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ABSTRACT

98 percent of the substances that enter the central nervous system are controlled by the blood-brain barrier (BBB)
(CNS). Compounds with high permeability must be discovered to enable the production of brain medications for
the treatment of various brain conditions including Parkinson's, Alzheimer's, and brain malignancies. To address
this issue, a number of models have been developed over time, with respectable accuracy ratings in forecasting
substances that penetrate the blood-brain barrier. Forecasting molecules with "poor" permeability, however, has
proven challenging. Several machine learning classifiers, including Principal Component Analysis PCA, Neural
Network SVC, and XGBoost, have been compared using Molecule Net in this research study and are shown in
the outcome section. Several concerns should be addressed before creating the classification model in order to
enhance the high-dimensional, unbalanced dataset: the Oversampling methods are used to handle the unbalanced
dataset, while kernel principal component analysis, a non-linear dimensionality reduction method, is used to solve
the excessive dimensionality. The accuracy of a 500-epoch neural network is about 98%, which is far higher than
that of earlier studies.

Keywords: blood brain barrier, CNS , SVC, XGBoost, classifiers, Neural network.

INTRODUCTION

Blood-brain barrier (BBB) is dangerously emerging as one of the fatal neurodegenerative disorders over
the lastfew years which depicts itself as a progressive degeneration of cognitive abilities. 50 million people,
most of whom are above 65 years of age, are affected with BBB worldwide [1]. It has been also reported that
around 10% of the BBB patientsare within the age group from 30 years to 60 years. BBB is regarded as the

most common form of dementia and presently 60-70% of dementia is due to BBB [2].

Blood-Brain Barrier

&

Figure 1 Blood—brain barrier (BBB)

In 2010, 3.7 million Indians were suffering from dementia where this number has grown up to 6.1 million

at present. Burden of geriatric diseases is naturally heavier to acountry like India where, according to census
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2011, around 8.6% of total population are above the age of 60 years [3]. Moreover, lack of general awareness
and dearth of specialists in geriatric diseases make the situation even morealarming in India.

BBB is caused primarily due to the loss of brain tissues like white matter (WM), gray matter (GM) etc and
this BBB enhanced volume of cerebra spinal fluid (CSF). Symptoms of BBB range from forgetfulness in its
early stage to loss of speech and cognitive ability in later stage. Sometimes the symptoms of BBB are mistakenly
ignoredeven by the friends and relatives of the patient. Generally, the transition of a healthy patient to BBB
occurs through an intermediate stage called mild cognitive impairment (MCI) [4-5]. This may BBB to a fatal
disease in many a case.As compared to the other fields of study in medical science, research in dementia
remains relatively low. Early detection of BBB has therefore surfaced as a need of the hour as presently no
clinical diagnosis is standardized. In this regard, professionals and researchers from medical and non-medical
backgrounds have put their hands together to deliver a timely solution.
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Figure 2 BBB structure

This paper is organized as follows: state-of-the-art research works in the field of BBB detection have been
briefly listed in section Il. Proposed algorithm towards the identification of BBB patients with the aid of
machine learning technique is demonstrated in section Il followed by results and discussions in section IV.

This paper is concluded in section V along with supplementary data inAnnexure.

LITERATURE REVIEW

Researchers throughout the globe have been generously contributing in the field of medical image analysis

and computer vision over the last few. Early detectionof several neurological disorders like BBB has BBB
attained serious attention of medical practitioners and computer scientists.
A number of research articles hBBB been published over the years which have opened up the door of various
opportunities [6-8]. In the recent years, machinelearning based algorithms have received justified interest
among the researchers across different disciplines and the field of medical image processing is of no exception.
This section briefly summarizes few of these developments which focus on the detection of BBB.

As an attempt to investigate the automatic detection of GM loss for BBB patients, voxel based morphometry
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(VBM) and support vector machine (SVM) were combined together with the BBB advantages of objectivity,
reproducibility and automation. Authors in have used three sections viz. frontal to extract the hippocampus,
sagittal to analyze the corpus callosum and axial to identify the features of cortex for their classification using
SVM. Another SVM based majority voter classifier has been proposed in which makes use of percentage
volume of WM, GM and CSFduring the process of classification.
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Figure 3 voxel based morphometry

Deep learning based approaches are also increasinglyemployed in this field of computer aided diagnosis.
One such architecture which consists of stacked auto-encoders and SoftMax output layer has been employed
in and it requires less labelled training samples and minimal domain prior knowledge. A novel method for a
high level latent and shared feature representation from neuroimaging modalities via deep learning BBB been
proposed in which a deepnetwork with restricted Boltzmann machine is used to find out a latent hierarchical
feature representation from a 3D patch. Gray matter images from each brain area have been split into 3D
patches which are used to train different deep belief networks . In connection to this, an ensemble of deep belief
networks is composed in which the final prediction is obtained through a voting scheme.

