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Abstract

Deep brain stimulation (DBS) is an elec#itherapyfor severaladvancecheurological

di sorders such as TPha improvenseot of@dwrendDBS &eehsique ( P D)

has gained more importance orderto increasethe therapeutidoenefitsand reduce the

side effectsThe electrical stimulation of thgeep brairis administered at standahigh-
frequency(HF) or by using dedicated patterns intending the modulatiopatifiological
neuronal activity Apart fromthe development of neatimulation protocols such as the
desynchronizingcoordinated ret (CR) DBS protocol, a continuous and appropriate
adjustment othe stimulationparametersnight increase the efficacy of DBSherapeutic
benefits could be maximized lasystem thaautomatically detects the demand for further
stimulation and continuously mdiis the stimulation parameterSor instancesuch a
system can help the clinician to find the optimal parameters easily, without lengthy test
proceduresin this thesis, théechnial realization of a demandontrolled application of
CRDBS forParkinsahs di sease ( PD) wit lsingestipatedThea b | e
applicability of such an autonomic system is studied retrospectuhyg local field
potential LFP) andresting tremor recordingsom PD patientsas well as LFP recordings
from parkinsonian norhuman primates weresed A demandcontrolled application of

DBS requires a redlme analysis of the egoing pathologicahctivity. LFP recordings
during DBS arenormally contaminated by strong artifacts that are caused by technical
drawbacksThe artifactanhibit the examination othe presence of pathological activity.
Therefore, softwarbasedtechnical solutions for artifact reductiavere developed and
implementedto obtaincleanfeedback signals frorthe recordings Additional tests wes
performed on LFP recordings in saline solution to evaluate the performance of the
implemented algorithms. Results obtained from these tests indicated the efficacy of the
algarithms in removing most of the artifaciurthermore, the biological recording®re
analyzed tdind biomarkers of the pathologicattivity that canbe usedas a criteriorto
guantifythe demand for tuning the stimulation parameters.pfoposed appraf aimsto
analyze and monitothe variation in the strength afuch pathologicé activities A
demonstration ofite tuning of severalF andCR DBS parameteraasperformedn reat

time with a digital signalprocessor (DSP) boansing tremorlike recordings collected

from a healthy subject This thesis explores and demonstrategshe design and
implementation o& demanetontrolled application of DBS that is adegaccordingo the
pathological fluctuations of patients and can be more efficaciaumsstiandard continuous
DBS technique

n



Kurzfassung

Die tiefe Hirngimulation ist eir elektrische Therapie fur verschiedene fortgeschrittene
neurologische Erkrankungen weke ParkinsorKrankheit (PD). Die Verbesserung et

tiefen Hirnstimulation hat mehran Bedeutung gewonnen, wten klinischen Nutzenzu
erhdéhen und die potenziellen Nebarkungen zu verringern. Dielektrische Stimulation

des tiefen Gehrns kann mittelsStandardHochfrequenz (HF) oder mit dedizierten
speziellen Mustern, die auf die Modulation der pathologischen neuronalen Aktivitat
abzielen, durchgefuhrt werden. Nebenr dEntwicklung von neuen Stimulations
protokollen, wie des Protokolls der -dgnchronisierende® Coor di nat ed Reset f
kénnte eine kontinuierliche und gezielte Anpassung der Stimulationsparadieter
Wirksamkeit detiefen Hirnstimulation erh6hen. Derdtapeutische Nutzen kdnnte somit
durch ein System, das den Bedarf fir eine weitere Stimulation automatisch erkennt und
standig die Stimulationsparameter modifiziert, maximiert werden. Dariber hinaus kann ein
solches Sstem den Arzten helfen, die optimal8timulationsparameter ohne langwierige
Einstellungsprozedureleicht zu finden. In der vorliegenden Arbeit wird die technische
Realisierung einer bedarfsgesteuerten Anwendung der CR Stimulation fir Parkinson
Patientenmit einem tragbaren Neurostimulator rgestellt. Die Anwendbarkeit eines
solchen autonomen Systems wird retrospektiv erforscht. Zu diesem Zweck wurden bereits
vorhandene Aufnahmen der lokalen Feldpotentiale (LFP) und des Ruhetremors von
ParkinsorPatienten sowie LFP Messungen von niamenschichen Primaten, die unter
ParkinsorRSymptomen leiden, verwendet. Die bedarfsgesteuerte Anwendurtgefeer
Hirnstimulation erfordert eine Echtzenalyse der pathologischen Aktivitat. LFP
Aufnahmenwahrend der tiefe Hirnstimulation sind in der Regebn starken Artefakten
kontaminiert. Diese Artefakte verhindern die einfache Analyse der erfassten Daten zur
Feststellung des Vorhandenseins einer pathologischen Aktivdghalb wurden software
basierte technische Lésgen fir die Unterdrickung von Art&fan entwickelt und
implementiert WeitereTests wurden mit LFP Aufnahmen vorgenommen, die im Rahmen
von Messungen in Salzldsung gewonnen warddese Messungen helfen, die Leistung

der implementierten Algorithmen zu beurteilen. Die Ergebnisse aus diesenzeigten,

dass die entwickelten Algorithmen die meisten Artefakte hochwirksam entfernen konnen.
Weiterhin wurdendie biologischen Aufahmen analysiert, um Biomarker fir die
pathologische Aktivitdt zu findenDiese Biomarker kénnen als Kriterium vervaden
werden, um den Bedarf zur Anpassung der Stimulationsparameter zu quantifizieren. Somit
kénnenentsprechend des vorgeschlagenen Ansatzegedénderungen in der Starke der
pathologischen Aktivitdt analysiert und Uberwacht werden. Die Anpassung von
untaschiedichen HF und CR Stimulationsparameterwurde in Echtzeit mit einem



digitalen Signalprozessor (DSPanhand vonParkinsorzittertendhnlicher Messdaten
eines gesunden Probandgmasentiert Somit kann diese Arbeit die Konzeption und
Umsetzung eindvedarfsgesteuené\nwendung der tiefen Hirnstimulati@emonstrieren
und zeigt, wie die pathologischen Schwankungen der Patiefiierdie Anpassungder
Stimulationsparameter verwerndeerden kdnnenks ist zu hoffen, dass solche Verfahren
die Wirksamkeiter tiefen Hirnstimulatioit engisch: Deep Brain Stimulation (DBS)
verbesserkdnnen
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Chapter 1

Introduction

Deep brairstimulation(DBS) is areffective and approvéelectrical therapy for advanced
Parkinsonds disease (WY&nptoms and forseveral other | y
neurological disorder&Coffey, 2M9, Hariz, 2012 Benabid et al., 1991ForelectricDBS,

depth electrodes are chronically implanted in ta@yetasin the brain and connected
subcutaneously to amplantablepulse generator (IPG). THEG is batterypowered and

r

implanted under the pai ent 6s col | arbone. Vi ausedhte dept

administer acontinuoushigh-frequency (HF) periodic pulse traifCoffey, 2009. HF
(>100Hz) is the standard DBS protocol and has bempirically developed relying on
intra-operative observationsDespite therapeutic success for involuntary mowsm
disorders, HOBS still has some limitations. Forstance, its therapeutic effects may wear
off over time and undesired stimulation of neighborargasmight cause side effects
(Kumar et al., 2003volkmann, 2004RodriguezOroz et al., 2006

Strongneuronalynchronization obrainactivity has becorm one of theharactestics
of PD (Lenz et al., 1994Nini et al., 1995Brown, 2003. The mechanism of HF DBS on
the abnormal neuronal activity is still a matter of ongoing defidiecinovic et al., 2013
Carron et al., 2002 In order to improve the therapeutic effects of DB&ystimulation
protocolshave been developed. Among theroprdinated reset (CRias been introduced
as a robust desynchronizing stimulation technlopsed on timely coordinated phase resets
of synchronized neuronal populatio(iBass, 2003p20033. The objectre of the CR
protocol is to selectively counteract the pathological neuronal synchronization process
(Tass, 2003p CR protocolsplits the entiresynchronized neurongbpulation nto several
subpopulations in a timely coordinated manner that are pslaiied with respect to each
other ultimately leading to desynchronizati{@mass, 2003b20034.

