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ABSTRACT

This article focuses on the development of a diagnostic model for low back pain
management, a mathematical model describing the cause of the disease and an
inclusive hardware implementation with artificial intelligence (AI). It has been
observedthatthegreaterpartofthepeopleindevelopingcountriescannotaffordthe
costofthistreatmentduetolowfinancialstatus.Moreover,acontinuousassessment
isnotmadeforcontinuousmonitoringofthepatient’sstatus.Theproblemofback
paindevelopsslowlyandifsomeearlyassessmentscanbemade,thenthetreatment
becomeseffective.Theproposedmethoddevelopedinthisarticleisbasedongalvanic
skinresponse(GSR).GSRisusedtomonitorthepainofthepatientsandamodified
back-painmanagementalgorithmisusedfortacklingthecorrelationbetweenstress
and pain. The system continuously monitors the condition of a patient and if any
symptomsof lowbackpain (LBP)develop, it immediatelydiagnosesdiseasesand
chronicpains,anditrecommendsgoingtoadoctor.

KEywoRDS
Artificial Intelligence (AI), Galvanic Skin Response (GSR), Low Back Pain (LBP), 
Mathematical Model of Backbone, Recommendation AUM, Regression Medical Diagnosis

INTRoDUCTIoN

Themajortechniqueofartificialintelligence(AI)havebeenusedinmanyresearch
papersfordiagnosingdiseases(Das,Sanyal,&Datta,2020)butamajorproblemis
thattheycannotbeimplementedinhardware.Itiswellknownthatmedicaldiagnosis
involvestheuseofvariousbiosensors,thisdataneedstobecollectedfromthemand
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assuchtheconventionaltechniquesofAIlikesupportvectormachines(SVM),neural
networks(Das,Dey,Pal,&Roy,2015)becomeinefficientwiththelimitedmemoryof
themicrocontrollers.Thephysicalbackboneofahumanismodeledwiththeconcept
ofphysics. In thework,analgorithmisproposedthatworksperfectly inhardware
and themainessenceof theprocess is that training isdoneseparately in software
andparametersareimportedinthehardwaretomakeanembeddeddoctorthatworks
atanyplaceandanytime.Theliteraturesurveydonein thecorrespondingsection
exploresthekeyfactorthatisimportantforanalysisistherelationshipofgalvanic
skin response (GSR) topainandcorrespondingly themethodadoptedbyprevious
authorsinextractingaparticularfeaturefromGSR.Thenthemethodologysectionis
basedonafirmmathematicalmodeldevelopedandfromthatmodel,thealgorithm
usedforadiagnosis takes theshape, followingwhich thecost-effectivemethodof
collectingGSRdataispresentedalongwiththeschematicdiagramandcalculations.
Finally,theresultssectionissplitintotwopartsonedescribingthedatacollectedand
proposingsomehypothesesalongwithitsverification.Thesecondpartdescribesthe
resultsofthealgorithmproposed.Finally,aconclusionismaderegardingthefuture
prospectsofthiswork.Theproposedmethodlearnsbyexamplefromprovideddata
usingnonlinearregression.Themostinterestingfactisthatifalowpassfilterisused,
someof theinformationthatmaybepresentmaybelost.Therefore, thealgorithm
proposedhereinworkswiththeunfiltereddatabutstillyieldsveryaccurateresults
andisabletodifferentiatenoise.