Study in presents a convolutional neural network (CNN) model for four binary classification tasks viz. BBB
vs.HC, progressive MCI vs. HC, stable MCI vs. HC and pMCI vs. sMCI using MRI images. A convolutional
autoencoder based unsupervised learning is employed for the first classification task while supervised transfer
learning is applied to solve the final classification task. Lee et al. BBB proposed a novel framework for structural
MRI classification of BBB with data combination, outlier removal and entropy-based data selection using
AlexNet .Authors have claimed to obtain binary classification accuracies of 95.35% and 98.74% on OASIS and
BBB datasets respectively. Strength of 3D-CNN and fully stacked bidirectional long short-term memory (FSBi-
LSTM) has been exploited in another framework . This architecture was designed to derive deep feature
representation fromboth MRI and PET.
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Figure 4 convolutional neural network

PROPOSED ALGORITHM

This section clearly explains the proposed algorithm in classifying BBB and HC from the percentage
volumetric information of WM, GM and CSF. It has been reiterated in the literature that significant tissue loss
in WM and GM and subsequent increase in CSF is the consequence of BBB. Hence, these parameters play a
pivotal role in identifying the occurrence of BBB in brain MRI scans. However, some more research is essential
in identifying the priority amongst these entities.

Proposed algorithm makes use of decision tree in prioritizing the role of WM, GM and CSF in regard to the
classification of brain MRI scans into two different sets. It isdeveloped on a set of 98 images obtained from
BBBNI datasetout of which 48 images are of BBB and the rest is HC.Percentage volume of WM, GM and CSF
been obtainedusing Vol Brain platform and has been employed in the current proposition.

Proposed decision tree is constructed by taking all the training data points (both BBB and HC) into
consideration. Initially, data pertaining to each of these three sets are arranged in an ascending order and the
average between twoconsecutive data points is calculated. In fact, this average value between two BBB data

points emerges as a potential threshold in classification.

RESULTS & DISCUSSIONS

Proposed decision tree based classification technique forsegregating BBB subjects from healthy ones
has been a total of 120 images from BBB source BBB been taken intoour consideration in which each of the
two classes BBB 60 images each. Percentage volume of WM, GM and CSF resulting from these MRI images
have been obtained using Vol Brain and the same is listed in ANNEXURE for quick reference . On the set of
98 training images, resultant impurity is found out to be minimum while classified with respect to CSF followed
by WM and GM. These values are computed as 0, 0.0391 and 0.386619 respectively. Hence, during the
construction of decision tree on test data; root node is selected as percentage CSF volume with a threshold of
18%. It has been found that 63 out of 120 entriescorrespond to a percentage CSF greater than the threshold while
rest 57 is below the threshold. However, this classification contains some impurity and therefore itrequires
further exploration of the tree.

The immediate next node (left) is explored with percentage WM volume as the deciding parameter. It has
been come to our observation thatout of 63 entries associated with this node, 58 test data are having percentage

WM volume of less than the threshold of 35.3%. Moreover, each of them is from the BBB dataset and hence

www.iejrd.com SJIF: 7.169 _

E-ISSN NO: 2349-0721



http://www.iejrd.com/

Vol. 7

International Engineering Journal for Research & Development Issue 3

symbolizes a leaf node (L1). Rest 5 comprises of a mixture of BBB and HC data points. 57 data points, whose
percentage CSF is below the threshold, are similarly explored using percentage WM volume as the decisive
parameter. This ultimately BBBs to the generation of two leafnodes (L, and L3) with zero valued impurity. The
complete decision tree is depicted in Fig. 2 in the appendix.