The further enancement and detailed understanding of the DBS mechanism might
have the potential to maximize therapeutic benefits, minimize power consumption and to
extend the field of DBS applitan to otherareas Stimulation parameters of DBS are
adjusted intermittetty every few months to cope with the dynamic nature of(PEuschl
et al., 2006a This shows that a closddop techniquethat continuously adjusts the

1 By the US Food and Drug AdministrationR)



Chapter 1Introduction

stimulation parametersaccordingto the currenpathological neuronal activitgould be

more effective than classical opkrop DBS(Rosin et al., 201 Little et al., 2013. In this

regard, the optimization of the stimulation strategy, through a dewgwrtclled

application ofd e sy nc hr oni zis exgecte€@ B hdye & strong impact on the

reduction of side effects. This is because the stimulationitm@land duration can be

reduced considerablfreng etal., 2007 Grant & Lowery, 2013 Thed e macnodnt r ol | e d

application ai msattioom pdfifm ztes tthye ogudanmuilf yi ng

for further stimulation laadi apppapamat ed y. ad
A demacnodnt r ol | edr eqpup lrieteicathe omnal ysi s of t he

neur on alTheanplanted eldctyoddsr DBS offer a unique opportunity to record

the pathologicalactivity from the target area during CR stimulati®he electrical field in

the vicinity of the implanted electrode, known as the local field potential (LFP), can provide

relevant information laout thepathological activity ofarge neuronal populatiorf$ass et

al., 2010. LFP activity is believed to be modulated by DBS and that it @agwith motor

and normotor impairmentgPriori et al., 2013Little & Brown, 2012. LFP activity is

characterized by multiple rhythms which operate at distinct freque(®Bresvn, 2003

Cassidy et al., 2002.evy et al., 2002Foffani et al., 2005a Furthermorethe analysis of

the LFP activity could provide an insight into the mechanisms of action underlying DBS.

Therefore, LFP recordings are still tst suitableandidate feedback signalrfsuch a

demandcontrolled application of DB®Priori et al., 2013 In addition, motoric symptoms

of PD, particularly reing tremor, can banalysedto uncover their relationship to the

pathological synchronization in the brgirass et al., 2010

1.1 Aim of the thesis

In this projed, we investigate the technicaalization of a demanrdontrolled application

of CR DBS for Parkinsonbés disease (PD) wi t
objective is to develop and implement technical solutions fottiraal artifact reduction

and chta analysis. The applicabilibf such an autonomic sgsn is studied retrospectively

usingtwo kindsof existingelectrophysiological recordings

(1) Internal LFP recordings from PD patients andnir norhuman primates
rendered arkinsonian. These include(a) LFP recordings during
desynchronizing CRDBS and (b) Spontaneous LFP recordings after CR
stimulation sessions.

(i) External recordings oparkinsonian resting tremor especially of the hands.
The tremorsignalwas recordedby means of accelerometesignutaneously
with the LFPsignalsduring and after the CR stimulatigessions
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LFP recordings during active DBS arermally contaminated by strong artifacts that
can beonemillion times greater than the LFP activ{fgiannicola et al., 201Rossi et al.,

2007, Abosch et al., 2012 These artifacthindered the imestigation of the pathological
neuronal activity. LFP recordings duri@R DBSare contaminated gome artifacts such

as stimulus artifacts, exponential decay/growth after stimuli, power line maiect (PLI),

and electrical background noisko obtaina reasonabléeedback signal during CR DBS
for the demandontrolled application, we developed and implemented softhased
technical solutions for redgime artifact reduction. An efficient solutiofor that was the
software implementation of the Netdiglead algorithm which is an optimization technique
based on the least squares met{idelder & Mead, 196p The aim of implementing the
NelderMead algoithm was to remove artifacts from short epochs of LFP recordings (i.e.,
up to 500ms). In order to give a proaff-principle and to optize the flexibility and
accuracy of the implemented technical solutionslioé simulations and wvitro testg(i.e.,

in saline solutioh were performed. Results obtained from these tests showed a high
efficacy of the implemented algorithms in removingsnof the artifacts. For spontaneous
LFP activity andtremorrecordings after CR DBS, different techniques based atabig
filtering and wavelet transform were used for artifact reduction.

Analysis techniques of LFP recordings are typicadrformedin the frequency
domain.In our application, e realtime spectralanalysis of neuronal activity during CR
DBS resulted ® bemore challenging because of the short data segments included in the
CR stimulation protocdbut arefree of strong artifacts, e.ghe stimulus artifact. The short
data segments were collected on a regular basis to arthlyzmthological neuronal
activity. We implemented several technical solutions for data analysis in order to calculate
biomarkersvalues of the pathological actiyiin the LFP recordings. During CR DBS,dw
analysis techniques were usasleraging of data segments and modified spkanalysis.

The spectral power of the collected short data segments was scaled by a factor that was
calculated from theselectedCR dgimulation parametersin order to investigatehe
spontaneous LFP aricemorrecordings, the spectral analysis wasrian analysis tool.

The variation irthe spectral power of the LFP ami@morrecordings was monitored over

time to determine the demamdlue.Finally, tremorlike recordingdrom a control subject

were used ttest and demonstratiee realtime adjustmenof CR DBS parameters.

Off-line tests and simulations of tiraplemented technical solutions for the artifact
reduction and data analg were performed in MATLAB before being implemengeul
testedfor reattime processing in Simulink. Afterward, then&ilink modules were
converted into C files for hardware applications. The C files were compiled by a C compiler
to generate a machine code that was finally tested on a digital gignatsor (DSP) laod.

The latter is placed in a portable neurostimulatat isusedfor the implementation of new
stimulation strategies. The portable neurostimulator is an external trial DBS device which
was developed to appiF andCR DBS protocols to patien{@auptmann et al., 2009



Chapter 1Introduction

The portable neurostimulator is used for bstimulation anddata acquisition ankas the
capability to simultaneouslyrecord LFP, tremor and other biological signals during
stimulation(Hauptmann et al., 2009The DSP boardaninstantaneoug access the data
acquired by the portable neurostimulator which is necessary for a-ttagedpplication.

In this work, the LFP andtremor recordings used to investigate the realization of the
demanecontrolled application of desynchronizing CR DBS we®orded by the portable
neurostimulator.

1.2 Structure of the thesis

The thesis is organized as follows:

Chapter2gi ves medi cal backgr ouanditspathophydiologyar ki ns o
and somef its symptoms (8ction2.1). A technical description ohe surgicaltechnique

DBSf or Par ki nisgiveninsSecttbn22eD8S gotocols such as tiséandard

stimulation techniquélF DBSand the nely developeddchniqueCR DBSare preseted

in Section2.2.1andSection2.2.2 respectivelyln these sectionstimulation parameters

and pattern©f CR DBSare explainedn more detail sincemost of the implemented

technical solutios arededicatedto this DBS protocol.

In Chapter 3 the technical setumnd dataused to test #h demanetontrolled
applicationareintroduced.The portabé neurostimulators presentedn Section3.1and a
brief description of he DSP used for reatime data processing igiven in Section3.1.1
Information about LFPeacordings fromPD patientsfrom non-humanprimatesand in
saline solutions given in Sectiord.2.1and Sectior8.2.2 Thetremorrecordingsdrom PD
patientsare described in Secti@2.3 Thesoftware anghrogram flowmusedto generat¢he
machine code foour hardware applicatisaredescribedn Section3.3.

Chapter 4 presentshe technical solutions fartifactreduction.This chaptedescribes
theimplementedalgorithmsto remove the pncipal artifacts in the LFP recordingsuding
activeCR DBS(Section 4.1) These artifactsiclude the stimulusartifact(Section4.1.7),
exponential decay/growth €8tion4.1.2), PLI (Section4.1.3 andelectrical background
noise (®ction4.1.4. Furthermovementand technicartifacts areshownin Section4.1.5
The optimalartifact reductionseqeenceduring CR DBSis presentedn Section4.1.6
Technicalsolutions forartifact reduction ofspontaneous LFP aricemorrecordingsare
introducedn Section4.2

Chapter 5 presntsthe technical solutionfor dataanalysisandestimationof demand
as well as the way how to tuttee stimulation parameterBheimplemented algorithmt®
analysqgi) LFP recordingsluringactiveCR DBSand(ii) the spontaneous LFP aricemor
recordngs are introduced in Sectiob.1 and Section5.3, respectively The implemented
algorithmsto determine the demand from (i) the LFP recordings during active CR DBS
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and (ii) from the spontaneous LFP aremorrecordings are introduced 8ction5.2and
Section 5.4, respectivelyExamplesfor testingthe technical solution®n simulated dta,
LFP recordinggrom non-human primatesas well ao©n LFP andtremorrecordingsrom
PD patientsare showrin this chapterThe realtime tuning of CR stimulation parameters
usingtremorlike recordingdrom acontrolsubjectis demonstrated inegtion5.5.