BACKGRoUND

Onemostimportantobservationisthatwhenapersonfeelspain,thestresslevelof
apersonalsoincreases.InapaperbyHägni(Hägnietal.,2008),averyimportant
resultisobtainedasisclearfromGalvanicSkinResponsetoanunexpectedthreat.
This important paper sheds some light that how pain and stress can be related to
each other in terms of change in Galvanic Skin Response. Some very interesting
researcheshavebeendoneinGalvanicskinresponseandhowitcanmeasurethestress
levelofaperson.InanotherpaperbyCarnagey(Carnagey,Anderson,&Bushman,
2007),thestresslevelswereanalyzedtofindtheeffectofviolentvideogamesona
personscientifically.ThepaperbyHugesFarley(Hughes,Farley,&Rhodes,2010)
titled“VocalandPhysiologicalChangesinResponsetothePhysicalAttractiveness
ofConversationalPartners”usedGSRtodetermine theeffectofvoicepitchwhile
talkingtoattractivepeopleoftheoppositesex.InaworkbyJanWidacki(Widacki,
2015),itisdescribedashowGSRvaluescanbeusedtodetectlies.Theveryimportant
observationthatcomesafterstudyingallthesepapersisthatthewaytheGSRisused
is important in drawing the conclusion. The GSR channel is considered the most
diagnosticrecordinginpolygraphexaminations,andthebestdiscriminatorbetween
people providing deceptive answers to test questions and non-deceptive subjects.
ChangesintheGSRarestillusedbothforclassicalpolygraphexaminationsandfora
varietyofsimplifiedproceduresofinstrumentalliedetectionbasedontheobservation
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ofphysiologicalcorrelatesofemotion (Widacki,2015).The resistanceof the skin
willvarydependingupontheperson’scondition.TheGUI(GraphicalUserInterface)
can be created in the NI-LabVIEW software program. The GUI uses the protocol
NI-VISA, formula node, filtering, Arduino toolkits, waveform viewing, NISound,
andVibration.InaworkbyCritchley(Critchley,Elliott,Mathias,&Dolan,2000)an
investigationismaderegardingfunctionalneuro-anatomyandGSRwheretheyhave
provedthevalidityofGSRbylinkingwiththechangesinbrainactivity.Therefore,the
usedofGSRreadingsalongwithflexsensorsconnectedtothelowerbackofaperson
areinvolvedforperformingthediagnosis.Theusesofflexsensorsarenecessaryfor
diagnosisasisclearfromthemathematicalmodelofbackbonepresentedinsubsequent
sections.Insomeliterature,predictdiseasesusingtheconceptofself-learning(Das,
Sanyal,Datta,&Biswas,2018)andthetermreliability(Das,Sanyal,&Datta,2018),
butthisworkusestheamalgamationofhardwareandsoftware.Therefore,fromthe
literaturesurvey,hypothesize thatpain is indirectly related tostressand thestress
valuecangiveameasureofpainifappropriatemethodsarefollowed.

METHoDoLoGy

Mathematical Model of Backbone
Muscles,forwardflexors,lateralflexors,rotatorsandextendersarefeatures,which
simplifythemotionofthex-axisandtheangularmovement.ByconsideringtheL1,
L2,L3,L4,L5tobeconnectedinFigure1,thewritersmodelthebackboneaslinking
rods;and the torsion-springmodels the joints inFigure1as shown inFigure2 in
whichcisthespringconstant(Bridwell,2019).

Considering,therangeofdiskstobenrangeoflinks.Letthejointsbeapproximated
astorsionspringsthatstrengthenatorque �M k

n
= α where α

n
istheanglewiththe

Figure 1. Lower backbone links (“lumbar-spinal-discs-L1-L2-L3-L4-L5.jpg – Google Search,” 2019)
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Y-axis.Anyfaultinthejointswillpurpose �M
joint
= 0 andneedtolocatetheequilibrium

circumstanceforpreventingthejointfrombucklingbelowload.Forthis,theapproach
ofvirtualworkisused.Consideravirtualdisplacementofattituded

n
α isgiven.From

thegeometryoftheFigure2andgetEquations1and2:

x l
n1

= sinα  (1)

x l
n2

= cosα  (2)

TakingdifferentialsonbothsidesofEquation1and2andgetEquations3and4:

x l d
n n1

= ⋅cosα α  (3)

x l d
n n2

= − ⋅sinα α  (4)

wheredu=0,isthedifferentialchangeinenergy,theaboveexpressionistheprinciple
ofvirtualwork:

− ⋅ − − ⋅ =
m

n
g dx cx dx M d

n2 1 1
0α  (5)

Figure 2. A mathematical model of the backbone
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wherenrepresentsthenumberoflinks,misthemasssupportedthroughspineandc
standsforspringconstant.Displacementoccursinevery-direction.Puttingthecost
ofEquation3and4in5,andget:

m

n
gl d cl l d M d

n n n n n n
sin sin cosα α α α α α⋅ − ⋅ − ⋅ = 0 

Bysolving,ityields:

m
n

gl
cl M

n
n

= +








sin

sin
α

α
1

2
22  (6)

where,M k t
n

=  α .
Therefore,theaboveEquation(6)becomes:

m
n

gl
cl k t

n
n n

= +








sin

sin
α

α α
1

2
22  (7)