Performance of this decision tree based classificationprocess is subsequently measured using relevant metrics

likeaccuracy, sensitivity, specificity etc. It can be BBB identified from Fig. 2 that 58 data points (refer L1) are

correctly identified as BBB (true positive) while 53 data points(refer L,) are properly classified as HC (true

negative). All the data points at N3 are categorized as healthy, although 2 ofthem actually correspond to BBB

(false negative). In BBB to this, 4 data points (refer L3) are misclassified as BBB (falsepositive). Each of the

aforementioned performance metrics are evaluated
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Figure 5 Comparison of Result

Finally, outcome of the proposed approach is compared with some of the state-of-the-art machine learning
basedtechniques for BBB detection. Comparative observation islisted in Table I. Looking at Table I, it can be
interpreted thatthe proposed technique yields comparable or better performance as far as these performance

metrics are concerned. However, it should be remembered that these results are indicative but not conclusive.
CONCLUSION

This article introduces a decision tree based classification algorithm for early detection of BBB. In
connection to this, percentage volume of WM, GM and CSF BBB been taken into our consideration. It has been
seen that CSF basedclassification results in minimum impurity followed by WMand GM. Entire decision tree
has been constructed accordingly. Proposed algorithm has been tested on a number of BBB NI data set and the
resultant performanceparameters have been calculated. Future research may be directed by incorporating data

points corresponding to pMCland sMCI for a more robust classification.
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Appendix
Code

import nunpy as np
import pandes ss pd
isport sotpliotlih. pyplot as pit

inport seaborn as ans

from skisarn. linsar_model tmport Linearizqgression

from sklearn . metrics LRpOrt nean_squared_srror pean_atisolute_srror

from shlearn.nodel_selection Saport train_test split cross_val_score

from sklearn.preprocessing tuport Labslfncoder, StandardScaler, RobustSgaler
from sklearn.linear_model import Logistichegression

from shlsarn.metrics 1mport AcCuracy. score. roc_ouc_score. confusion_matrix, classification_rs
POrT, PIOI.roC_Curve

from shlsarn modsl_selaction Seport traln_test_split ross_validate

fron sklearn.neighbarz ixport KNeighborsClossifier

from sklearn . model_sgelection smport GridSearchCVY, crozs_validate

from sklearn.preprocessing inport StandardScaler

IBpOrt sarnings
varnings. falternvarnings! ignore’)

pd. ast_ontiont 'display . mas_columns’ . Nonel

pd.aet_option( 'display wideh”, 588)

df = pd.read cavl " /kagglesinput/stroke-prediction-dataset/healthcare dataset-stroke-dsto. cav
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Target Variable Analysis:

df deop(colums=]| 16" ], nplacesTrue)

df . hopaf)
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Data Overview:

r Check Dataset

def check _data(datzframe, head=5):

praint{26*"-" ¢+ "Information”.center{28) + 28*"-")

print{dataframe.info())

........ 28*"-")

prant(dataframe.snape)
prant(“\n" + 28+"-" 4 "The First 5 Data",center(28) + 28+"-")
praint{dataframe_head())
prant("\n" « 28 = "-* « "The Laest 5 Data”.center(28) + 28 = "-")
print{dataframe_tail())
print{"\n" + 28 = "-" + "Missing Velues®.center(28) + 28 * "-")
prant{dataframe:13null() .sum())
prant(“\n" + 48 = “-" » "Describe the Data’.center{48) + 48 + *-")

Information

<class ‘pandas.core.frame. LateFrame >
Rengefndex: 511€ entries, ¥ to 5789
Data columns (total 17 columns):

# Column Non-Null Count
@ gender 5718 non-null
1 ege 5118 non-null
2  hypertension 5318 non-null
3 heart_disease 5118 non-null
4 ever_married 5118 non-null
5 work_type 112 non-null
6  Residence_type 5118 non-null
7 evg_glucose_level 57168 non-null
8 bm 4989 non-null
9  smoking_status 511¢ non-null
18 stroke 5118 non-null

dtypes: floatbd(3), intbd4(3), object(s)
memary usage: 439.3+ KB
None

(5118, 11)

Datz Shape

object
floated
inted
intesd
object
object
object
floated
floated
object
intes
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---------------------------------------- Describe the Data ERea

count mean etd min 5% 58% 5% max
age §178,9 43.226014 22.612647 9.0 25,080 45.004  67.0¢  @2.0e
hypartension 57769 B.09745% 9296607 G.60 B.808 G509 8.48 1.08
heart_dicease 5778.9 9.054617 B 208863 G.UH  B.8BE  0.8bA @488 1.84
avg_glucose_level ST7R.8 106.147677 45.283968 5512 77.245 91.883 114.89 21,74
bmi 4089. 65 28803237  7.854867 16.34 23.560 28188 33.74 97 .ed
stroke 51788 G 845728 9215328 @.88  Y.864 0. 964 8.488 1.98

