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PREPHASE

There are several approaches are being used in clinical diagnokiding routine laboratory tests as
conventional methods and also rapid and robust modern methods. Both the approaches have their
significance in the clinical diagnosis of a disease. The conventional approaches largely depend on
microscopy and staining ofiicroorganism responsible for disease while modern methods are based on
molecular signature and findings. In the current scenario, there is a need for rapid and robust
diagnostics as global disease burden is prevailing. At the same time, there is tireioastemergence

of new and complex infectious pathogens, and hence early diagnosis provides ease in disease
management. Recently, use of nanotechnology and enzlyased diagnostic became popular and
shown satisfactory results. The use of diagnostic becamentegral part of modern medicine and

involves molecular biology and cuttiggigebio-engineering as well. The integration of information
technology in diagnostic is an added advantage to minimize time and ensure precise data interpretation.

Keywords Polymerase chain reaction (PCR), Nucleic-hegkd tests, A rapid diagnostic test (RDT),
Readymade diagnostic kits, Patient compliance, genomics

1 Introduction
Medical diagnosis is theondition explains a person's symptoms and signs (1). It is most afferred
to as diagnosis with the medical context being implicit. There are several means of diagnosis of diseases
including symptomatic, molecular and genomics (2). The conventional way of clinical diagnosis is still in
practice provide first and basic orimation regarding disease and causative agents as well. (3)
Integration is influenced by the clinical syndrome, the availability of and access to appropriate
diagnostics, the place of service, and the experience and knowledge of the healthcare proyxiddre(4
goal of the chapter is to increase awareness of the current and potential value of infectious diseases
diagnostics for patient care and public health and to promote further development of needed
diagnostics.
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The credit goes to Antonie van Leeuwenkdd@63ZmMT HOo U X (G KS G FlI GKSNJ 2F (KS
field of clinical microbiology is currently in transition, and standaf-dare testing is now a hybrid of old

and new methodologies (6). The evolution of infectious diseases diagnostics hasddésutteadvances

in chemistry, immunology, molecular biology, engineering, automation, and nucleic acid
amplification. (7).Individual pathogens can be readily identified in a wide variety of specimen types
including blood, urine, tissue, mucosal swabsebeospinal fluid (CSF), respiratory secretions, and stool
samples. The modern diagnostic is quick, robust and precise in finding cause for candidate disease and
allow ease in data studies (8).

One basic and very old method is the identification of a naayanism simply by looking at it under a
microscope. Most samples are treated for stains. Stains are special dyes that color the microorganisms,
causing them to stand out from the background (11). Doctors add substances to the dish or testtube to
stop thegrowth of microorganisms that donot cause the diseagE?). Many microorganisms, such as

the bacteria that cause urinary tract infections or strep throat, can easily be grown in culture. Some
bacteria, such as the bacteria that cause syphilis, cannatultered at all (13)They are produced by
certain types of white blood cell when these white blood cells encounter a foreign substance or cell
(14).If a person has antibodies to a particular microorganism, it means that the person has been
exposed to thatmicroorganism and has mounted an immune response @dfigen tests detect the
presence of a microorganism directly so that doctors can diagnose an infection quickly, without waiting
for a person to produce antibodies in response to the microorganism (iLéhere are antigens from

that microorganism in the person's sample, they attach to the test antibody (1¥hidgenetic material
consists of nucleic acids: deoxyribonucleic acid (DNA) or ribonucleic acid (RNA). The polymerase chain
reaction (PCR) an example of this type of test (18).

Thus, these tests are done only when a doctor already suspects a particular disease. Most nueleic acid
based tests are designed to identify the presence of a microorganism (called qualitative testing) (19).
However, dew of these tests can measure the amount of genetic material present (called quantitative
testing) in certain microorganisms, such as HIV and hepatitis C, and thus determine how severe the
infection is. Quantitative tests can also be used to monitor leell treatment is working. Nucleic aeid

based tests can sometimes be used to check the microorganisms for genes or gene mutations that make
the microorganism resistant to a drug (d)zymes produced by the microorganism (which help the
microorganism infelc cells or spread through tissues faster) (Hgr many diseases, the clinical
laboratory provides essential diagnostic information (22).A rapid diagnostic test (RDT) is a medical
diagnostic test that is quick and easy to perform. RDTs are suitable éimpgrary or emergency
medical screening and use in medical facilities with limited resources (23). Malaria RDTs detect specific
antigens (proteins) produced by malaria parasites that are present in the blood of infected individuals.
Some RDTs detect a gla species (either P. falciparum or P. vivax), some detect multiple species (P.
falciparum, P. vivax, P. malariae and P. ovale) and some further distinguish between P. falciparum and
non-P. Falciparum infection, or between specific species. Blood fotestds commonly obtained from

a fingerprick and results are available within-BB minutes (24)With the use of conventional diagnostic
methods and new cuttingdge modern tools in clinical diagnosis outcomes d&apid clinical diagnosis
Robust tests amh higher reproducibility ,Readymade diagnostic kits ,Ready tq Hase in sample
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processing ,Digital output ,Ease of data interpretation ,Low title volume Patient compliance and Low
cost