Thespineasdescribedby theEquation(7)cansupport thismass.Theauthors
havemodeledthemuscletissueasspringshavingspringconstantc.Ifthepatientis
strugglingfromanyfaulttheright-handfacetoftheEquationdecreasesorequivalently
announcingthefeeofmturnsintomorethantheequilibriumcircumstanceforthe
parameters specified. Now, consider one aspect has modeled the muscle mass as
springshavingaconsistentspringconstant.However,theresidencesofmusclegroups
fluctuateastheoxygenattentioninthebloodincreasesasnicelyasthequantityof
extensionitsuffers.Hence,ingeneral,thespringconstantcisafunctionofboth x

1


andtbutearlierthanfindingoutc x t c t
n1

, ,( ) ( )α let,welocatetheoxygenattentionin
theblood.Now,thisisacharacteristicoftimeonly,anddenotestheamountofoxygen
concentrationinmg/lofbloodwiththeaidofO(t).Now,considerincreasethetime
throughhamountthendiscoverthattheawarenessofoxygennowandagainincreases
sometimesdecreasesdue tobreathing.Anotherassumption is thatoxygenisbump
offexponentiallywiththeaidofthemusclecells.Byincorporatingallthebehaviors
andgetthefollowingEquation:

o t h o t e ah o th+( ) = ( )− ⋅ ( )−γ sin  (8)

ThejustificationofEquation8,becauseoftheexponentiallydecayingsinusoidal
partfinallyashbecomesverylargeO t h O t+( ) ≈ ( ) orequivalentlyannouncingthe
concentrationofoxygenonacommonremainsconstant.Hence,itisjustifiedinusing
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the Equation (8), its capability that at the start whatever awareness you had after
growingthetimeitdecreaseswiththeaidofacertainfractionoftheinitialvalue.

Now,fromEquation(8):

o t h o t e ahh+( )− ( ) = − −γ sin 

or,dividingbothsidesoftheaboveexpressionbyh,andityields:

O t h O t

h

e ah

h
o t

h+( )− ( )
= ( )

−γ �sin � 

Now,aslimitsh→ 0theaboveEquationbecomes:

dO t

dt
ao t

( )
= ( )  (9)

Hence,thedifferentialEquationhasbeenderivedfortheconcentrationofoxygen
intheblood.TheinitialsituationO 0 0( ) = ,solvingtheunderneathEquation10and
applyingtheinitialcondition,andget:

o t e ah( ) = −− 1  (10)

Deviation of in time Oxygen concentrationc x t
1
,( )( ) ∞( )  (11)

Deviation of in time Deviation of extension ofc x t
1
,( )( ) ∞ �� �c x t

1
,( )( )  (12)

The more the oxygen concentration in blood, additional spring-constant vary
withtimesincemoreoxygenwillproducemoreenergyfortheextensionsofmuscle
anditisacommonobservationthatifmusclescarryaloadforalongertime,fatigue
developsinthemuscles.Thus,increasedextensionispossibleifthechangeinmuscle
extensionoccursfast.ThisisdescribedbytheEquation(12).

BycombiningEquations(11)and(12):

Deviation of in time Oxigen concentration Deviac x t
1
, )( ) ∞( ) ttion of extension of c x t

1
,( )( )  (13)

Deviation of in timec x t
c x t t c x t t

c x t
1

1 1

12
,

, ,
,( ) =

+∆( )+ −∆( )
− ( ))  (14)
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Considerawindowof +∆ −∆



t, t andthefirsttermintheEquation(14),isthe

averagetermandsubtractingitfromc x t
1
,( ) andarejustifiedincallingthisadeviation

ofspring-constantintime.Similarly,mathematicallydefinethedeviationofthespring
constantduetoextension.Finally,theEquation(13)becomes:

c x t t c x t t
c x t o t

c x t t c x t t
1 1

1

1 1

2 2

, ,
,

, ,+∆( )+ −∆( )
− ( ) = ( )

+∆( )+ −∆( )
k −− ( )c x t

1
,  (15)

Here,kistheconstantofproportionalityinEquation(15).Dividingbothsidesof
Equation(15)by 2

1

2
∆ ∆�x t( )

:

2

2
1

2

1 1

1
��

�
, ,

,

�
∆ ∆( )

+∆( )+ −∆( )
− ( )











t x

c x t t c x t t
c x t



= ( )
∆ ∆( )

+∆( )+ −∆( )
− ( )
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2
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2
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1
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2

22

1 1

1
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c x t t c x t t
c x t

ko t
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+( )+ −( )

− ( )












= ( )
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2
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2

1
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1
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∆ ∆x

t x

c x t t c x t t
c x t�

�
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, ,
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( )
( )

+( )+ −( )
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Atpresenttransforminextensionas∆ ∆x t
1
0 0→ →, theaboveequationbecomes:

∂

∂
= ( ) ∂

∂











2

2

2

21

c

t
bo t

c

x
 (16)

Hence,gotthepartialdifferentialequationregardingthechangeinthespring
constant and used the first principle definition of partial derivatives to write
Equation(16).