In Chapter 6 the resultsare summarized andiscussedRealtime artifact reduction
anddataanalysis witithe portableneurostimulatoare discussed inegtion6.1andSection
6.2, respectivelyThe proposed approach foalculatingthe demanevaluefrom LFP and
tremorrecordings during and after CR DBSsummarizedn Section6.3. Limitationsand
future directionarementionedn Section6.4.

Appendix A gives information about the implemation of the NelderMead
algorithmin Simulink The algorithmwasthe main technique used ftite removalof
exponential an®PLI artifacts from the short data segments duraajiveCR DBS

Appendix B representghe Simulink moduls constructed fothe demandcontrolled
applicationof DBS. All Simulink moduls presented in this appendix werenverted by
theEmbeddedCoda of MATLAB into C source fileandtested with the DSP board withi
the portableneurostimulatar



Chapter 2

Par ki ns on 6 andDeep Brairs e
Stimulation Protocols

21 Par ki ndiseasé s

Par ki ns o rfRDpis cdusesl byansaleeratiorof physiologcal activity of the basal
ganglia;a group of nuclei in the brain that play a major role in the contrdiuofian
movements association and emotidiBrown, 2003 Bevan et al., 20Q2Nichmann &
DeLong, 196). The maincomponentsncluded inthe basal ganglia are striatum,
substantia nigra, globus palusand thesubthalamic nucleus (STNBevan et al., 2002

The sibstantia nigra is composed of the substantia nigra pars compacta (SNc) and the
substantia nigra pars reticulata (SNr), while the globus pallidus consists of the globus
pallidus externus (GPe) and the glolpalidus internus (GPijBevan et al., 2002 A
simplified diagramof the basal gangliana its connectiosito other brain structuseis
shown in Figure 2.1. The dopaminergicneurons inthe SNc producehe chemical
neurotransmittedopaminewhich is importantor the functiorlity of the basal ganglia
system(Alexander & Crutcher, 1990The output nuclei of the basal gandji&. the GPi

and the SNris connected with the striatum throughat different pathwaysdirect and
indirect(Obeso et al., 2000These two pathways aaatagonistin their function for motor
control. The projection from the striatum to tdiand the SNformsthe direct pathway
which decreases thi@hibition of the thalamus and thdigcilitatesvoluntarymovements.
The indirect pathway connects the striatwith the GPiand the SNthroughthe GPe and
STN. The excitatory projection from the STNtte GPiand SNrincreases thahibition

of the thalamus and thus reduces the muscle ac{@beso et al., 2000 The balance
betweenboth pathways is maintained and modulated by the dopaminergic coneectio
from the SNc to eaahucleus(Bevanet al., 2002 Theefore, dwpamines associated with

the balanceand smoothess ofmusle movementqAlbin et al.,, 1989. Chronic and
progressive degeneration of dopaminergic ¢celipecially in th&SN¢ reduces théevel of
dopamingPriebe et al., 2092This dopamine depletion can be associated with changes in
the neuronal firing géerns(Magill et al., 2001
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Par ki ns o nid charatterizesl dgbreormal neuronal synchronizatifirenz et
al., 1994 Brown, 2003 whereneuroral populations.g. in thethalamus obasal ganglia
form a pacemaker that fires in a periodical mar{De&uschl et al., 2000Under healthy
conditions theseneuronal populatiasfire in anuncorrelated mannéBrown et al., 2001
Pathological ecillations in thdocal field potential¢LFP) recordedin the basal ganigl are
divided into different bands:< 8Hz (it h eband)p87 13Hz ( Aial phad banc
147 30Hz ( AbareYarad® 60Hz( A hi g h bgra)i@Broarn& Wiliams, 205).
The tremor fequencyis classified in the range &1 10 Hz(Bergman & Deuschl, 2002
Brown & Williams, 205). The limits of each band range are defiiredifferent ways in
order to detect the variations along different frequency regions and gain deeper
understanding about the disease.

[ Cortex ]1
4[ Striatum ] SNc
.‘_

[ oo |

v STN

—_—
—{ GPi/SNr ]Q

[ Thalamus

|

Figure 2.1. A simplified diagram ofthe pathways irthe basal ganglidrhe maincomponents included
in the basal ganglia atbe striatum, substantia nigra, globus pallidquasg exterrusand interms) and
the subthalamic nucleu$he directpathway(indicated by theblack arrows)goesfrom thestriatum
directly to theGPYSNrand then to the thalamush@ indirect pathwaygyellow arrows)goesfrom the
striatumthrough theGPeand theSTN andback tothe GPi, thento the thalamusThe dopaminegic
connectios from the SNcare shown in greenexcitatory connections (Glutamatergic) red and
inhibitory connections (GBAergic) are in ble. This figure ismodified fromthe figures presented in
(Bevan et al., 2002
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Symptoms of PD are motoric and Apmotoric Non-motoric symptoms are such as
depression, pain and sleep disord@saudhuri & Schapira, 2009 Potential notoric
symptomsinclude bradykinesia (slowing of physical movements), akinesia (complete loss
of physicalmovemerd), rigidity, postural instability,and resting tremo(Bergman &
Deuschl, 2002 Several studies have reported the efficacy of DBS in suppression of
parkinsonian tremofVolkmann, 2007 Nishio et al., 2009RodriguezOroz et al., 2006
In this thesis, w focuson resting tremor, sireit can beexternally recorced by means of
accelerometerg/an Someren et al., 20pa remoklike recordings from @&ontrol subject
were used to test the mlandcontolled application of DBS; in particular, the rdahe
adjustment of the CRBS parameters.

Currently, there is nocure for PD; neverthelesstherapies with medications can
alleviatethe symptomsA widely used drug folPD is L-Dopg however, ory a small
portion of the drug reaches the dopaminergic neurons where it is transformed into dopamine
(Latteri et al., 2011 The resof the L-dopa isoften metabolized to dopamine elsewhere,
causinga variety of side effect@/Nolf et al., 2008. Althoughthe development ofddopa
hasdramatically reduced the need for neurosurgical treatment for movement disorders,
patients may become resistant to thisgdtreatment with tim¢RodriguezOroz et al.,

2009.

2.2 Deep brain stimulation (DBS)

DBS has become an effective treatment for advanced PD patients wittaliyadfractory
symptomg(Limousin et al., 1995enabid et al., 199. The developmenbf DBS for the
treament of neurological disordelis based on clinical obsemtions and experimental
results(Volkmann, 2007. In 1987 Benabidobservedthat permanenbrain stimulation
leads to therapeuticbenefits like those achieved with surgical lesignijBenabid et al.,
1987, Benabid et al., 1991 By mapping the brain to find the best locatimnremove
tremor, Benabidnoticed that acute stimulation of the ventral intermedieiM ) nucleus
at frequencies abo®0Hz suppressed trem(@enabid et al., 198 Benabid et al., 2001
Later,DBS was approveth 1997 by the U%ood and Drug Administratior-DA) asa
treatment for Parki s o n 6 s (Coffeye2009.rThe list of indications hasteadily grown
since then and DBS has been approvedplychiatric disorders such adsessive
compulsivedisorderdOCD)and has beerstedas a therapfor many other disorders such
asGilles de la Tourettsyndrome epilepsy,and treatmenresistantdepressior{Coffey,
2009 Hariz, 2012 Miocinovic et al., 2013 DBS is reversible, adaptablend can be
performed bilaterallwithout making a destructive lesion in the brédwolkmann, 2007
Benabid et al., 20)1



2.2 Deep brain stimulation (DBS)

In the neurssurgical techniqueDBS, a medical device called brain pacemaker is
implantedinto patients TheDBS devicemainly consiss of animplantablepulse generator
(IPG), a multicontact macralectrode and connection cabldseeFigure 2.2). Macro-
electrodes are chronically implantedtantarget structures according to the type of
symptoms to be addressgEnabid, 200). The usual targets for the implantationDBS
electrodedor PD patientsare either theSTN, the globus pallidusnterrus (GPi) or the
ventral intermediatéVIM ) nucleugBrown & Williams, 2005 Benabid et al., 1993The
IPG is implanted nder t he pat angcohnécted to th®BSaetedirodase
through sibcutaneous ables The IPG isbatterypoweredand can be programmed
telemetrically

FAM DBS lead

« ‘ , Cables

IPG

A

Figure 2.2. Main components of DBSlevice The DBS leadsmplanted in the braimre connected
through subcutaneous cablesth® implantablepulse generator (IPA) mp| ant ed wunder the
collarbone(Source:courtesy oMedtronicGmbH).