2 History a nd Mechanism
Patient safety agenda is gaining momentum fre lhealth caresystems of all developed countries.
However, adverse event detection systems and initiatives to reduce error rates in medicine are in their
infancy. Laboratory services play a crucial role in both individual and populzdied healthcareand
clinical laboratories use many different methods to reduce errors, ensure patient safety, and improve
guality including quality control procedures, quality assurance programs, accreditation of laboratories
and certification of education programs. Caleriable advances in analytical techniques, laboratory
instrumentation, information technologies, automation and organization have granted an exceptional
degree of analytical quality over the past 50 years. This, in turn, has resulted in a significanseéore
error rates, analytical error rates in particular. There is consolidated evidence that nowadays, most
laboratory errors fall outside the analytical phase, and that jamed postanalytical processes are more
vulnerable to error than analytical prosses The first recorded examples of medical diagnosis are
found in the writings ofmhotep (2630;2611 BC) iancient Egyp(the Edwin
Smith(25)Babylonianmedical textbook, tHeiagnostic Handbookritten by Esagikin-apli(fl.1069;
1046 BC), introduced the uséempiricismjogicandrationalityin the diagnosis of an iliness
or diseasg26) Traditional Chinese Medicine, as described in the Yellow Emperor's Inner Canon
or Huangdi Neijingspecified four diagnostic methods: inspectiauscultationolfaction, interrogation,
andpalpation.(27)Hippocratewas known to make diagnoses by tasting his patiamisie and smelling
their sweat (28)The credit goes to Antonie van Leeuwenhoek (82 Ho 0 X GKS aFl GKS|
YAONRAaAO2LISz¢ OKFy3aSR (KS O2dzZNES 2F AyFSOilAz2dza RA
microbial world, a world no one had imaginedetical diagnosis is the process of determining which
disease or condition explains a person's symptoms and signs (29). It is most often referred to as
diagnosis with the medical context being implicit. The diagnosis is the first step in the process of
therapeutics prescription. There are several means of diagnosis of diseases including symptomatic,
molecular and genomics (30pPiagnostic tests play a major role in the clinical care of patients with
infectious diseases, including detection of specific pgtrs, the discovery of new pathogens,
determining appropriate therapy, monitoring response to therapy, assessing prognosis, and disease
surveillance (31). Integration is influenced by the clinical syndrome, the availability of and access to
appropriate dignostics, the place of service, and the experience and knowledge of the healthcare
provider (32). The goal of the chapter is to increase awareness of the current and potential value of
infectious diseases diagnostics for patient care and public health@apdomote further development
of needed diagnostics.

3 Major Advances and Discoveries
Advanced clinical diagnostichas fully equipped with ware housing, animal facilities, clean room, high
speed and ultra centrifuges, iso environmental chambers forouariatmospheric conditions of temp
and air mixtures, fer mentors with high speed filtration and separation, laminar flow biosafty and
equipped for biological, microbiology, tissue culture, large scale cryopreservation, biochemical,
analytical, virology, imunology, food and safety, cryopreservation of biological materials and other
investigative workl'he old and new diagnostic tests to diagnose pathogenic parasites , viruses,bacteria

UR L : http://dx.doi.org/ 10.14738/jbemi.54.4848
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are observing parasites,ova,cysts, blood smear,MRI,CAT,ELISA (Enzythininkeosorbent assay),H
A(Hem agglutination),CF (Complement fixation) FAST(Falcon assay screening t&dt)FXORDTS
(Rapid antigen detecting system),LIPS(Luciferase Immunoprecipitation system, PCR(Polymerase chain
reaction),RTIPCR (Real time Polymerag®in reaction),LAMP (Loop mediated isothermal Amplification)

etc are the major diagnostic tests.

4 |deas Where the Research Go Next

The clinical diagnosis is a first and most crucial step in the process of finding therapeutics for a disease.
There are sewal approaches are being used in clinical diagnosis including routine laboratory tests as
conventional methods and also rapid and robust modern methods. Both the approaches have their
significance in the clinical diagnosis of a disease. The conventiopabagihes largely depend on
microscopy and staining of microorganism responsible for disease while modern methods are based on
molecular signature and findings. In 19 the current scenario, there is a need for rapid and robust
diagnostics as global diseasertden is prevailing. At the same time, there is the continuous emergence

of new and complex infectious pathogens, and hence early diagnosis provides ease in disease
management. Recently, use of nanotechnology and enzyased diagnostic became popular and
shown satisfactory results. The use of diagnostic become an integral part of modern medicine and
involves molecular biology and cuttiggige bieengineeringas well. The integration of information
technology in diagnostic is an added advantage to minimnize and ensure precise data interpretation.

Amedical erroiis a preventabladverse effecof care, whether or not it is evident or harmful to the
patient.Laboratory blood studies can reveal a little information about organ systems throughout the
body. The amount of blood taken for a laboratory test is not harmful . Human body manufactures a
couple of milliliters of new blood every day. Blood studies may give information about the levels of
sodium, potassium, calcium and other chemicals . Presence dicarhzymes and information about

the coagulation characteristics , levels of sugar, urea, cholesterol, alcohol , protein, and other drugs of
patients blood sample.

Diagnostic error can be defined as a diagnosis that is missed, wrong or delayed, asddbtestame
subsequent definitive test or finding. The ensuing harm results from the delay or failure to treat a
condition present when the working diagnosis was wrong or unknown, or from treatment provided for a
condition not actually present.

5 Significant Gap in Research

Mistakes and failures are integral part of any great effort worth the mention.Your best teacher is your
last mistake.Developing new manifolds by revitalizing old ideas. The quality of thinking action decide
your strength. Is it a sin or oo to admit patient in a hospital for treatment?Medical error is not
included on death certificates or in rankings of cause of death. Hospital is expected to be a safe
place. When you take a sick patient to the hospital, you expect that the patientgedd hands and

under the umbrella of experienced doctors. Errors in diagnosis, misdiagnosis of psychological disorder,
competency, education and training are the main features causing fatal de@tiese are the common
misconceptions about adverse event and the arguments and explanations against those
misconceptions are noted in parentheséBad apples" or incompetent health care providers are a
common cause. (Although human error is commonly an initiating event, the faulty process of delivering
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care invariably permits or compounds the harm, and is the focus of improvement{i8®) risk
procedures or medical specialties are responsible for rawstdableadverse events. (Although some
mistakes, such as in surgery, are harder to conceal, errors oacall ievels of cardeven though
complex procedures entail more risk, adverse outcomes are not usually due to error, but to the severity
of the condition being treated(34) HowevéiSkhas reported that medication errors during the course

of a surgical procedure are three times more likely to cause harm to a patient than those occurring in
other types of hospital care(3%) a patient expeences an adverse event during the process of care, an
error has occurred. (Most medical care entails some level of risk, and there can be complications or side
effects, even unforeseen ones, from the underlying condition or from the treatment itself) (36)

6 Current Debate

Incorrect laboratory tests account for significant harm. Researchers estimated that the number of
patients suffering from missed diagnostic testse annually in thousands. These are potentially
preventable, subject to the condition if prepattention is paid.