Therefore,gotthepartialdifferentialequationregardingthealternateinthespring-
constantandusedthefirstprincipledefinitionofpartialderivativestowriteEquation
(16).Currentlyoutlinethepreliminaryandboundarycondition:

lim ,
x x break

c x t q t
1 1

1→
( ) = ( )δ  (17)
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Here δ t( ) standforDirac’sdeltafunction;qisthespring-constantparalleltothe
maximumexpansionafterwhichthespringbreaks:

c 0 0 0,( ) =  (18)

c x
1
0,( ) = ξ  (19)

c t0,( ) = ε  (20)

The Equations (17) through (20) are the limiting conditions of partial-
differentialEquation.

Onbehalfofsmall, x
1
ignorehigherordertermsinsolutionanditgives:

c x t
x

ae
e J

a a
t

at

1
2 1 2

0

2

0
2

2

2��
� ��,� � �( ) = +

+( )
−

−( )









−

ε
ε ξ 

+
+( ) ( )+ ( )










+� � � �

ε ξ
δ δ

x

ae t
t
a

t
t1

2

22

2
� … 

Hereb=-e,assumedbtobenegative.ThisequationincludesBessel’scollection
as well as Dirac’s delta characteristic has used the technique of Laplace radically
changetoresolvetheequation.Now,thefactoristhat x

1��
canbeexpressedinterms

ofα
n

.Theintentionwillbecomethendiscovering
d

dm
n
α

forthisdifferentiateEquation

(8)withrecognizetoandinverttheresult.Thiswillinformusasmincreases,how
theperspectivemodificationsdo.Hence,howthewholelotgetsaffectedasthemass
tobesupportedincreases.Mathematicallydecidedwhattakesplaceandforthisreason
observedanalgorithmthatnicelyfitsandneedsfordiagnosis.Bythinkingaboutall
thefactorsandparameters:

c t t
l

ae
e J

a a
t

n

n
at

α ε
ε ξ α

,
sin

( ) = +
+( )

−
−( )









−
2 2

0

2

2

2

2

+
+( )( ) ( )+ ( )











�
sin
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ae t
t
a

t
tn

2

22

2
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Atthismomentdifferentiatingtheequationwithrespecttoaα
n

keepotherterms
asconstant,andget:

dc

d
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a a
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Assumingtimeequaltoconstant,obtain:

dc

d
k k k

n
n nα
α α= + +� � cos sin

� �� �1 2 3
2  (21)

Inaccumulation,aftergeneralizationofderivativeofEquation(8)withrespect
toα

n
andinvertingtheresultsandusingEquation(21):

dc

dm

gl

n l k l k cos sin l k
n n n n

=
−( )+ −( )+2

1
2
2

2 2 2
3

�
�

�
��

�
�

cos sin �α α α α
��
sin cos2 3α α α

n n n
sin−( )( )

 (22)

Atpresent,resultinEquation22isperiodicincharacternamelythevaluevaries
betweenq

1
andq

2
andifl,n,andtremainsunchanged.

So,
d

dm
constantn

avg

α









= ,consequentlygetastartling fact thatonanaverage if t

remains constant, the angle changesat a regular rate. If t increases, the changeof
perspectivewiththealternateinmasswillbedecreased.Thus,weightproblemswill
nolongerbeareasonofLBP.Now,duetosomereasons,oneorextraofthelinksare
nolongerworkingproperly.Thecaseforspondylitisisparticularlyidenticaltheplace
fewlinksdonolongerwork.Insuchacase:

dc

dm
∝

1

n
 (23)

AsithasbeenseenfromEquation23asndecreases
d

dm
n
α

increases,whichpotential

fromevenasmalltradeinmassthechangeinangleisverymassiveandasaresult
thejointmaygetdisrupted.Similarly, it ismorepossiblythatajointfailuremight
alsomanifestinotherpartsofthebody,aslengthperunitlinkislarge.Now,ifthe
perspective crosses a certain restriction then it is possibly that the joint will be
damaged.Therefore,theaspectinEquation(22)isveryessentialascanbeconsidered
inthefollowingsections.