Implantable components of DBS devices are made of materials with long history of
use in medical product&offey, 2009. Nowadays Medtroni¢ produces the only US
appoved DBS deviceMedtronic DBS leads haveylindrical shape with four annular
platinum/iridium (Pt/Ir) electrode contacts near the(Gpffey, 2009. The leads are 28 or
40 cm long with a diameter of 1.27 mm, and a 80A urethane outer j&uiéey, 2009.

The conductor wiresvithin the outer jackt are made of Pt/Ir alloy with fluorpolymer

2 Minneapolis, Minn., USA
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insulation (Coffey, 2009. The two most usedeadmodelsfor DBS areMedtronic kead
3387 and Medtronic lead 3389. Target areas in the brain for lead 3387 are Thalamus, GPi
and STN, whereas the target area of lead 3389 is(6dffey, 2009. These two leads have
a contact length of 1.5 mm and differ in the spacing betwleemannular contacts where
3387 and 3389 have 1.5 mm and 0.5 mm sacespectivelfCoffey, 2009. A model of
theMedtroniclead 3389 and its electrical field during stimulation are showfigare?2.3.

Scaleddown versions of the human DBS maeilectrode, e.g., with a diameter of
0.635mm, 0.50 mm contact length, and 0.50 mm space between cohtactsused to
stimulate the brain of nehuman primateg¢Tass et al., 2092 Other producers of DBS
devices, whaeceivedConformité Européenne (CE) approval, are St. Jude Médiod
Boston Scientific Corporatidr{Lucht, 2013Weigelt, 2013. The latter s produced DBS
leads with eight cylindrical shape electrode contacts.

Apart from providing therapeig stimulation, the implanted electrodes for DBS offer
a unique opportunity to record pathological neuronal oscillations in the targeiheea.
DBS leadscan be connectetd externaldevicessuch aghe portableneurostimulatofsee
Section3.1), before being connected to tHeG, to enableintra-operative stimulation or
externalizedmacrarecordings(Hauptmann et al., 2009LFP activity is recaded intra
operatively, during lead implantation, by noeand macreelectrodegBrown & Williams,
2005. LFP activity is typically recorded bipolarlythrough twoof the four contactsf the
implanted electrodéRossi et al., 2007

C3
Cc2 1 mm 1 .
C1 Z
©
Co ‘ . 0 =
[
1mm CD
=S -+
Medtronic, Inc. imm -1 E

lead No. 3389 Co: -1V

Figure 2.3. A model of an electrode implanted for DBS eft: Medtronic lead No. 3389. Right:
Electrical potential field distribution during stimulation. (Source courtesy of Julia Buhlmann
(Buhlmann et al., 20)L

3 Numed hc, Hopkinton, NY
4 Abbott Inc. St. Jude Medicy Missesota USA
5 Boston Scientific Fremont, California, USA



2.2 Deep brain stimulation (DBS)

2.2.1 High-frequency (HF) stimulation protocol

Currently, electrical DBS is performed by administering a permaréht(> 100Hz)
periodic pulsdrain applied by théPG via the depth electrodBendid et al., 2009L.ittle
& Brown, 2012.De pendi ng o nclintcdl gatuptiaetIRGeealivier® asconstant
voltage pulse train that can henedover a widerange ofparametes such as amplitude
07 10.5V in 0.1V steps(assuming d k Y | i@.a0d 10.5mA), frequency3i 250Hz
with 33 stepsand pulse widtiPW) 6071 450pusin 30 us steps incremen{Eoffey, 2009.

It is well known from experimental studiéisat irreversible electréemical reactions
may be caused by an unbalancbdrge(Harnack et al., 2004 which canlead totissue
destructior(Scheineretal., 1990 n p at i .High chasgedbnsiteescam be observed
whena pulse train or single puls@seadministeredHauptmann et al., 2009The charge
can beinfluencedby theduration ancamplitude ofthe pulse,as well asy the resistance
andthe electrode contact surfagi¢arnack et al., 20Q&Kuncel & Grill, 2004). Therefore,
existing brain pacemakergse activeor passive chargbalancing techniqgue®rtmanns,
2007 to deliver chage-balanced biphasic puls@silly, 1961). No current is delivered into
the brain during the intervals between pulgesffey, 2009.

DBS devicestypically implement biphasic and asymmetric rectangular stimulus
waveforms that are chaxdpalanced (Foutz & Mcintyre, 201D The portable
neurostimulator applieshargebalance andrectamgular waveformgonsisting ofa high

A
1 mA
rrorrrrurrrrrrrrrrrerrroerred
20 ms
B
< : >0 Pulse width
1/High-frequency (HF) >lle (PW)
Amplitude () Balancing pulse
width (BPW)
<—>
- I |
2ms

Figure 2.4. Stimulation parameters of HF DBS protocal.HF DBS biphasic pulse train at 13{.
B: Two HF pulses (magnified plot of signal represented in A) are shown to illustrate the stimulation
parameters.

11
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amplitude and shorduration phase followed by a low amplitude and long duration
phasgHauptmann et al., 200@s shown irFigure2.4. The electrical DBS pulses can be
applied with cathodic or anodic polarity. Nevertheless; other different stimulation
wavefoms could be nore effective in terms ofe.g., therapeutic stimulation oenergy
consumptiorthan rectangular wavefornfBoutz & Mcintyre, 2011

Stimulation parameters such as frequency, pulse width, and amplitudedifeed
intermittently every 312 months and patients normally attectieckups anheurology
clinics for thisupdate(Rosin et al., 2011 Between clinical modifidéons, the stimulation
parameters remain unadjusted. The optimal choice of stimulation parameters idarucia
maximal clinical improvemen(Lysyansky et al., @L1). It is also possible that the patient
can modify some parameters through a dedicated device that communicates in a wireless
mode with the IPG. This modificatiamly can affect limited range of parameterluas
determined by the clinicians.

Despte many clinical improvementsn some patienisHF DBS causs side effects
such ascerebellar ataxia (inability to coordinate balancdysesthesia (abnormal
sensation)dysarthria(difficulty saying words) memory decline and depressi@euschl
et al., 2006bRodriguezOroz et al., 2005Volkmann, 2004 Tasker, 1998 The causes for
the occurrence of side effease still notfully understoodPossible reasonsight bethe
improper placement of the electred® excessive current delive(umsden et al., 2013
Starr et al., 2004 Furthermore pathological neuronaynchronization reappears within
seconds oncélF DBS is turned off(Meissner et al., 2005 Therefore, more efficient
stimulation techniques are required to increase the therapeutic benefite settiice
unpleasanside effects.

2.2.2 Coordinated reset (CR) stimulation protocol

Coordinated resas introduced as robust desynchronizing stimulation techniqu@ss,
2003h 20033. It is primarily developed for electrical DBS to enable effective
desynchronization and unlearning of pathological synchrony and connediiass,
2003h 20034. CR is based on the fact that the brain is an adaptive system that ikecapab
to learn. Therefore, CR aims at lohasting effects byforcing the brain to unlearn the
pathological activity through externglerturbationi.e.throughelectricalCR stimulation.

In the CR DBS protocol,short sequences of highequencypulse trainsare delivered to
the brain in a coordinated manner, i.e. at different timedifldrent contats of the
stimulation electrodéTass, 200320034 as illustrated irFigure 2.5.B andFigure 2.6.
Consequently the synchronized neuronal population is divided intoseveral
subpopulatiors, i.e. a cluster statewhere the suipopulations arghaseshifted with
respect to each other. Selsently, the wb-populations go from the cluster state to
network desynchronizatiofiass, 2003pas shown irFigure2.5.D. In order to maintain
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and prolong the desynchronization state, CR is applied in:a@N-OFF mode, wherm
cycles with CR stimulation pulses are followed ogycles without stimulatior{Tass,
2003k Lysyansky et al., 2031

The longlasting desynchronizing effects of CR stimulation have been investigated in
detail inseveratheoretical studiefrass & Majtanik, 200@Hauptmann & Tass, 200Tass
& Hauptmann, 200, Hauptmann & Tass, 2009In addition, CR smulation of the
subthalamic nucleus shows both acute and sustaineddsingg aftereffects on motor
function inparkinsonian nofhuman primategTass et al., 20)2CR stimulation in non
human primates indates a possible mecham of CRDBS; the decrease in synaptic
connectivity which reduces the pathological oscillatory agtiwithin the motor circuitry
(Tass et al., 2012

P time
stimulation pause ®

sequence sequence sequence

Figure 2.5. lllustration of theneuronal desynchronization due to CR DBS Synchronized neuronal
population. B: Brief and mild resetting stimuli administered at different sites at subsequent times. C:
Cluster state. D: TransiedesynchronizationSource: ANM GmbH, courtesy of Dr. C. Hauptmann).