Diagnosing diseases and disorders requires highly developed skill on the part of the physician or other
medical professional .Usually the diagnosis calls for systematic use of instruments and diagnostic aids,
various tests, and , oftewith sophisticated instruments and machines.

Quality systems are the mainstay of clinical laboratory management. The comprehensive laboratory
testing process must be continually monitored and evaluated to ensure reliable test results and set the
foundation for quality improvement. While such efforts have resulted in significant improvements in
many of the processes, errors still occur. In order to implement corrections and improve the testing
process, the laboratorian must identify the various sourcesragrs.

Last two decades has withessed phenomenal advances in the field of medicine following revolutionary
changes taking place in the application of technology and as a consequence, Biochemistry and
Microbiology have evolved as the most important braon¢kevidence based medicine.

The quality of any laboratory test result is dependent on many variables, It begins with skill, and
knowledge when preparing the patient and specimen are essential to the provision of the highest
quality standards for testing @ahservices. The patient must first be properly prepared so that the best
possible specimen can be collected. Next, the actual collection of the specimen must be completed.
Then, the specimen should be properly processed, packaged and transported to tratdab in a
timely manner and under environmental conditions that will not compromise the integrity of the
specimen. After all of these activities take place, a quality analysis can be performed.

Some common reasord not getting quality and reliable retis are 1. Lack of commitment on part of

staff performing the tests 2. Poor management and supervision 3. Poor understanding of quality
assurance concepts 4. Analysts do not understand the concepts of assay principles 5. Reagents used are
not high qualitye. Poor quality of instruments 7. Procedures are not followed as recommended 8. Under
staff leads tdhigherror rate. 9. Lack of equipment. 10. Mislabeling blood sample. 11. Un labeling blood
sample.
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ABSTRACT

Artificial Neural Network an extremely authoritative method of Supervised Machine Learning was
applied to detect the different pathological lesions in the brain, likeltiple sclerosis MS, glioma of
different grades and metastasis. Structural changes in the brain lesions may be noticed in MR images.
MR spectroscopic graph may be informative to some extent but is not so easy to diagnose the disease
accurately alwaydJse of ANN helps identifying the condition in doubtful cases. ANN train different data
collected from various patients such gsRefractive Index, T2 relaxation values, Apparent Diffusion
Coefficient (ADC), Creatine (CR), Choline (CHO), NA&e({N Aspaate), ratio of CR/NAA, LIP/LAC
(Lipid/lactate), MI ( Myoinositol), CHO/CR and T2 value in the periphery of lesion. Prediction by ANN
after training the data, shows high accuracy in diagndsisvas found to be unique and most accurate
amongst these paraeters.

Keywords Artificial Neural Network (ANN); Magnetic Resonance Imaging (MRI); Metabolites of MR
Spectroscopy; Refractive Index (RI); Independent Numeric and dependent Variable; Prediction.

1 Introduction
For proper treatment of different brain lesiom®rrect diagnosis is neededissue discrimination is not
possible by noting the morbid changes in the MR images only without performing a brain biopsy
(Figurel) [1,2]. Glioma in different stages, Glioblastoma, metastasis from primary cancer site amd benig
diseases like multiple sclerosis (relapsing remitting or tumefactive multiple sclerosis) sometimes create
confusion [2]. Even MR Spectroscopy (MRS) fails to detect the exact character of the lesion from the
graph generated by the peak of different metdibes along with the quantity [3,4].

1.1 Artificial Neural Network (ANN)

Live prediction of the lesions or characterization of the tissue is possible by data analyzing method of
ANN [5]. From the prior research work of the autho8s8] data like Refractivendices (RI) , T2

relaxation and Apparent Diffusion Coefficient (ADC) values determined from the MRI and different
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chemical metabolites available from the MRS like N Acetyl Aspertate (NAA), Choline (CHO),Creatine(CR),
Lipid (Li), Lactate (La) MyoinisitoljMalong with ratio of these metabolites have been tabulated [4].
These data were used as input for ANN to get output value or prediction of lesidi®§.[6

Figure 1. eGlioblastoma b. Diffusion weighted image of Tumefactive MS mimicking Tumor c. MRESofl.
Lesion in the right cerebellar hemispheiagnosed as metastasis, biopsy shows benign lesion.

2 Background of ANN

ANN, one of the important strategies of Supervised Machine Learmag implemented as data
analyzing method for live prediction ofsdiases [11]. In the Excel spread sheet the data collected were
tabulated as inputs columrndependent numeric variablgsand rows andDependent variableto be
predicted as disease or different tissues in the extreme left of the column. If the suppddiagare
available ANN can predict the diseases 95 to 98% correctly [12]. Progriieucdl network includes
artificial intelligence to analyze the data by applying algorithms that replicate basic brain neuronal
(cortical cell) functions to study the sirture of data and to discriminate data patterns [13] . This is
regarded as training of the Data Set. New information then can be utilized by the program of ANN to
LINBRAOG (GKS 2dzilLdzi 2F LINRPOf SY&A dzaAy3d adzy iNF Ay SR

2.1 Prediction by ANN

PNN or Probabgitic Neural Network technique is a nonlinear method with training of a category
RSLISYRSYy( @GFNAFIotSad !|' tNROFIOAEAAGAO bSdzNFt bSi
NET of the training case [10]. A prediction for a case with unkn@perdient value is obtained by
interpolation from training cases with neighbouring cases giving more weight after dividing the data set
into training and testing subsets[114].

Optimal interpolation parameters were found during training [11]. It waslémgnted to assess the
virtual pathological condition from the data obtaineddNN having amazing exceptionality in data
analyzing and handling skill, nonlinearity and knowledge of simplification, was used to characterize or to
classify the disease [8, 9herefore multiple input nodes ( ten) or independent numeric variables were
used.

