmM to 40mM under analyte (cur-

cumin) at 40X.

Table 5

Abnormalities or improvement in cells and parameters values under Curcumin Concentrations

. No. of No. of
I cephreumin No'l‘(’)f/\gfcs %agt%eﬁ RB(}/IlsL 10¢/ I;/C(;‘LB RDW % | PDW % |MCV fL| MPV fL| HCT % | PCT %
1 0 mM 2.85 178 4.05 102 | 154 | 189 | 924 | 82 | 373 | 024
2 10 mM 417 2195 433 106 | 159 | 206 | 935 | 86 | 371 | 024
3 20 mM 4.99 2457 441 105 | 157 | 201 | 941 | 80 | 392 | 020
4 30 mM 7.69 246 458 121 | 158 | 219 | 949 | 86 | 423 | 023
5 40 mM 10.47 280.9 4.89 143 | 164 | 223 | 966 | 85 | 446 | 025

ples. Subsequently, texture-based and
statistical parameters were extracted
from the processed images to quantify
microstructural differences between nor-
mal and infected tissues. The extracted
features were then analyzed using di-
mensionality reduction and classification
techniques such as PCA, LDA, and NDA
to distinguish between various stages of
infection or disease severity. Thus, Fig-
ure 1 outlines the complete analytical
pipeline—from raw image input to final
diagnostic  classification—demonstrat-
ing the systematic approach adopted in
this study. Figure 2 depicts the selec-
tion of Regions of Interest (ROIs) on
HRCT images of patients with varying
degrees of COVID-19 infection. Subfig-
ure (a) represents a normal lung image
showing clear alveolar structures with-
out visible abnormalities. Subfigure (b)
shows a mildly infected case, where
faint ground-glass opacities (GGO)
are observed, indicating early inflamma-
tory changes. Subfigure (c) illustrates a
severely infected lung, where extensive
GGO, consolidation, and interlobular
septal thickening are evident, signifying
advanced pulmonary involvement and
severe tissue damage. The ROIls were
marked as square windows of fixed size
to capture specific texture patterns within
each region, facilitating quantitative com-
parison of structural changes across in-
fection stages. This figure demonstrates
the rationale behind ROI selection and
highlights the visual progression of
COVID-19-related pathological features
in HRCT imaging.

In the present study, total number of

regions of interest selected for work was
320, in which normal were 71, mild 55
and severe 194. The pooled statistical
evaluation of polarimetric texture features
demonstrated clear distinctions between
normal and pathological tissues. High
contrast (7.67 x 10?) and variance (5.33
x 102?) indicated significant structural het-
erogeneity, while low angular second mo-
ment (5.80 x 10-%) and inverse difference
moment (0.108) reflected reduced uni-
formity. Elevated entropy (5.57) and sum
entropy (4.25) values signified increased
randomness and tissue disorganization
associated with malignancy. Correlation
parameters (0.349) and information mea-
sures (info_measure_corr1 = -0.368;
info_measure_corr2 = 0.938) confirmed
moderate pixel dependencies, highlight-
ing disrupted microstructural patterns.
Principal Component Analysis (PCA)
achieved a Fisher coefficient of 11.6 with
5.63% misclassification, while Linear Dis-
criminant Analysis (LDA) improved accu-
racy (3.44% error; Fisher = 181; separa-
bility = 0.98). The best classification was
obtained using Nonlinear Discriminant
Analysis (NDA), showing only 1.56%
misclassification and Fisher coefficient of
50.4. Overall, nonlinear statistical map-
ping demonstrated superior tissue differ-
entiation and strong diagnostic potential
of polarimetric and textural parameters.
Here the proposed work has done with
ROI 8%8. As indicated in table 1, p. mean
and p.std was derived from Haralick tex-
ture features. After setting feature vectors
standardization, neural network parame-
ters, and classifying categories, analysis
was completed with PCA, LDA and NDA