CR stimulation parameters

Besideghe stimulation parameters usedstandardHF DBS, someadditionalparameters
(illustrated inFigure2.6.) areincludedin the CR stimulationprotocot

CRfrequency(Fr): The frequency at which the C&imulation pattern is repeated
On-cycle (Gn): Oneperiodof Frin which theCR stimulationburstsare delivered via the
selectectontactf the electrode.

Number of a-cycles (Nrn): The number o€on thataredelivered in succession

Off-cycle (Gs): Oneperiodof Fr in which noCR stimulationburstsare delivered to the
target arean the brain

Number of ofcycles (N#): The number oCof thataredelivered in succesm.

Number of pulse@N): The number of pulses includén eachburstdelivered through one
contact of the electrodén overlap between two stimulation bursts of two contacts is not
allowed.

13
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Figure 2.6. Stimulation parametersf CR DBS protocolThe threestimulation signals (blue, green,
and red)aredelivered to the brain in a coordinated manner, i.e., at different timnesgh the three
contactgCO, C1 and C2pf the electrodeThe fourth contacsiused as a referenckhesignalatthe
bottomrepreseng the sum of all pulset® illustrate the paimetersof CR DBSprotocol In thisfigure,
threesuccessive,, are followed by two successivBs. The CR parametervalues usedh this case
are HF 130 Hz, Fr 5 Hz, Non 3, Noit 2, N 10, PW120us,andBPW 1200 ps.

CR stimulation patterns

The CR stimulation technique enables the application of different stimulation patterns by
changing the activation sequence of the three contacts of the implanteddelect
(Hauptmann et al., 2009-or instance, the stimulation bursts of the three contacts can have
a fixed sequence during stimulatias illustrated irFigure 2.7.A. The faurth contact is

used as referendenore details can be found laterSection3.2.7). In order to reduce the

risk of inducing a cyclic activationfdhe pathological neonal population, the sequential
activation of the stimulation contacts can be random(@edptmann et al., 2008s shown

in Figure2.7.B. In addition, the number of pulses in each burst and the delay between bursts
allow the portable neurostimulator to apply a variety of CR stimulation patterns. Further
variations of the CR stimuli@in pattern were discusseé@eplyin a modeling studyTass

& Hauptmann, 2000



2.2 Deep brain stimulation (DBS)

o I I mr. e
G ||| I ||| I | m.fe A
cz el e

t
o I el
et ||| il il 11 | |1
c 1| (I 1 i e 1

t

Figure 2.7. Schematidllustration of CR DBS patternsA: SequentialCR stimulationthe stimulation
bursts havdixed sequenceB: Random CR stimulatigrthe stimulation bursts of the three contacts
follow a random sequencehis figure is modified from the figures presented(ieuptmann et al.,
2009.



Chapter 3

Technical Setup and Data Acquisition

3.1 The portable neurostimulator

The potable neurostimulatot is a medical device used for both data acquisition and
stimulation It is mainly usedas an externdtial deep brain stimulatiorDBS) device for

the application of desynchronizing stimulation techniqUdauptmann et al., 2009
Several stimulation strategies can be applied to patients. Among them, one can mention
high-frequency (HF) and coordinated reset (CR) DBS as well as visual and acoustic
stimulation protocoldn terms ofdata acquisitiomapabilities theportable neurostimulator
enablesthe recordingof local field potentiad (LFP) throughsixteenchannels, electro
encephalogram(EEG) throughtwelve channels, electromyograms (EM@&ijrough ten
channelsand heart rate and breathing activity addition six accelerometerand two
strength sensors can be connedtetihe portable neurostimulatomhe deviceis powered
eitherby internal rechargeable batteri@sby aperipherapower suply.

Mainly, three componen{shown inFigure 3.1) were involvedn thedevelopment of
the demangatontrolled applicatiof CRDBS:
(1) The portable neurostimulatasedasa stimulation andlataacquisitionunit.
(i) A laptop associatedo the poraible neurstimulator usedas a unitvisual
inspectionof dataandmodificationof the stimulationprocess
(i)  An additionallaptopusedas aprogrammingunit.

The stimulation is controlled using a software on laptop (iprder to create a better
interface experieoe for the physicianhts softwarehad implementeda graphical user
interface (GUIl)thatallowsthe selection oftimulation parametersfimulation modeand
the stimulation electrode (sekigure 3.2). Stimulation parameterpass through a
plausibility checkbefore being transferred from the laptop to the portableostimulator
establishingvhether they are within the predefined interfiduptmann et al., 2009The

6 The portable neurostimulator was developed by the Institute of Neuroscience and Medicine at itie resear
center Juelich, Germany.
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portable neurostimulator establishes wired or radio communication with the |aji@p.
GUI is divided intoseveral functional area3he one used tonodify the stimulation
parameters(blue frame inFigure 3.2) is more relevant for the demawdntrolled
application ofDBS. Additionally, the GUI enables data visualization and viggeaming
of patientsn reattime.

Therecordeddata isconvertedrom analog to digitasignaland storeds abinary file
on the hard disk of the laptop. The sampling tesed for data acquisition iskHz with an
amplitude resolution of 24 bits. An additional log file (ASCII format) documents the on
and offset of siulation, initiation of the data and video file. Each niizdition of the
stimulation mode or parameters is also registered in thisNiéerefer to(Hauptmann et
al., 2009 for more details regarding the portable mstimulatorsystem

The programming laptop (iii) is mainly used to implement the technical solutions for
artifact reduction and data analysis as well as for progranemgstimulation protocols.
The programming laptop can be connected to laptop (i)AM to enabledata analysis in
reaktime. This analysis is performed without influencing critical tasks on laptop (i) such
as control of stimulation protocol and data storage. The transfer of the implemented
algorithms between the digital signal proces@D6EP) boardplaced in the portable
neurostimulator and the programming laptop was handled via a universal serial bus (USB)
cable.

Programming laptop Laptop of the portable neurostimulator The portable neurostimulator

Programming path (USB connection) T

Figure 3.1. Main hardwarecomponents usedfthedemandcontrolled applicatio of desynchronizing
CR DBS. Right: Portable neurostimulatodevice used for both data acqti® and stimulation.
Middle: Laptopof the portable neurostimulatosed fordatavisualization andmodification ofthe
stimulation process Left: Programminglaptop for the implementation of the demarmbntrolled
algorithms Connections etweenthe portable neurostimulatandits pairedlaptopare setvia LAN
and WLAN. The additionaprogramming laptojis connected via USB cable.
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Figure 3.2. Graphical interfacef the portable neurostimulatdrhe functional areas are indicatey
different coloredframes. Red frame presentatient data, stimulation mode, and selmutid
stimulationcontacts Blue frame showstimulation pattermand parameters. Black frame help us to
visualize in realtime thestimulation signalandrecordeddata Green frame: Indicators tiie patient
statusin order toregiser movementartifactsand managethe data storageOrange frameA video
display of the patient.

3.1.1 Digital signal processor board

Thedemandcontrolled applicationf DBSwas tested with thEMS320C671DSP board

shown inFigure 3.3. The main advantage of suehprocessor is itversatility, which

enables designing, testing, and implementing algorithms fortinreal applications
(Spectrum Digital, 2006 For more details abouhe key features of the DSP boa(ick.,

central processing un{CPU), memory andperipheral} we refer to(Kuo & Gan, 2004
Rulph, 2004.