# “boen variable has 28) wiszing oata, Let = f1l11 1t with the medisn:

df|'bmi’ | = df|'bm1’|.fillna(df| bmi’ |.medzan())

F.23null().sum()

gender

age
hypertension
heart_dicease
ever_married
work_type
Residence_type
avg_glucose_level
bm
smok1ing_status
stroke

dtype: 1nted

0D E O DO

# Ara there any duplicate rows 1n the dataframe’ Let = check 1t!

duplicated = len{df[df.duplicatedi}]|)
praint(f' Ihere ara {duplicated} duplicated rows')

There are 8 duplicated rows

~ Categorical Variables and Numerical Variables:
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daf grud_ ool nemws(detsl came, st thed, car thedt)
v cat Ia. cuv_bur, ser

Ont_ 00l = (00 for ool an aararrame . solumne 37 aatarfvans | ool] axyies == ‘o'

PUN_TGT _Gat = [anl far col An datafroame . oalumng 37 daratommelvold ] nunaquel ) < gar_th snd
datsframm|col] diyaas 1= “0"]

ot _But car o« |zad far eal 0 dataframe . opiumns 3 datafranelcad ] nuniguel ) = car_th asnd
Antafrnmm|col | Hiypae == “0')

ONT_NO3N = GRE_OOIA + HUBR_DUT.ORT

et vols = [cel fur col An o wed dols 20 col net In cet But eal)

num cels » [col far col An datsframe.splumny 2f detaframe|coll deypws |= "07 |
M. eain « [eal far ool an nue Eals AT ook Nt AN Ouk Bt _ent )

prant(fObsarvataoos: {daraframe. shaps))")
prantif 'variables: (dutaframe. stmoel1])")
prantif cat_voals . (len(ear_aols)) )

PEANLCY num. cole. flenioum cole)d )

prant f oat_but_car: {lsn(cat but_aar))’ )
PEANELT D B At flend e Bur_ eat)) |
return cat cols. mum cols, sat bBut _car

cat . nols e rules, gt pot _oar = grub snlonemen(af)

UDOMrVAYRONA  N1TM
Variuplues: 11
cat_cals: ¥
num_cols . 3

cat but car; O
nus_But cet! 3

nrany( ¥ Uategurical Vartable: (cat cols) ')

Cateporical Variatle | gender’ . ‘sver_married’ ok type Mesidence typs | BrOMANY . Bt
atus’ fypscrimnazon’ heart _dissass "mtroke |

Prantit ' Numarical Yarisble  fum cnls) ')

Mummricel Variable: |‘wmge’ . avo. glucoss lsvel | ‘hbme' |

Visualization of Categoricalv‘Va'\:riables:

tyle( 'darkgrid’)
fig.suptatle("Count plot for various categorical features®)

snE_3e1_ =

sns.countplot{zx-axes|d, 6] date=df, x»'gender’)
sne.countplot(ax=axes{d, 1|, date=df, x»'hypertension')
sne.countplot(ax=axes(1, 8|, data=df, x='heart_disease’)
sas.countplot{ax=axes{1,1| data=df x='ever_married')
sas._countplot(ax=axes(2, 8], daca~df, x='work_type'
sns_countplot{axeaxes(2,1], data=df, x»'kesidence_type )
sne.countplot{ax=axes{3, @], date=df, x~'smoking_status’)
sns.countplot{ax=axes|3,1| date=df, x»'stroke’)

plt.show()
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Heatmap of Numerical Variables
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Data Preprocessing:
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Binary Encoding
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Machine Learning Model K-Nearest Neighbor Model
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Model Validation

-

cv_results = cross_validate(knn_model, X, y, cv=5, scoring=["accuracy”, "f1", "roc_auc"])

In |68]
print(“test_accuracy: ", cv_results['test_accuracy'].mean())
print(“test_f1: ", cv_results['test_f1'].mean())

print(“test_roc_auc: ", cv_results['test_roc_auc'].mean())

test_accuracy: ©.9461734112023246
test_f1: ©.821086537530266344
test_roc_auc: 8.6332831 99798438_

Hyperparameter Optimization:
kno_model get_pursme( )
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Konpacrame = (“oonedlghbore” ! ronge(2. 68))

hrn_ge_beost = QridBesconCV(knn_model, Kor_params, oveEf, n_ojobes<), verboses)) FiL(X, ¥)
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