ANN represents one layer (hidden) having ten nodes [10]. It has output of 7 different nodes of brain
tissue (such as gray and white matters, CSF) and diseases (or petlcddgpormalities). These diseases
were MS, low and high grade glioma and metastd&yjstunning the predict command specifies settings
for predicting values were used with a trained neural net [11,12].

The data like T2 relaxation value, ADC values, noditab generated directly from the MR Magnet and
RI value determined by the Abbey Refractometer would be used as inputs. Output is the Dependent
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numeric variables like diseases and tissues A6¢chematic diagram is given in the Figuagdut the
independcent numeric variable and Dependent numeric variable [6, 9].

DEPENDENT
VARIABLES

DISCRIMINATION OF
DISEASE

CSF
MS

G MATTER
W MATTER

Low grade Glioma
GROUND TRUTH MR Hich orade Glioma
IMAGE Wetastasis

Figure 2 ANN for live prediction of diseases as Dependent variables using independent numerical variables as
inputs [Ref 6].

2.2 To recapitulate the inputs and outputs [6]

2.2.1Independent variables s inputs:
Rl values ,T2 value ,ADC value ,Quantities of metabolites , ( Choline,Creatine,MI ,NAA, Lipid/ lactate)
Ratio of Choline NAA ,Ratio of Creatine NAA,Ratio of Cho Cr

2.2.27To live predict (Output or decision) :

Diseases like MS, Glioma, Glioblastomaad@ 11l/IV Astrocytoma), metastasis and tissues like Gray
/white matters, CSF are regarded as dependent variables [6,9].

3 Methods

After taking proper institutional ethicsl37 patients of different age (from 7 to 81 years) and gender
were examined ira 3TeslaMR Magnet (SIGNA HDxt, GE,USA). Materials collected from the Stereotaxic
and post surgery biopsies were sent for higi@thological diagnosis. At the same time following sets
data or parameters were collected:

3.1 Parameters
3.1.1RI Values

Rl of tissues catted from biopsies of brain materials were determined by Abbe Refractometer

(Suprashes Model AABB, Indig[6-8]. RI map of a T2 weighted imadégure 3.f)can be generated
from the T2 values from a linear relationship between th&h=4.338 X1/T2 vs + 1.333§6,8].

3.1.2T2 Relaxation Values

In the said 3T MR,2 mapping was done with the help of multi ECHO read out train (iffégrent echo
times 30,60,90,120,150,180ms respectively) keeping a TR of 4000ms.T2 relaxation value of various brain
tissue aml brain lesions were generated from the map by exploiting the formula:
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S=%$eT¥T2[8]. T2 map was thus generated by the inbuilt program (tool) of the MR Scanner. By placing
the cursor in the Region of Interest (ROI), T2 values of the gray/white m&g&#, and tumours were
determined from the T2 map as well [6] ( Figure 3a). T2 values within the tumour and in the perilesional
edema was also noted [6].

3.1.3ADC (APPARENT DIFFUSION COEFFICIENT)

By making ADC map in the MR magnet, ADC values of the tissuasasaredapplying Stejstalanner
Equation S=8AP%) which measure rate of diffusion of water within the tissues in units of’hsec
(Figure3c) . The-valueis a factor that reflects the strength and timing of the gradients used to
generate diffusan-weighted images. S is the signal intensity [6,9,10] (Figure3b).

3.1.4Metabolites Quantification of MR Spectroscopy (MRS

Quantification of metabolites like CHO,CR,NAA,MI, Lipid, Lactate, CHO NAA,CHO CR and CHO NAA ratio
were determined by single or multoxel Spectroscopy applying PRESS techniqueQ6lR and T85
to 144ms were used [3,4,6,9 ] (Figure3d)

Figure 3a. T2 Mapping b. ADC Mapping c. DWI image d. MRS showing quantification of metabolites
e. T2W and f. RI mapping of Brain

The values werg¢hen tabulated (Tablel) in the Excel Spread Sheet for the applicatiEORAL TOOL
7.5 (Palisade Inc. UK). Column A to K represents independent variables and L depicts dependent variable
or diseases.

3.1.5Ground Truth MR Input Image

Therefore aGround Truth MR imagecontains information like Rl values (derived from RI mapping), T2
values (from T2 mapping) and ADC values (from ADC mapping) and metabolites from the MRS
quantification (Tablel) [6,7].
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TABLE 1. Data of RI, T2, ADC Value,CHO, CR, CR/ NAYWBHIHM/CR from Column A to K as Independent

Variable and column L represent Dependent variable as Diseases . A column has influence on the L column or

diseasel/tissues outcome

] A B C D] E F G H [ J K L
1 RI T2 CHO ADC CR CRINAA LIP/LAC Mi CH/CR | T2peri | CHON DISEASE
AA
2 CSF
3 CSF
4 CSF
5 CSF
6 1.3421 340 11750 145 8320 0.557 4160 2912 1.40 240 0.779 MS
7 1.3439 328 8904 135 2800 0.433 4490 5576 3.15 241 1.39 MS
8 1.3498 316 7896 124 4560 0.225 3570 3536 1.73 243 0.389 MS
9 1.3497 304 5947 120 5400 0.7396 6766 4294 1.1 245 0.389 MS
10 1.3589 249 3448 75 3320 0.7112 5423 2322 1.02 230 0.821 MS
11 1.3641 245 1610 73 2212 0.941 1440 364 0.495 227 0.465 MS
12 g.matter
13 g.matter
14 g.matter
15 g.matter
16 1.4251 95 1180 70 2443 0.788 1345 312 0.488 148 0.453 w.matter
17 1.4256 89 1108 71 2435 0.771 1341 320 0.468 146 0.447 w.matter
18 1.4259 85 1098 77 2387 0.774 1211 321 0.467 150 0.445 w.matter
19 1.3741 160 1231 84 2216 0.776 1123 325 0.467 246 0.443 edema
20 1.3823 182 1331 180 2321 0.787 1011 321 0.456 243 0.442 edema
21 1.3821 182 1298 128 2314 0.781 1009 314 0.454 244 0.441 edema
22 1..3822 184 1444 131 2310 0.778 1001 313 0.445 245 0.441 edema
23
24
25 1.4551 110 2655 156 2112 0.678 900 311 0.311 195 0.332 G.BLASTOMA
26 1.4512 116 2774 142 3280 1.06 2240 312 0.844 190 0.907 G.BLASTOMA
27 1.4562 118 2661 140 3189 1.02 2134 314 0.7881 185 0.89 G.BLASTOMA
28 1.4611 123 1281 139 2998 1.01 2098 316 0.7662 175 0.876 G.BLASTOMA
29 1.4768 135 1321 127 2532 0.654 1011 340 0.432 200 0.432 METS
30 1.4834 147 1388 139 2211 0.667 1021 341 0.445 219 0.411 METS
31 1.4911 151 1411 131 2019 0.713 119 356 0.449 223 0.423 METS