"TheDSP esides on a board frofifexas InstrumentéSpectrum Digital, EBV Eletronik, CH).
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The DSP board has instantaneous accesthdadata recorded by the portable
neurostimulator which is necessdiyr the DBS autonomic systemThe implemented
technical solutions for artifact reduction and data analysis were optimized iteratively in

order tomeet the requirements of the DSP board. Parts of the implemented algorithms and

the recorded data were sto@mtthe external memonf the DSPin order to overcome the
internal memory limitations. However, splitting the implemented algorithms between
internal and external memories affected the DSP performance. The limited bus width
(32-bit), between CPU and exteal memory has limited fetching capability for the required
data in the short clock cycle; particularly, when the iteration loops of the algenitere

processed.

zl |2 'é 5
o g ~ Memory Exp |
e McBSPs | EMIE *
AlIC23
e V]UX €
Codec 1 | ] Is 32 ﬁ
oo P8y .
JP2 33V 6713 E "Fg E 8
m © ol
Voltage ‘ o
Reg 3
Embedded = Peripheral Exp |
. | JTAG 232z
o 0 Ext. LED | [ DIP
E f JTAG 0123 0123

S

Figure 3.3. The TMS320C6713 DSP oard. Left: The DSP board placed in the portable
neurostimulator and used to test the demeomtrolled application of DBS. Right: Mainardware
components of the DSP board.

3.2 Data acquisition

The implemented technical

recor di

ngs

col

solutions for thdemandcontrolled application of
desynchronizing CR DB&re testedetrospectively We used xsting LFP and tremor

ect

ed

from Par ki

ns chomas di

primates ad in inivitro (i.e., in saline solution). The data of PD patients was used in
accordance with European and Gerrdata protectiomprovisions The patients approved

the usage of data for scientific research projects and participated with informed written
consent and with the permission of the local ethics committee. Additioaklige animals,
whose data are used in thiesis were handled according to the guidelines for the care and
use of laboratory animals established by the Beijing Associatiobafeoratory Animal

Science.
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Chapter 3Technical Setup and Data Acquisition

3.2.1 LFP recordings

The human LFP activity was rected fran the target area int@peratively, i.e. duringhe
implantation of the DBS electred and postoperatively i.e. before connectinghe
electrodeto the implantablepulse geerator (IPG)LFP activity wasrecorded fron the
subthalamic nucleus (STNy theventral intermediate (VIM) nucleudsom four patients
with unilateral (one sidee.g. hand) or bilateral (both sides) predominant resting tremor
(Tass et al., 20)0Taking into account the fact th@cording of neuronalctivity generated
at a distance and picked up by two contacts incredke likelihood that only local
potentialsarerecorded LFP activity was measured bipoladynongeach of these three
contacts (0, 1 and 2) and the contact number 3 whiagked as a referen¢Brown et al.,
2001). In other words, the data was collected betvibege contact pairs-8, 1-3, and 23.
Mostly, oneor two contacts arkcated in the target area in the brdtor more details
regardingremorpatients and thdataacquisition procedure we refer(Tass et al., 2000

Non-humanLFP recordingsverecollected fromhreeparkinsoniatMacaquanonkeys
(Xierxin, China) These monkeyswere renderegbarkinsonianby injecting methyl4-
pheny1,2,3,6tetrahydropyridine (MPTP). Animals were hosted under controlled
conditions of humidity, temperature and ligintindividual cagesAfter achieving a stable
parkinsonism, a scaledown version of the human DBS maalectrode (lescribed in
Section2.2) was implanted bilaterallunder stereotactic guidanago the STN(Tass et
al., 2013. Spontaneoud. FP recordingswere performedy the portableneurostimulator
for at least 2 minuteafterstimulationsessios. More than20 recordings from each sdf
the brain werenadeover4 months.

3.2.2 Tests in saline solution

As aprootof-concept the implemented algorithms fartifactreduction and da analysis
were tested withLFP recordings collected in saline solution The experimental
configuration shown inFigure3.4, aimed at generatingstimulation/recording conditions
in absence of neuronal activity to study and optimizeatteiracyof the implemented
algorithmsThe tests were carried aaitdifferent timestampsandlocationsusingtwo types
of electroegs: aMedtronicDBS electralemodel 33® used for humans arakscaleddown
version used for nehuman primatessgeSection2.2 for more details The electrodes
were immersedn glass container filled with saline solutfbat room temperate and
connected to the portable neurostimula@ne contact was used asereinceandthe other
three contacts were dedicatied performingthe stimulation and_FP recording. Th€R

88.6g of NaCl per liter of water, Berlin Chemie AG, Germany
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stimulation parameters were set to IBOHz, Fr 4 Hz, A 2 mA, Non 3, Noff 2, N 6, PW
120ps, polaritycathodic for more details on thBBS parameterseeSection2.2.1and
Section2.2.2).

Stimulation electrode
in NaCl solution

The portable neurostimulator Laptop of the portable
neurostimulator

Figure 3.4. Experimental setufor LFP recordingsn saline solutionLeft: Medtronic stimulation
electrodemodel 389 is placedin saline solution. Middle: értable neurostimulatoris used for
stimulation ad data acquisitianRight: Laptopassociatedo the portable neurostimulatas usedto
controland monitoithe stimulation/recording process

3.2.3 Tremor recordings

Parkinsonian tremorecordings wereollected from patients using accelerometkrang

and after CR DBS sessiondass et al., 2000 A maximum of six DC-response
accelerometey (FGP FA108A1 S/N608) were fixed to the limks of PD patients

specifically tothe hands and lower legBhe accelerometers are used for measuring very

low vibrations in one axidn this work, the data dfour PD patients with predominant

resting tremor were used to test the demeomtrolled application of DBSThe tremor

signals recordedat time epochsin which patients developeavident tremor, were
correlatedwith the videostreamof patientsin thisthes s, whenever 1ishe wol
used, it refers to the parkinsonian resting tremor. We also use the abbreviation ACC for
tremor recordings in some figures.

Additionally, thetremorsignalswere used tdemonstrate theining ofthe stimulation
parametersn reattime during CR DBS. These tests were performed wittemoklike
signals generated by a healthy subject and recarsiadthe portable neurostimulator. An
accelerometer was placed on the right hand of the subject who imitated tremor with
different frequencies and amplitud&gveral ests were perfornageto adjuststimulation
parameters during sequential and random CR sttioalas well as during HF DBS .d€h
testlasts 80sand, in every casenly one stimulation parameter was adjugtsk Section
5.5for more det#s).
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3.3 Software applications

Three softwareenvironments wereisedfor the development of the demacahtrolled
application of CRDBS: MATLAB °, Simulink!°, and Code Composer Studi@CCS).
MATLAB is technical computing software that perfems nunerical computation,
acquisitionand visualization of data. Simulink is an extensionMATLAB used for
modeling,simulating, and analyzing dynamisystemgAngermann et al., 2007CCS is
a C compilerused for the compilationfa@ode with respect tdedicatedargethardware
such aPSPs

Off-line tests were performed in MATLAB in order to characterize the dynamics of
the LFP andremorrecordings and to test the performance of the implemented algorithms
for artifact reductiorand data analysis. After elihe, these algorithms were transferred to
Simulink which was the main platform used for the #t¢ak implementation. Different
algorithms for artifact reduction and data analysis were implemented and optimized to meet
the DSPboard requirement3.he program flow for generating the machine code is shown
in Figure 3.5All implemented Simulink modules for the demagwhtrolled applicatiof
DBS are described in Appendix B.

MATLAB Smulink Code Composer TMS320%6713
Implementation of off- Real-time tests and Sudio (CCY DSP board
line algorithms » conversioninto C » Testswith hardware » Portable
(simulations and off- source files and conversion into neurostimulator
line tests) assembler

Figure 3.5. Flow diagram of the machine coder the demandontrolled applicationof DBS.
Algorithms for artifact reduction and data analysis were testedineffin MATLAB before being
implemented in Simulink for redalme procasing. Then, thEmbeddedCoder of MATLAB converts
the Simulink modules into C source files. Finally, th€eource files are compiled using CCS and
implemented on the memory of the DSP board.