methods. In PCA model the linear dimen-
sionality and fisher coefficient were 5 and
11.6 respectively.1-NN classification of
MEFs shows the misclassification data
vectors 5.63% and classification and
overall accuracy for PCA module was
94.4% (as indicated in table 2) Figure
3(a) showing the distribution of texture
features for ROIls for normal cases the
isolated cluster is observed (red) with
100 % accuracy while other two clusters
showed accuracy with some misclassifi-
cation proportion. These disparities mea-
sured by means of other physical aspect
ratio (symptoms of unhealthy conditions
like smoking, hypertension and diabetes
etc.). Figure 3(b) showing the distribution
of texture features for normal, mild and
severe ROls there is three sequestered
clusters, but Covid-infected was lineup
in comparison with normal that showed
the aggressive nature of disease even
in mild or critical situation. In LDA model
the linear separability was 0.98. LDA di-
mensionality was 2 and fisher coefficient
was 181. During 1-NN classification of
MDFs the misclassification rate was ob-
served 3.44%. The overall accuracy per-
ceived was 96.6%for LDA analysis (as
shown in table 3). In NDA analysis fisher
coefficient was 50.4 and misclassified f.
vectors were 1.56%. The overall accura-
cy 98.4% was reported (as point out in
table 4). Even though there was overlap-
ping among some ROIs among mild and
severe cases that showed the variation
of infection rates due to already existed
some dysfunctions of the body. While
the analysis with normal cases was re-
ported 100% for all methods PCA, LDA
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and NDA. Figure 3(c) discriminated the
texture features properly due to contrast
and correlation of the vectors.

In this proposed work different con-
fusion matrices have drawn for the real
assessment. These matrices are show-
ing TP, TN, FP and FN (true positive,
true negative, false positive and false
negative) values with measurements of
Precision, Recall, F1-score and accuracy
(used equations are shown below [38].

Precision = TP/(TP+FP)
Recall/ Sensitivity = TP/(TP+FN) (2
F1-score = (2XTP)/(2*TP+FP+FN) (3)
Overall accuracy = Sum of TP/ Total
number of RO/ (4)

(1)
)

Accuracy (https://tech.labs.oliver-
wyman.com/blog/2019/10/17/accura-
cy-precision-recal-elixir/) is the sum of
the diagonal divided by the total. Table
2(a) is showing the confusion matrix for
PCA analysis, the TP (True positive) for
normal was 71, TN (True negative) 249,
FP (False positive) and FN (False neg-
ative) was 0. Value of Precision, recall
and F1-score was 1 that shows excel-
lent accuracy for normal ROIs for PCA.
For severe cases/ samples/ ROls the TP
was 186 and TN 116 whereas FP and FN
values were 10 and 8 respectively. Preci-
sion, recall and F1 score was less than 1
and 0.949, 0.959 and 0.954 respective-
ly. For mild ROIs TP was 45 and TN, FP
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and FN was 257, 8 and 10 respectively.
Measurements for precision with recall
and F1 score was less than 1 and 0.849,
0.818 and 0.833 respectively. Table 2 (b)
presenting the total TP= 302, FP and FN
=18, total precision = recall = F1-score =
0.944. The overall accuracy calculated
from the confusion matrix was 94.4%.
Table 3 presenting a confusion matrix
for LDA analysis to differentiate between
performance of normal versus covid (mild
and critical) ROls. Value of TP=71, TN =
249, FP=FN=0 and precision, recall and
F-1 score approaches to 1, that shows
the maximum accuracy. In case of se-
vere category TP=190, TN= 119, FP=7,
FN=4 and the values of the precision, re-
call and f1-score were 0.964, 0.979 and
0.972 respectively. For mild class TP=48,
TN=261, FP=4, FN=7, precision= 0.923,
recall=0.873, and F1-score was 0.897.
LDA analysis showed more vibrant re-
sults as compared to PCA with total TP
309, FP=FN=11, overall precision was
0.966, recall 0.873 and F1-score 0.966
that disclosed the total accuracy 96.6%.
Confusion matrix for NDA method has
drawn in Table 4 that delivers the descrip-
tive information about textural features of
different ROIls. In normal case like PCA
and LDA precision was observed with
excellent results with 100% TP and TN
ratio. In severe class TP was 194, TN
121, FP and FN was reported with values
5 and 0 respectively. In this analysis val-
ue of precision was 0.975, Recall 0.909
and F1-score 0.952. In mild category
the values for TP, TN, FP and FN were
50, 265, 0 and 5 respectively. Precision
points to 1 whereas recall and F1-score
were 0.909 and 0.952 respectively. NDA
analysis presented more exciting results
with entire accuracy of 98.4% and total
precision was 0.984. Although the total
TP values were 315 and FP, FN were 5, 5
respectively. It is concluded that Corona
virus is an extremely spreadable among
human beings and can cause moderate
to prolonged effects that can be harmful
[39]. Patients with mild state observed
with ground glass opacity (GGO) and
basal consolidation in common. GGO
was the most common sign in either mild
or severe patients. In critical situations le-
sions were scattered and finally infected
the lungs and septal thickening and vas-
cular dilation were found with pulmonary
consolidation. These changes appear
in the form of shortness of breath that
takes time to recovery and enhance in-
fection rate. This suggests that presented
techniques have promising probability to
identify the infection in early stages even
on critical one. The visual assessment/
findings indicate that mortality rate can
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be increased due to aging, or lesions
present in lungs or liver [2-3, 40] or oth-
ers. It is also cleared at this stage that
HCRT texture analysis is a practically ap-
plicable tool for characterization and dif-
ferentiation normal versus infected ROls.
In further recommendations that are a
lot of work remaining on individual dis-
eased organs infected with covid-19 that
will help out to more commercialize this
method in diagnostic units.