NOTE:MS= Multiple sclerosis
G BLASTOMA-= Glioblastoma METS= Metastases
3.2.1.Neural Network[11,12,13,14]

g. matt&ray Matter

Trial version of Neural Tool 7.5 (Palisade Inc) was applied to perform the prediction. The method of

working of the Neural Tool is shown in the Figdre

w. matter=White matter

1. Inthe Excel spread sheet the values derived from the ground truth MR images are talflité1)n

such a way that the Dependent Variables (disease or tissues)imeimathe extreme left column

(L column) and Independeumeric variable (Usually RI, T2, ADC values, Choline : NAA ratio etc) in the

right side of the column ( A through K).The efficacy of the parameter in the A column clearly influences

the accuracy of prediction rate.

DATASET
MAMNAGER

o TRAINING AND
= TESTING OF THE
DATA

DATA IN THE EXCEL
SPREAD SHEET

Figure 4. Steps of events occuririg Neural net work

PREDICTION OF
UNKMNOWN DATA
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3.2.2 Adata set managewas created from the values tabulated in the excel spread sheet (Figure 5).

Data Set +1

Sl Data Set 22

Delete

Data Set

Name Data Set =2

Excel Range A1:K31 =
[¥] apply Cell Formatting

Variables

Excel Data Range wariable Mame wariable Type -~

C2:C31 T2 Independent Mumeric

D2:D31 (=1 Independent Mumeric

E2:E31 CHO/MAA Independent Mumeric

F2:F31 CR/MAA Independent Mumeric

G2:G31 LIP/LAC Independent Mumeric

H2:H31 ral Independent Mumeric

12:131 CH/CR Independent Mumeric

12:331 T2peri Independent Mumeric

K2:K31 DISEASE Dependent Category =

11 Variables, 30 Data Cells Per Variable Import...

[ ] oK Cancel

Figure 5. Data set manager [13].

3.2.3.Training and Testing

Training and testing of the data of the table were executed keeping RIADC values, CHO, CHO /CR,
/'1h k bl !l NI GAZ2! £oj0én (Edrentyidht sitie/of thiekaBle) @nd running the NET to
assess the effectiveness of the parameters as efficacy of the parameters m&yFiguye 6 and 7). 12
independent vaiables (Table 2) of different parameters were kept away from the training.

e ummmmekeaewes

A B e D E F G H 1 J K L M N 2] P Q R

1 Tag Used Predictior Predictior Incorrect? Good/Bad

2 133330 400 1610: 300! 1400: 0.346! 1400; 310 115 400 0.402iCSF ltrain

3 13334 395 1680 320; 1800 0.367, 1760; 1056, 114 395 0.412,CSF train

4 13335 390 1700 330; 1967 0.389; 1600; 1076, 115, 3% 0.432,CSF test CSF 100.00%; 0% d

g 1.3336; 384 18%0 340; 1989 0.411; 1675; 1080; 114 334 0.498;CSF train

6 L3421 340 11750 145! 8320 0.557: 4160: 2912 14 240 0.779ims itrain

7 134390 328 8904 135! 2800 0.433 4490: 5576 3150 241 139ims test ms 100.00%!  0.00%:iGood

8 13498 316 7896 124 4560, 0.225 3570; 3536, 173 243 0.38%{ms train

9 13497, 304 5947, 120; 5400;  0.7396; 6766; 4294 11 245 0.873ims test gmatter 16.67%; 87.50%}Bad

10 13589 249 3443 75 3320, 07112 5423 2322, 1020 230 0.821ims test ms 100.00%; 0.00%;Good

1| 13641 245 1610; 73 2212 0.941; 1440; 364 0495 227 0.465{ms itrain

12| 13956 130 1601 76! 2209: 0.938! 1441 362 0491 166 0.461igmatter ltrain

13| 1395 125 1601 76: 2209: 0.938 1441 362! 0491 168 0.461igmatter ltrain

14 13957; 123 1589 78, 2219 0.941; 1467, 345, 0491, 167 0.459;gmatter train

15 139527 121 1458 80; 2320 0.878; 1243 321, 0.494 169 0.456;gmatter train

16| 142517 95 1180; 70, 2443 0.788; 1345; 3124 0.488; 148 0.453{w matter itrain

17| 1423 8 1108: 7L 2435 0.771 1341 320 0.468 146 0.447iw matter ltrain

18| 14290 & 1098: 77 2387: 0.774 1211 3211 0467 150 0.445iw matter ltrain

19 13741 160 1231 &4 2216 0.776; 1123 325, 0467, 246 0.443}edema train

20 138237 182 1331 130; 2321 0.787, 1011; 321, 0.456; 243 0.442}edema train

21| 13821 182 1298; 128, 2314 0.781; 1009; 314 0454 244 0.441{edema test edema 100.00%;  0.00%iGood