9 MathWorks, Inc., USA, version 2007a and 2006b

10 MathWorks, Inc., USA, vaion 2006b

1 Texas Instruments, USA, rsion 3.1.CCS is software provided by the Texas Instruments tpatijits
DSPs platforms.



Chapter 4

Software-based Solutions for Artifact
Reduction

Theimplantedelectrodes for DBS can be conneci@tda- and postoperativelyto external
devices such athe portable neurostimulattwefore being connected to timaplantable
pulse generatorl?G), i.e. while theconnection cables argtill accessible Apart from
providing theraputic stimulation the implanted electrodes offer a unigqygportunityto
recordpathologicalneuronalactivity from the target area in the braifihese electrods
record the electricalctivity, i.e.the local field potentiglLFP) in thevicinity of its contacts
andthis enablego study the pathologicaleuronaldynamics

LFP recordings during DBS are normally contaminated by strong artifacts that are
caused by technical drawbackgveratechniquesave beeproposedor artifad removal
during DBS,especially forhigh-frequency(HF) DBS. However, these techniques cannot
compensate the effect of several factors like stimulation and recording systems, ambient
environment etcArtifact-reducedLFP recordingscan be usedsfeedbacksignal forthe
demandcontrolled application of DB&nd support the rational selection of stifation
parameter¢Kent & Grill, 2012 Rossi et al., 2007

The LFP recordingsduring desynchronizing coordinated res€R) DBS are also
contaminated bwrtifactscausedoy har dwar e, p ant thes badkgrauind mo v e m.
Theartifacts found in the LFP recordings duringhee CR DBS differ from those detected
in the spontaneous signals recorded after stimuldtichis chapterwe discusseachtype
of artifact along withits developed and implementedductiontechniqueswvhich were
tested off-line before being implemente for reakttime processing These tests were
performed withdata collected fronPD patients, notmuman primates, and in saline
solution

4.1 Artifact reduction during CR DBS

To effectivelyreduce artifacts during CR DBSpmeinformationon their characteriscs
wererequired such as their source, form and regularitize principal artifact found in
LFP recordingsduring CR DBSare
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Stimulusartifact

Saturation artifacfexponential deay after stimu)
Power line interference (PLI)

Electrical backgroundoise

PwnhPE

4.1.1 Stimulus artifact

The stimulusartifactis a technical problenctreatedby the electrical stimulation pulses.
Simultaneous stimulation and LFP recorduigthe implanted electrodeftenpreventthe
neuronal activityfrom being recorded properlyThe typical grapical descriptionof
stimulus artifact shows a spikdollowed by an exponential decagurve (McGill et al.,
1982. Several techniques have been introduced for the remotred stfimulus artifactAn
overview d thesetechniquesindtheir applicabilityto theLFP recordings during CR DBS
is presented in this section.

Severakesearchers haweritten about the usagd analogue and digital filterior the
remo\al of the stimulusartifact (Wichmann, 2000Rossi et al., 2097 Although digital
filters aresuccessfuin eliminaing high-frequencycomponents of il artifact they may
not be able to restridts low frequeny componentgAl-ani et &, 2011). Moreover, it is
difficult to removethe stimulusartifactin the frequency domain byeans ofilters, since
filtering is inadeqate for eliminatingrtifacts with a frequencyontentclose to that of the
neuronal structur@Vichmann, 2000Hashimoto et al., 2002

Furthermore, he LFP recordingsuting CR DBS indicate thahe stimulation pulss
are followed by exponentiatiecay as shown inFigure 4.1. This figure presents LFP
recording insaline stution with stimulation periods.e., on-cycles)and large paus€se.,
off-cycleg. The figure also illustrates the variability of the stiosuartifact in terms of: (i)
amplitude and (ii) exponential decays after stimiudi. luring the orcycles) and between
stimulation periodsife. during the offcycles).The application of filterdo these decays
causedow frequenciesvhich overlappedhe spectral compamts oftheneuronal activity.
Additionally, the removal othe stimulus artifact by mans ofilters has affected the short
off-cycles (i.e, < 500 ms), which areincluded in the CR stimulation protocol anthich
are by constructionfree ofstimulusartifact(see ®ction2.2.2.

Another appoachhas beenthe subtractioof a tmplateof theartifactfrom the LFP
recording(Hashimoto et al., 2002Vichmann, 2000Blogg & Reid, 1990 Such aemplate
can beouilt by averaging largenumber ofartifactcontainingsegmentsf LFP recording,
which aretriggered by their onseThe artifact is expecteto be removed bgubtracting
the template from thendividual andsubsequensegmentsThis approach could heip
revealirg neuronal responses with shtatency to stimulatiofHashimoto et al., 2002
howeverthis method presents soimitations. For instancdf aneuronakespons@ccus
with a fixed latency tehe stimulus artifactt might appeain the artifacttemplate thus,
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gettingeliminatedfrom the subsequent segmenis addition building a template vhout
neuronal activity is not webuitedfor reakttime processingthoud it might bebetter suited
for off-line procedurs

LFP recording during CR DBS
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Figure 4.1. Stimulus artifact in the LFP recordings during CR DBSLFP recordingn saline solution
during CRDBS. B: Magnified plot of the dasheéd frame in graph Ahows the stimulus artifact
during the orcycles. The graphs illustrate the variability of the stimulus artifact in terms of: (i)
amplitude and (ii) exponential decays after stimuli (i.e. during theyotes) and between stimulation
bursts (i.e. during té off-cycles).

Some authors have also come up with the implementation of hardware and software
blanking for removal of the stimulus artifg&naflitz & Merletti, 1988 Roby & Lettich,

1975 Black et al., 198B In this approach, an electrical circuit switch is turned on to sample
the input signband turned off to holanode during the artifagFreeman, 1971Babb et

al., 1978. The circuit is usually triggred either by an external pulse or by the stimulation
pulse itself(Minzly et al., 1993 A disadvantage of the hardware blanking hoetis that

it involves the usage of analogue electronics which are not that stable, and could blank out
some useful information as wélD'Keeffe et &, 2001). Specifically, if the trigger signal
mismatches the targg segment of the input signal, a part of the stimulus artifact could
persist and get recorded along with the neuronal activity.

Another practiced methads t h esamplthgawdintgrol at i ondé of LFP
Under this method, the signaldewnsampled in such a wakat only the time intervals
between stimuli are sampléd/addell et al., 2009 However, his methodequiresa high
sampling rat (e.g. >10kHz), whereas theFP recordingsof the portable neurostimulator
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are sampled at kHzto supportthe reattime processing. In additioit,demands thathe
stimulus artifact should have a clestapeThis is because the interactibatween th@ew
samples in the preses of unckar stimulus artifaanight affect the spectral content of the
recorded datal’he stimuls artifactrecorded through the LRRcordings during CR DBS
is irregular in shapeandis followed byirregularexponential decayas shown irFigure
4.1.

Due to the variability othe stimulusartifact andthe subsequengxponentiabrtifact
after each stimulus the fore-mentionedtechniquesare unableto adapt to theartifact
dynamic Consequentlyresiduas of thestimulus artifact could still exist. In order to
remove the exponentiaftifactduring CRDBS (i.e. during the ortycles) fitting functions
should be calculateidr each exponential artifact reattime. This pro@dure results to be
computationally expensiyaffecing theperformancef the digital signal processor (DSP)
board Consequentlythe total removal othe LFP recordings within then-cycleswas
necessary fotheaccurate interpretation of the recorded neuronal activity

Thetechnical solutiongor artifactreduction andlaa analysisduring CR DBSwere
executedsuch that only the offycleswere considered The CR stimulation protocok
contain larger pausegoff-cycles) of up to ®0 ms where no stimulatioris applied.
Collecting this stimulusartifactfree datacan be usefufor analyzng the pathological
neuronal activityon a regular basi@Hauptmann et al., 20Q09T herefore we implemented
two methodsto delimit the offcyclesfrom the LFP recordings reakttime: candidate
segmenbdf dataandsawtoothwave The latteris calculatedbased orthe CR stimulation
parametersised

Candidate segmentf data

This methodnvolvesthe following steps:

Detectionof off-cycles during the oncycles, the amplitude of the stimulus artifact is
much larger thathe biological signakvhereasduring the offcycles, the signalecreases
exponentially ané@pproximatelyoy a factor of tenThis difference in amplitudeasused
to set auserddined thresholdfor detecton of the offcycles. The outpubf this step
consistof only logical values(1/0), whereonesandzerosareassigned to values above and
belowthe thresholdespectivelyasillustratedin Figure4.2.A. Although a threshold can
be manually set on tHaptop paired with the portable neurostimulator (nore details see
Section3.1), a fixed threshold was mostly used for a large number of PD patients.
Segmentabn: the aim of this step is to identify whether thiearyoutput of the préous
stepcorrespondso the on or off-cycles. This is because for exponentiatay segments,
even the ortycles may have values low enough after stimuli to crosthteshold setdr
detecting the oftycle values, resulting in zeros in the binary output. Fortunately, the
duration of the ofcycles is much longer than the time between two stimuli in theyoles,
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and the amplitude of the signal during the ©ftlesis alwaysbelowthe threshold. Hence,
it was possible to eliminate the problem of zeros of theepeles by setting the following
condition: the logical values after the threshold should include a specific and long enough
chain of successive zeros. Thesecessive zesocorrespond to signal values that are
considered a valid candidate to be included in the data to be analyzed; also known as a
candidate segment of datas shown ifrigure4.2.B.