Also we have tried to explain the ab-
normalities / improvement in blood cells
and parameters of Covid-19 patient
blood with the help of hematology and
microscopy after admixing Curcumin for
inherent concentration i.e. 0 mM and
for 10 mM, 20 mM, 30 Mm and 40 mM.
Convicted covid-19 patient has highly ef-
fected immune system and blood coag-
ulation system i.e. physiology of WBCs
and Platelet cells are disturbed highly.
Size and shape of WBCs is improved by
the use of curcumin as we can see from
figure 5 (a-e). Shape of RBCs changes
from biconcave to spherical and spiked
and their size also increases when we
increase the concentration of Curcumin.
Similarly, size and shape of Platelet cells
is improved under curcumin from inher-
ent to optimum value as shown in figure
6 (a-e). Count of WBCs goes on increas-
ing gradually from 8.5%x10%/uL at inherent
value to 8.94x 10%uL at optimum value
as drawn in figure 7 (a). Basophil and
lymphocytes illustrate drastic changes.
Thus Curcumin improves the immune
system of Covid-19 patient. Lymphocytes
(natural germ Kkiller) produce antibod-
ies against the parts affected by either
cancer or by virus. Their count increas-
es from 2.23% to 4.74%. Basophil pro-
duces histamine (homeostasis factor)
and heparin (an anticoagulant). Count
of Basophil cells is also increased from
0.55% to 2.57% as we mix curcumin from
inherent to optimum concentration. Rest
types of WBCs remained unchanged. In
covid-19 patient count of platelet cells
goes on increasing from 178x10%uL at
inherent value and reaches 280.9x10%
pL at 40 mM concentration as drawn in
figure 7(b). It can also be concluded that
low count of platelet cells in diabetes can
be improved by using curcumin. Count of
RBCs in Covid-19 patients is not much
affected just very slow gradual increase.
HGB is the oxygen transportation pig-
ment of Red colour present in our body.
HGB level increases as we increase the
concentration from 10.2 g/dL at inherent
value up to14.4 g/dL at optimum value as
drawn in figure 7(d). Respiratory system
suffered a lot in covid-19 but Curcumin
plays very vital role in restoring it by in-

creasing the HGB level. Parameter like
HCT which measures the proportion of
RBCs in blood is increased from 37.3%
to 44.6% as we increase the concentra-
tion of Curcumin. Parameters like MCV,
MPV, RDW, PCT and PDW show little bit
deviation at optimum value as we com-
pare with value at inherent concentra-
tion. Thus, Curcumin showed a strong
restorative effect on the hematological
profile of COVID-19 patients. Increas-
ing its concentration improved the mor-
phology and count of WBCs, RBCs, and
platelets, enhancing immune response,
oxygen transport, and blood coagulation
balance. Elevated HGB and HCT levels,
along with increased lymphocyte and
basophil counts, confirm curcumin’s role
in strengthening immunity and restoring
normal blood physiology. Overall, cur-
cumin demonstrates promising potential
as a natural therapeutic agent for mitigat-
ing hematological disturbances caused
by COVID-19 infection.