22| 138220 184 1444 131 2310 0.778 1001 313 0.4450 245 0.441iedema ltrain

23| 1481 % 1443 127 2243 0.766: 989 310: 0423 175 0.43LiGLIOMA ltrain

2 14446; 99 1365 177, 2254 0.712; 917; 300, 0.343, 170 0.341;GLIOMA train

25 14551 110 2655 156; a1 0.678; 900; 311, 0.311; 195 0.33: test GLIOMA 88.45%] 100.00%Bad

26 145127 116 2774 142 3280 1.06; 2240 312, 0.844) 190 0.907 train

27| 14562; 118 2661 140, 3189 1.02, 2134 314; 07881 185 0. ltrain

2 14611 123 1281 139; 2998 1.01} 2098! 316; 0.7662; 175 0. train

29 14768 135 1321 127| 2532 0.654 1011; 340, 0.432 200 0.432{METS train

30 14834 147 1388 139; 2211;  0.667 1021 341 0445 219 0.411;METS train

3 14911 151 14111 131, 2019 0.713 1119 356 049 223 0.423iMETS [train

32

Figure 6. Screen shot image of Neural Tool data viewer showing training and testing of the data along with
Training Report :Prediction accuracy with Good or Bad remark.
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Testing Report: "Net Trained on Data Set #1"
Tag Used Predictior Predictior Incorrect? Good/Bad

ftest CSF 100.00%;  0.00%Good

test CSF 100.00%]  0.00% Good

ftest CSF 100.00%;  0.00%Good

test CSF 100.00%]  0.00%Good

ltest ms 16.67%; 83.33%Good

itest ms 100.00%;  0.00%Good

Itest ms 100.00%;  0.00%|Good

ftest ms 100.00%;  0.00%Good

Itest ms 100.00%;  0.00% Good

ftest ms 99.97%;  0.03%Good

test omatier | 99.99%|  0.01%Good

15 test iomatter | 99.98%:  0.02%:Good

13 ftest imatter | 99.98%;  0.02%iGood

1 test igmatter | 93.16%!  6.84%!Good

9% ftest wmatter| 99.98%;  0.02%;Good

29 Itest w matter| 100.00%|  0.00%|Good

2 ftest wmatter| 100.00%; 0.00%;Good

0 134 160 1231 ks 216 0.776, 123 35 04677 246 0.443}edema test edema 100.00%]  0.00% Good
A 183 1 1331; 130; n2; 077 1011 o 048 M 0.442;edema ftest edema 93.93%;  0.02%Good
2 13| 182 1298 128 114 0.781, 1009, 34 04547 24 0.441iedema test edema 99.99%|  0.01%Good
3 138 134 lam 131 2310 0.778! 1001, 313 04430 M5 0.441}edema test edema 93.95%;  0.05% Good
24 14331 %0 1443 127 243 0.766; 388, 310; 0423 175 0.431;GLIOMA ftest GLIOMA | 99.59%;  0.41%Good
5 1amel 99 1365 177 254 0.712, 917, 300; 0343 170 0.341{GLIOMA test GLIOMA | 98.95% 1.02%|Good
26 1451 110 2635; 156; 12 0.678 900; AL 031 15 0.33; ftest Ghlastma) 100.00%;  0.00%:Good
27 1451 16 mn 142 3280 1.06! 240 2 0.844; 150 0.50; test Gblastmal 100.00%;  0.00%|Good
28 14562 113 2661 140 3188: 102 2134 34 0781 185 0. ftest Gblastmai 100.00%;  0.00%iGood
3 14611 123 1281 139, 2998 101 2098, 36, 07662} 175 0.3 test Gblastmaj 100.00%|  0.00%|Good
30 14768 135 132 17 532 0.6 1011 M 042 W 0.432:METS ftest METS 93.89% 1.11%Good
1 14834 147 1388 135 21 0.667 1021 Ea 0445 219 0.411;METS test METS 93.87%|  0.13%Good
32 14911 151 1411 131 2019: 0.713 ikt 356 0443 223 0.423:METS [test METS 99.90%!  0.10%Good

Figure7. Screen shot image of Neural Tool data viewer showing testing of tha élong with Testing
Report: Prediction accuracy as Good or Bad remark.

3.2.4. Prediction

After training and testinguntrained values (Table2) of RI,T2,ADC or metabolites of wadiseases and
tissues were put into the Column A one by one and net was run for prediction.

TABLE 2. Untrained Variables (in Red) to be used in the A column one after another to note the prediction

accuracy.
T2 RI CHO ADC CR CR/NAA LIP/LAC MI CH/CR T2peri CHO/NAA
387 1.33345} 1704 333 1976 0.388 1589 1078 1.47 387 0.423 CSF
384 1.3338%{ 1878 332 1987 0.414 1675 1084 1.42 378 0.489 CSF
331 1.3482{ 8878 134 2878 0.432 4491 5478 3.15 241 1.88 ms
311 1.3441% 5975 122 5401 0.7389 6756 4289 1.11 244 0.874 ms
233 1.3611§ 1613 741 2211 0.913 1439 359 0.487 226 0.461 ms
119 1.387; 1589 78 2219 0.941 1467 3451 0.491 167 0.459{ gmatter
87 14312 1154 74 : 2431 0.772 1342 319 0.479 144 0.441: wmatter
179 1.38234{ 1331 132} 2315 0.777 1019 320 0.456 241 0.4429 edema
88 143214 1441 127} 2231 0.775 978 311 0.421 177 0.432 glioma
100 1.4456% 1323} 167 2251 0.713 915 300 0.342 170 0.334 glioma
119 1.4566 2656 141 3178 1.03 2133 315 0.7868 182 0.887 | gblastoma
141 1.4876§ 1320 129} 2543 0.659 1011 332 0.435 210 0.431 mets

Prediction thus created by the Neural Tool was shown in the Figure 8a,b,c using different parameters
like RI, T2 and ADC values and metabolitd® .scrutinize the accuracy (percentage) of Prediction
Gdzy i Ny AYSR RI Gl &S sCoufinAwah fficl SreByyoie. F NA | 6t S Ay (KA
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A B G D E F G H I J K L M N o] P
Prediction Report: "Net Trained o