Development of Diagnostic Algorithm From 
the Mathematical Model and GSR
FromtheEquation(22),andget:

d

dm

gl

n l k
n

n

α

α
≈

−( )( )2
1
1�

�
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Asforsmallvaluesof α
n

,cos(α
n

)approximately1andsin(α
n

)approximately
becomesα

n
.Consequently,theaboveEquationbecomes:

d

dm

cn

n

α

α
≈

−( )1
 (24)

TheEquation24formsthemainbasisoftheproposedAlgorithm1.

Algorithm1.Proposedalgorithm

1. Calculate FFT of the signal. 
2. Input flex sensor voltage 
3. Calculate α

n

4. m
n n

= − −α α
1

5. if(m b>
1
)

   a. count++ 
   b. end 
6. if(a

c
a

n
1 21
<
−

<
α

)

   a. Display “you are healthy keep it up” Go to step 1. 
   b. end 
7. Declare R const B sin A n const x const

x
= + ( )+ +











* * * *2 3
1
 where the 

   last term is optional and a nonlinear regression model  
   is trained pr(>|t|) values are extracted for each constant. 
8. Define z = constant*log(1/pr(>|t|)) where the constant  
   is the value obtained after regression for the first  
   constant it is called as the stress, for A it is  
   called the z chanting/movement

 for const2 the z value is 
   multiplied with first z value defined for the first  
   constant and that z is called zpain

 .
9. if(count<=4||

c

n
1 2−

<
α

ξ )

   a. if( z
pain
≤ ε

1
 && m < ε

2
)

      i. display (“are you sitting?”) 
      ii. input (op) 
      iii. if(op==’y’) 
         1. display (‘you are suffering from Herniated  
            Neucleas Polpusus’) 
         2. break 
         3. end 
      iv. if(op==’n’) 
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         1. display (‘you are suffering from spinal stenosis’) 
         2. break 
         3. end 
      v. Display (‘if you are sitting stand and vice versa?’) 
      vi. If ( z

pain
≤ ε

3
)

         1. Display (‘you are suffering from compression fracture’) 
         2. break 
         3. end 
      vii. display (‘enter your weight’) 
      viii. input(q) 
      ix. if(35-q<10) 
         1. display (‘bone cancer suspected’) 
         2. break 
         3. end 
      x. end 
   b. else 
      i. display (‘do some exercise’) 
      ii. end 
10. if(count > 4) 
   a. if ( z

exercise
 < ε

4
)

      i. display (‘sufficient exercise done’) 
      ii. count=0 
      iii. break 
      iv. end 
   b. else 
      i. display (‘do more exercise’) 
      ii. end 
11. if (FFT_low_frequency_present()) 
   a. display (‘Good do more meditation’) 
   b. break 
   c. end 
12. if (FFT_high_frequency_present()) 
   a. display (‘please do meditation’) 
   b. end 
13. end

The advantage of this algorithm is that it can be effectively implemented in a
microcontrollerastrainingisdoneoutsidethemicrocontrollerandonlytherequired
parametersobtainedfromSupportVectorMachinesarefedtothemicrocontrollerfor
analysis.Now,

 d

dm
n
α

parameterisverycrucialbecauseitultimatelyindirectlygives

theload-bearingcapacityofthebackbone.So,incaseoffaultsinthebackbone,the
valueofthisvariablewouldchangefirstandhencethisisincorporatedinthealgorithm.
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Underdifferentconditions,GSRvariessodifferentmodelparametersneedtobeused
togetaccurateresults.

Simulated Diagram for Collecting of Data
The hardware that is used for building the circuit involves, BC547 transistors,
ArduinoUno,100-ohmresistorsand50-ohmresistorswereusedinsteadof10-ohm
along with analog type flex sensor (Figure 3). The reason for choosing this setup
iscosteffectiveness.ThecostofaBJT(BipolarJunctiontransistor)is0.01dollars
approximately.Thus,itcanbeimplementedveryeasilyatanyplaceandiseffective
forcommercialization.TheArduinomicrocontrollerhasbeenchosenforitssimplicity
although this entire process can be implemented in any microcontroller of choice
afterpropercalibrationasdescribedinthealgorithm.VariousDarlingtonpairICare
availableinthemarketthatifusedcanfurtherreducethecostaswellasimprovethe
reliabilityanddurabilityofthesetup.