Conclusion. This study has total 320
ROls, with normal 71; mild 55 and severe
194 by using after setting feature vectors
standardization, neural network parame-
ters, and classifying categories, analysis
was completed with PCA, LDA and NDA
methods. The results show an excellent
accuracy for normal ROIls for PCA with
TP=71, TN=249, FP and FN was 0 and
precision value=1. Severe cases for PCA
with TP=186, TN=116, FP=10and FN=8
and precision value <1 while Mild cases
for PCA with TP=45, TN=257, FP=8and
FN=10 and precision value <1. The over-
all accuracy calculated from the confu-
sion matrix was 94.4%. For LDA anal-
ysis of normal ROIs TP=71, TN = 249,
FP=FN=0 and precision approaches to
1,. In case of severe category TP=190,
TN= 119, FP=7, FN=4 and the values of
the precision <1. For mild class TP=48,
TN=261, FP=4, FN=7, precision <1. LDA
analysis showed more vibrant results as
compared to PCA that disclosed the to-
tal accuracy 96.6%. For NDA in normal
case like PCA and LDA precision was ob-
served with excellent results with 100%
TP and TN ratio. NDA analysis presented
more exciting results with entire accura-
cy of 98.4%. It is concluded that Corona
virus is an extremely spreadable among
human beings and can cause moderate
to prolonged effects that can be harmful
and Curcumin has the potential as one
of the most prominent, less expensive,
homeopathic antiviral for improvement of
blood cells and parameters in Covid-19
patient.
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I.A. Andrievskaya, T.S. Churikova, O.L. Kutepova
HISTOLOGIC CHANGES

OF THE PLACENTA IN CHRONIC
SUBCOMPENSATED PLACENTAL
INSUFFICIENCY IN WOMEN WITH
COVID-19 OF MODERATE SEVERITY
IN THE SECOND AND THIRD
TRIMESTERS OF PREGNANCY

Introduction. COVID-19 in pregnant women is associated with inflammatory damage to the placenta, leading to impaired uteroplacental and
fetal-placental circulation and the development of chronic placental insufficiency. Objective. To perform histologic study of placental tissues in
women with chronic subcompensated placental insufficiency associated with COVID-19 of moderate severity. Materials and methods. Placentas
from women who developed chronic subcompensated placental insufficiency against the background of moderate COVID-19 in the second and

ANDRIEVSKAYA Irina A. — PhD, D.Sc. (Biol.),
Professor RAS, Head of Laboratory of Mecha-
nisms of Etiopathogenesis and Recovery Pro-
cesses of the Respiratory System at Non-Spe-
cific Lung Diseases, Far Eastern Scientific
Center of Physiology and Pathology of Res-
piration, e-mail: irinaandrievskaja@rambler.ru,
ORCID 0009-0002-9893-2799; CHURIKOVA
Tatyana S. — junior staff scientist, Laboratory
of Mechanisms of Etiopathogenesis and Re-
covery Processes of the Respiratory System
at Non-Specific Lung Diseases, Far Eastern
Scientific Center of Physiology and Pathology
of Respiration; e-mail: churikova97@yandex.
ru, ORCID 0009-0002-9893-2799; KUTE-
POVA Olga L — PhD (Biol.), Staff Scientist,
Laboratory of Molecular and Translational Re-
search, Far Eastern Scientific Center of Phys-
iology and Pathology of Respiration; e-mail:
helga1509_84@mail.ru, ORCID 0000-0002-
8895-3943

third trimesters of pregnancy (main group, n = 40). The control group consisted of placentas from
women not infected with SARS-CoV-2 (n = 20). Histological study and morphometric analysis of
placenta slice preparations were performed. Results. Histologic study of placenta from women
of the main group revealed the following uncharacteristic specific signs of viral tissue damage:
decidual vasculopathy, lymphoplasmacytic infiltration, thrombi in the venous vessels of the stem
villi, villitis and intervillusitis, deposition of intervillous fibrinoid, hyperplasia of syncytiotrophoblast
and chorangiosis. Morphometric analysis showed an increase in the proportion of perivorsinchal
fibrin and capillaries in terminal villi, and a decrease in the density of syncytiotrophoblast mem-
branes. In addition, an increase in the number of syncytial nodules and intermediate immature
villi, as well as capillary bleeding in intermediate and terminal villi were found. Conclusion. The
moderately severe course of COVID-19 in the second and third trimesters of pregnancy is asso-
ciated with structural changes in the placenta, which, with insufficient efficiency of compensatory
and adaptive mechanisms, is one of the causes of the development of chronic subcompensated
placental insufficiency.

Keywords: pregnancy, COVID- 19, chronic subcompensated placental insufficiency, placen-
tal histology, morphometry.
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