R T2 L DG CRUNAA MPJCAG. L CHIGR . T20er  JGHOINARDISERSE] [Tag Used 7red cior res it
13333 400 300 1400: 0.346] 1400 910: 115 400 0.402:CSF
13334} 395 320 1300} 0.367 1760 1056 1.14] 395 0.412/CSF
1.33341; 390 330 1967 0.389 1600 1076 115 390 0.432 predict |CSF 100.00%
1.3336; 384 340 1589} 0.411 1675 1080 1.14] 384 0.498/CSF
13421 340 145 8320 0.557 4160 2912 14) 240 0.779!ms
1.3433; 328 135 2800} 0.433 4450 5576 315 241 1.39{ms
13498 316 124 4560 0.225 3570 3536 173 243 0.389/ms

| 134970 304 120! 54000 0.7396: 6766 4294 11 245 0.873ms
135781 249 75! 33200 0.7112 5423 2322 1020 230 0.821 predict ims 100.00%
L3paly 245 73 2212 0.941 1440 364 049 227 0.465:ms.
1.3956; 130 76! 2209; 0.938 1441 362 0.491; 166 0.461;gmatter
L3967y 125 76; 2209; 0.938 1441 362 0.491; 168 0.461 predict gmatter 99.99%
139577 123 78 2219; 0.541 1467 345 0.491; 167 0.459;gmatter

] 139521 121 80! 2320; 0.878 1443 321 0494 169 0.456!gmatter
1.4215 95 70! 2443 0.788; 1345 312 0488 148 0.453 predict {w matter 99.88%
1.4256! 89 71 2435} 0.771 1341 320 0.458§ 146 0.447\w matter
1.4259: 85 77 2387 0.774 1211 321 0.467; 130 0.445!w matter

| 13741 160 841 2216 0.776 1123 325 0467 246 0.443{edema
1.3816; 182 130 2321 0.787 1011 321 0.456; 243 0.442 predict |edema 100.00%
1.3821} 182 128} 23144 0.781 1009 314 0.454; 244 0.441 edema
138227 184 131 2310 0.778 1001 313 0445 245 0.441iedema
1.4312; 50 127 2243 0.766} 989 310 0.423; 175 0.431 predict {GLIOMA 99.98%
L4446¢ 99 177 22541 0.712 917 300 0.343) 170 0.341GLIOMA
143551 110 136! 2112; 0.678; 900 311 0311, 195 0.332iGhlastma
14583 116 2774 142 3280; 1.06! 2240 312 0.844) 190 0.907 predict Gblastma 100.00%
14562; 118 2661 140 3189; 1.02; 2134 314; 0.7881; 185 0.89;Ghlastma
146117 123 1281 139; 29981 1.01 2098 316 0.7662] 175 0.876}Ghlastma

| 14768; 135 1321 127 2532 0.654 1011 340 0.432: 200 0.432: METS
14876 147 1388 139 2211 0.667 1021 341 0.445; 219 0.411 predict  |METS 100.00%
1.4911; 151 1411% 131 2018 0.713 1119 356 0.449: 223 0.423: METS
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Figure8a. Screen shot image of Neural Tool data viewer showing Prediction using RI in the Column A.

1 Prediction Report: "Net Trained or
2l [Tag Used Prediction Prediction%
Bl 400 1.3333 1610 300 1400 0.346 1400 910 1.15; 400 0.402iCSF

4 395 1.3334 1680 320; 1800; 0.367 1760; 1056 114 395 0.412;CSF

3 387 1.33345 1700 330; 1967, 0.389; 1600: 1076 115 3% 0.432. predict (CSF 100.00%)|
6 384 1.3338 1390 340; 1989; 0.411 1675, 1080; 114 384 0.498; predict {CSF 100.00%)|
7 340 1.3421 11750 145 8320 0.557 4160 2912 1.4 240 0.779{ms

3 328 1.3482 8904 135 2800 0.433 4430 5576 3.15; 241 1.39 predict  {ms 100.00%|
3 316 1.3438 7896 124 4560 0.225! 3570 3536 173 243 0.389{ms

10 311 1.3441 5947 120; 5400;  0.7396; 6766 4294; 11 245 0.873 predict  ims 100.00%)|
11 249 1.3589; 3448 75 3320; 0.7112; 5423 2322; 102y 230 0.821ims

12 233 1.3641 1610 73 2212 0.941 1440 3641 0.435 227 0.465 predict  {ms 99.96%
13 130 1.3956 1601 76 2209 0.938; 1441 362, 0.491 166 0.461 gmatter

14 125 1.3956 1601 76 2209 0.938; 1441 362, 0.491 168 0.461 gmatter

15 120 1.3957 1589 78, 2219; 0.941 1467 345; 0491 167 0.459; predict igmatter 99.98%
16 121 1.4023 1458 80 2320; 0.878; 1443 321; 0.494; 169 0.456;gmatter
El 95 1.4251 1180 70 2443 0.788; 1345 312, 0.488; 148 0.453}w matter

13 87 1.4312 1108 71 2435 0.771 1341 320 0.468; 146 0.447 predict |{w matter 100.00%|
19 85 1.4259 1098 77 2387 0.774 1211 321 0.467 150 0.445{w matter

20 160 1.3741 1231 84 2216 0.776: 1123 325; 0.467; 246 0.443!edema

21 173 1.3823 1331 130; 2321 0.787 1011 321; 0.456; 243 0.442. predict iedema 99.98%
22 182 1.3821 1298 128; 2314; 0.781 1009; 314; 0454 244 0.441'edema

23 184 1.3822 1444 131 2310 0.778; 1001 313 0.445 245 0.441}edema

24 88 1.4321 1443 127 2243 0.766 989 310 0.423 175 0.431 predict {GLIOMA 99.61%
25 100 1.4456 1365 177 2254 0.712. 917! 300! 0.343 170 0.341. predict (GLIOMA 98.96%
26 110 1.4551 2655 156; 2112; 0.678; 900! 311; 03117 195 0.332/Gblastma