Propose Hardware Model Flow Diagram
SeeFigure4.

Calculations of GSR
Fromthecircuit,thebasecurrentintothefirsttransistorisgivenby:

i
v

Rb
be

skin

=
−5

 (25)

Figure 3. Schematic diagram for the measurement of GSR and flex sensor values
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Figure 4. Flow diagram of Propose Hardware Model
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Nevertheless, v
be

forthetransistoris0.7v.Thus,Equation25becomes:

i
Rb
skin

=
4 3. 

Therefore, thecurrent flowing through thecollectorof thesecond transistor is
givenas:

i i
c b
= β2 � (26)

However,collectorcurrentcanbemeasuredas:

i
v

c
ce=

−5

50


Puttingthisin(25)yields:

5

50
2−

=
v

ice
b

β 

or,bytheEquation(26)andget:

5

50

4 32−
=

v

R
ce

skin

β
. 

Inthiscasev
ce

isinputtotheanalogpinofArduino.Theaboveequationbecomes:

R
vskin
A

=
−

β2

1

50 4 3

5

x x . 

Here,the β = 368 asBC547transistorisused,afterall,calculationsthevalueof
GSRcomesouttobe:

R
kv

M
skin

measured

=
−
29 11616

5

.
Ω  (27)
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ThekcomesbecauseArduinorepresents5Vbynumber1023.Anothertypeof
GSRwasusedwhichcalledasscaledGSRwherethekisassumedtobe1.Thisresult
wasusedforonesampleofdatacollectedanditwasstudied:

R
v
M

skinscaled
A

=
−

29 11616

5
1

.
Ω  (28)

wherek=1forthefirstdatashowninFigure6thatcollectedandforsubsequentdata
Equation(28)wasused.FollowingFigure5isshowingasampledataacquiringprocess.

Figure 5. Showing the method of data collection of GSR

Figure 6. Showing the readings of scaled GSR, when the person is stressed
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Result and Analysis
The data collected from the Arduino is  impor ted to MATLAB by ser ial
communication.Theobservationsweremadefortwominutesandthedatawere
verified and double-checked. Then graphs of GSR along with the observation
numberonthex-axisweremade.

Thisresultshowsthatwhenthestresslevelofapersonincreasesthentheskin
resistancedecreasesassweatglandsbecomeactiveandthesignalsaresenttothem
bytheCentralnervoussystem.Figure6isthatoftestsubject1whowasaskedtodo
tensionfor2minutesduringwhichthereadingwastaken.

Anotherinterestingphenomenonisthatapersongetsrelaxedabitwhenhe/she
breathes deeply. This common exercise recommended to people undergo through
anxietyanddepression.Thereadingsweretakenwhilethesecondsubjectwasbreathing
deeply,ascanbeseenfromtheresults that theGSRishigh.This implies that the
personbecomesmuchrelaxedwhendoingthisexercise.

Next,thedataiscollectedwhenthesubjectistoldtodotension,asisclearfrom
Figure8theGSRvaluehasdecreasedconsiderably,indicatingclearlythattheperson
istensed.PreviouslyinFigure7,itwascloseto50MΩbutinFigure7,ithasbeen
seenthatitiscloseto35MΩ.

Ithasbeenthebeliefinthereligionthatdoingmeditationimprovestheoverall
abilityofaperson, to test the fact thesubjectwasaskedcontinuouslychantAUM
for2minuteswhilerecordingthedata.Ineachofthegraphsthatwereobtained,a
verylowfrequencysinusoidalcomponentwaspresent.Figure9itselfshowsthatitis
amodulationofalow-frequencycomponentanduponit,noiseandotherharmonics
areimposed.

Figure 7. The GSR readings during deep breathing
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So,anotherfigureisgivenasaverificationoftheresults,Figure12stillhasalow-
frequencysinusoidalcomponentaswouldbeclearfromthenextresultsectionhowever
alongwiththelowfrequencyanotherthingisthatGSRdecreasesasthesubjectlater
confessedhewasabittenseatthattime.Infact,thislowfrequencynearlymatches
thefrequencyofpronouncing“AUM”.Meditationsinvolvingsomesacredwordsare
commontomostreligiouspeopleandthisresultconfirmsthefactthatsomeinteresting
phenomenaoccurinsidethebodyduringchanting.Theworksregardingthechanting
ofAUMusinghasbeendoneusingGSR(Das&Anand,2012).However,inthecase

Figure 9. Effect of chanting AUM

Figure 8. Showing the plot of GSR under tensed
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oflowbackpainmanagementwouldrecommendmeditationwheneverrequired.The
paper(Das&Anand,2012)actuallysupportsthemodel.