27 116 1.4512: 2774 142; 3280; 1.06 2240, 312; 0.244; 150 0.907;Gblastma

28 119 1.4566 2661 140 3189 1.02 2134 314 0.7881, 185 0.89 predict |Gblastma 100.00%|
29 123 1.4611 1281 139 2998 1.01 2098 316 0.7662, 175 0.876/Gblastma

30 141 1.4876 1321 127 2532 0.654. 1011 3401 0.432. 200 0.432. predict  |METS 99.25%
31 147 1.4834 1388 139 2211 0.667 1021 341 04450 219 0.411:METS

32 151 1.4911 1411 131 2019; 0.713 1119 356 0.449; 223 0.423METS

Figure 8b. Screen shot image of Neural Tool data viewer showing Prediction using T2 in the Column A.
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] ADC_PREDICT.xIsx

A 8 C D 3 F G H | J K L M N o
2 IO |DISEAGE| Used Prediction Prediction’s
3 300]  1610[ 400 1400, 0402, 0246} 1400 910 115} 400 13333 |csp

a 320 1680 395 1800| 0.412| 0.367] 1760 1056 1.14] 395 1.3334 |csF

5 334) 1700|390 1967, 0432 0389}  1600]  1076| 115 390 13335 dict sk 100.00%
6 3a0] 1800|384 19890 0498/ 0411 1675 1080 114) 384 1.3336 [cse

7 145) 1170|240 8320, 0779 0557} 4160|2912 14l 240 1.3421 g

8 136 8904 328 2800| 1.39] 0.433! 4450 5576 3.15] 241 13439 dict jms 100.00%|
) 12a)  7896| 216 asé0l  0.28s| 0.225] 3570 353 173} 243 1.3498 |ms

10 1200 5947|304 5400{ 0873 0.739]  6766] 4294 11 245 13497 {ms

11 75) 3448| 249 3320 0.821 0.7112] 5423 2322 1.02| 230 1.3589 |mg

12 73] 1610| 245 2212 0.465 0.941! 1440/ 364 0.495 227 1.3641 |ms

13 750 1601) 130 2209, 0461 093] 1441 362 0491 166 1.3956 fict {gmatter 100.00%|
14 ) 1601 125 22000 0461 0938 1441 3620 0491|168 1.3956 {gmatter

15 78] 1589 123 2219 0.459 0.941 1467} 345 0491 167 1.3957 |gmatter

16 sof  1as8| 121 2320, o0.4ssl  0.878) 1443 321)  0a4%aj 169 1.3952 {gmatter

17 7| 1180 95 2443 0453 0788|1345 312| 0438 148 18251 |y matte

18 n 1108| 89 2435 oaa7  orni 13 3200 0468 146 1.4256 dict |wmatter 100.00%|
19 77| 1008| 85 2387)  o044s| o077l 121 321 0467 150 1.4259 |w matte

20 sal 1231 160 2216]  04a3] 0776 1123 3250 0467 246 13741 {edema

21 130] 1331 182 2321 0.442| 0.787| 1011 321 0.456 243 1.3823 fict jedema 100.00%|
22 128) 1298 182 2314, oas o781l 1009 314 0a4sal 244 1.3821 {edema

2 131 1444) 184 23100 0441]  o778|  1001] 313| 0445|245 13822 |edema

24 127 14a3] 90 22430 0431  0.766] 989 310f oaz3} 175 1.4331 |GLiomA

25 175 1365 99 2254 0.341 0.712] 917| 300 0.343 170 1.4446 dict jGLIOMA 100.00%|
26 156] 2655|110 2112 03312 0678 900, 311 031 195 14551 |Ghlastm

27 2] 27| 116 32800 0907 106 2240 12| 0844 190 14512 |Gblastm

28 141 2661 118 3189, 0.89) 1.02, 2134, 314{ 07881 185 1.4562 THict Gblastma 100.00%|
29 139 1281 123 2998  0.876| 1.0 2098] 316 0.7662] 175 1.4611 |Gblastm

30 1209y 1321) 135 2532 0432 0654 101 04320 200 14768 e

2 139) 13| 147 211 0411 0667 | 1021 341 0.445 219 1.4834 |METS

32 13 1an| s 2019 0423 0713 | 1119 356 0.aa9! 223 1.4911 |METS
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Figure 8c.Screen shot image of Neural Tool data viewer showing Prediction using ADC in the Column A.

4 Results and Discusion

4.1.1t is evident that the 100 % prediction or characterization of tissue and pathological lesions when
RI values are regarded aslependent numerical value(in the column AJFigure8 a). T2 also produces
high accuracy. The prediction accuracy depends on the independent numeric variables or different
physical or chemical parameters [6;18].

4.2. The NET depicts the statistical aspetttoe prediction by RI in the Table 3. Minimum error was
noted between 0.15 to 0.2 units. On the contrary, prediction is 20% to 60% in the context of ADC values
(Figure8c) or Cholir€reatine ratio. Therefore the dataset had been trained in Neural NetAard

tested in such a way that the wrong prediction reached the least amount and then the trained model
data was run for testing (Table 3).

Table 3. Neural Tool : Net Training and auto testing

Location This Workbook

Independent Category Variables 0
Independent Numeric Variables 11 (RI, T2, CHO, ADC, CR, CR/NAA, LIP/J
MI, CH/CR, T2peri, CHO/NAA)
Dependent Variable Category Var. (DISEASE)
Training
Number of Cases 24
Training Time 0:00:00
Number of Trials 108
Reason Stopped Auto-Stopped
% Bad Prdictions 0.0000%
Mean Incorrect Probability 0.0057%
Std. Deviation of Incorrect Prob. 0.0114%
Testing
Number of Cases 6
% Bad Predictions 33.3333%
Mean Incorrect Probability 31.2500%
Std. Deviation of Incorrect Prob. 44.3412%
Data Set
Name DataSet #1
Number of Rows 30
Manual Case Tags NO
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