Afteralotofexperiments,ithasbeenobservedthatrigorousmovementscause
morefluctuationsinGSR.TheoverallvalueofGSRdecreasesandthisisconfirmed
invariousworksofliterature(Westeyn,Presti,&Starner,2016).Alogicalexplanation
for this would be that even doing small exercise stimulates the sweat glands and
conductivityofskinincreasesalittleasaresultGSRdecreases.InFigure10andFigure
11thenoiselevelsaredifferent,butthecharacteristicsaresameandthevaluesinthe
y-axisclearlyshowthattheeffectofstressisclearlyobservableinvaluesregardless
ofanymusclemovement.

Figure 10. Muscle movement when relaxed

Figure 11. Muscle movement when not relaxed
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RESULTS oF REGRESSIoN

In thealgorithm,anonlinear regressionmodel is tobeobtained.So, todo this
thedataisimportedfromMATLABtoRusingthelibraryR.matlab(Bengtsson,
2018)(Figure13).

HerethevalueofAisverysignificantasisobtainedfromthetvaluesandthe
pr(>|t|)column.It isnearly1 indicatingthepresenceof low-frequencycomponent
thusconfirmingthehypothesisthatduringthechantingof“Aum”alow-frequency
componentwouldalwaysbepresent.InthefirstlookFigure12appearstocontradict
the assumption but on analysis, as it has been seen in Figure 14, the frequency
component is dominant. Figure 14 shows various parameters associated with the
nonlinearregression.

Again,ascanbeseenfromFigure15,thevalueoftheconstantAissignificant,
andAisapproximately2.Withastandarderrorof0.014indicatingthatthefrequency
componentishigh,andthatAcannotfullyaccountfortheobservationbecauseofthe
noise.Thevalueofthefirsttermintheformulausedforlinearregressionis17.24,
significantlyhigherthanthatoftheresultsofFigure14,indicatingGSR,inthiscase,is

Figure 12. Effects of chanting AUM second reading for verification

Figure 13. The results of nonlinear regression applied to the corresponding data of Figure 11
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highandthepersonisstressed.Const2issmallbutnegativeindicatingGSRdecreases
slowlyifitiscomparedthiswiththevaluesobtainedinFigure14;therateofdecrease
ismore.Thisiseasilyinterpretedassomephysicalexerciseistakingplace.Thus,the
keyobservationisthatthesesmallchangesinthevalueofconstantsobtainedfrom
theresultscanindicatetheconditionofthepatient,accurately.

Keyfindingsincomparisontothepreviouswork(Das,Sanyal,&Datta,2019):

• Theamountofpaininapersonisdirectlyproportionaltothestressandascientific
measureofthatisgalvanicskinresistance;

• Undervariousconditions,GSRvaluechangeslikedoingexercise;
• Thus,allchangesinthebodycanbemonitoredandthisiseffectivelyutilizedin

developingthediagnosticalgorithm.

CoNCLUSIoN

Theworkstartedwithanaimtodevelopasimpleyetaccuratesolutionforthediagnosis
oflowbackpainusingembeddedtechnologyandanewalgorithmhasbeenproposed
for the lowbackpaindiagnosis.TheGSRhasbeenutilizedforpreciseanalysisof
thediseaseandtheGSRrecordingsensordevelopedisverysimpleyeteffectivein
drawingtheconclusion.Indevelopingthework,someinterestingphenomenahavebeen
observedregardingmeditationandchantingofthesacredwordofHindus“AUM.”In
fact,apartfromreducingstress,aharmoniccomponenthasbeenobserved.

Figure 14. The results of the nonlinear regression on the data corresponding to Figure 11
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Infuturework,theincorporationoffuzzinessinthealgorithmwouldincreasethe
accuracyevenmanytimes.Further,morecomplexnonlinearmodelmaybeusedwith
thealgorithmtoyieldextremelyhighaccuracy.ThereisascopeofusingtheGenetic
Algorithm to find the minimum value of galvanic skin resistance under different
constraintsandconditions.
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Figure 15. Showing the results of nonlinear regression on data of Figure 11
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