Comparison The aim of this step is to determine the onset and end of toyaés.
A window of comparators is used to examine the values afahdidate segment of data
The length of the window (typically ZI080 values in 10 steps)@hld be given before the
detection step is performed. Tlwandidate segment of dashould include a vector of
successive zeros of the window aéndidate mpar a:
segment of datenatch the values set for the window of cargiors (zeros), onliag is

Reference Signal Logical Output
Threshold
013620532|nput<3011010
1ms

Window of comparators | O | O | O [ O0]O0|0|10]O0

B
1111110110100000110
Logical Input Signal I Candidate segment of data I
o 1
E
%_ No Delimiting Signal
<
0 »
Time [ms]
Window ofcomparators | O | O | O O | O |1 OlO0O1] O
C Logical Input Signal
1(af{2]2lafa]olafa]jojofofojofofojo|1]| 1
— I Candidate segment of data I
ims
o 1
E
é. Delimiting Signal
< 0 .

Time [ms]
Figure 4.2. lllustration of the concept dhe candidate segment of dataethodfor delimiting theoff-
cycles in reatime. A: Samples of LFP recording, for which a threshold (input>3) is set, which
translates the input signal binary (1/0). B and C demonstrate the two different cases of matching
results in binary, which are matched by window of corafmas containing the same number of zeros.
B: Mismatch of signal (red background). C: Match of signal (green background). Theazdrone
flags (colored red) to the right indicate whether the next step is enabled or not to form the delimiting

signal.
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given by all comparators to indicate that the next stepabledas shown irFigure4.2.C.
However, in case of mismatch zereflag is given, i.e. the current segment is omitted and
the next one iprocessed, and simultaneoushg input signais shiftedby one sample.

Delimitation: If the previous stepesultsin aoneflag, a deimiting signal isgenerated,
which isautomatically synatonized with the LFRecording By multiplying both signals,
only the offcycles appear in the output for further processasgjustratedin Figure4.3
SubplotsD andE.

Real-time delimitation of the off-cycles form the LFP recording
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Figure 4.3. Realtime delimitation of the offcycles from the LFP recording&: The absolute value of
the reference signal (red asterisks depict the argeend of the oftycles). B:The delimiting signal
formed in reattime. C: LFP recording from a PD patient. D: The result of multiplying the delimiting
signal by the LFP recording; only the @fjcles are delimited. E: Concatenation of theayffles. In
this example, we get 1gloff-cycles out of a 4 LFP recording.
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For the candidate segmendf data method the reference signal generated by the
portable neurostimulatawas optimal fothe detection athe oftcycles as shown irFigure
4.3. This reference signal,iby constructionsynchronized with the LFP recordings and
consists ofclear stimulation pulses. In cadbe reference signal is distorted and
inappropriate for the detection step, one of the k&ddrdingchannels can be ed. The
length of thewindow of comparatorss adjustable during stimulation according to the
selectedCR stimulationparametersn particular the CR frequencyFr, the number of on
cyclesNon, and the number of effyclesNos (The CR stimulation paranesareexplained
in Section2.2.2.

The objective of using bbng enough chain auccessive zeros is to avoid detecting
the time intervals between the stimuli within theaycles. In addition, the segment length
determineshe number of samples that are discarded directly #Hfteon-cycles. This
shortcoming of theandidate segment of dat@ethod i.e.discarding some milliseconds of
data after stimulatignmight result inloss of neuronal activity with short latency to
stimulation. The required inputs for this method are tireshold value and the length of
thewindow of comparatorsAn additional parameter can be used to determine the number
of sampledo be discarded at the end of tbi-cycles Figure4.3 demonstrates a typical
reattime application of this methodf discardng the oncycles including the stimulus
artifact from an LFP recordinduring CRDBS.

Sawtooth waveavith CR stimulati on parameters

The second solution to delimit the @fjclesin reattime is implemented by using a
sawtooth wavgas illustrated iFigure4.4.A. The CR stimulation parametefs, Non, and
Not are used to build theawtooth waveSw which is sampled at BHz as the LFP
recordings. Thegrameters that define tsawtooth wavare: (i) the duration of one cycle
Dcy of Fr, (ii) the durationD, of one set of successive -oand offcycles, and (iii) the
frequencyFsw oOf the sawtooth waveThe calculation of these values is described in
Equaton 4.1, Equation 4.2 and Equation 4.3, respectively.

me 0 41

4.2

Tve 8 43
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Subsequently, the initisawtoothwave™ s calculatedand itsamplitudeis scaled byDn
as shown in Guation4.4.

{v. O ®™43y.h Op.h 44

wherei is a time indexandmodis the modulus after divisiomhedurationof theon-cycles

0 30 in Equation4.5,isthensubtracted fromY , i.e. the wave is vertically shifted
belowthe zeroline, as shown irFigure4.4.B. An additional parametey is introduced in
order to discard some samples atdhsetof the offcycles.

fve Ave d..0mp0 8 45

Afterwards, the sigma function gign) sorts the valuesf the sawtooth waveThe sign
function assignsl, 1, and 0 to samples below, above, and at the zero line, respectively. As
negative values amgeneratedy thesignfunction, thesawtooth wavés offset by1 and
subseqgantly scaled by 0,5uch thathe amplitudas restrictecbetween 0 and, asshown
in Figure4.4.C. So, it is noteworthy thahe amplitude of the LFP recordisould not be
scaled The endsawtooth waveY is then multipliedwvith the LFP recording to delimit the
off-cycles.

{wa 8OVil. 8 4.6

The use of theawtooth wavenethod to delimit the oftycles requires thahe LFP data
should be shifted along the time gxg@s that it getsynchronized with the delimiting signal.
For the realtime implementationthisis performed once at the beginning of the recording
processandas long as the stimulation paramei@es, Fr, Noff andNon) remain unchanged
This method has an advantage over th@didate segment of dataethod, n that
discarding some samples after threcycles is optional. This method catso beused to
remove the stimulus artifact if the duration of the stimuli and their onset during the on
cycles are knowrBoth thecandidate segment of daaad thesawtoothwavemethods are
implemented in the Sinink module which is represented in Appen@ix



4.1 Artifact reduction during CR DBS

Time [ms]

A sawtooth wave for delimiting the off-cycles

-
(=]
=]
[ =]
T

-
o
=
S
¥

Amplitude [V]
= =
© = tn

[=]

2

4

Time [s]

10

Figure 4.4. lllustration of the concept of building sawtooth wavebased on the CR stimulation
parameters for detiiting the oftcycles in reatime. A: Initial sawtooth wavd], . . B: The wave is
shifted verticallybelowthe zero line by subtracting the duration (in milliseconds) of theyatesfrom
the sawtooth wae C: The sign function is used to buillde delimiting signal. The CR stimulation
parameters used here &ie4 Hz, Non 4, andNos 2.
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Figure 4.5. Sawtooth wavevith a higher number of offycles This figure is identical to Figure 4.4,
exceptfor the number of oftycles. This increase in number of -offcles resulted in increased
proportion of time for amplitude value 1, as compared to that for value 0. The CR stimulation
parameters used here&r 4 Hz, Non 4, andNott 8. The purpose dhefigure is to explain the effect of

increasing the number of effycles
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4.1.2 Saturation artifact after stimuli

After the removal othe stimulusartifact we focused on thartifacs that contaminate the
off-cycles. The principal artifact in the offcycles resuted from an exponential
decay/growthafter the orcycles In order to select appropriadetifactremoval techniques,

it wascrucial to define the exact source of #réfact The application oaninappropriate
techniquecould misrepresent thesults © generate nevartifacs thatcould be wrongy
interpreted as aeuronalactivity. As mentioned in &ction2.2.1, balanced and biphasic
DBS pulses are usedly the portable neurostimulatok mismatch of the biphasic pulses
can occur due tohe imperfection of the fabrication of the electrical circuitry used in
neurostimulatas (Sooksoodet al., 2009 This mismatch can be avoided by the
implementation osomeactive or passivaedniques that support the chaigalancing.

One of theactivetechniquesnvolvesthe ug of nonintegrated and largdirect current
(DC) blocking capacitoraii series with the stimulation electro@@rtmanns, 2007 These
capacitors esure that n®C currentsaredeliveredto thestimulationelectrode over time.
However, it is important to discharge these capacitors frequently to avoid the saturation
caused byDC integration andto preventredudion of the output voltage of the stimulator
(Sooksood et al., 2009The portableneurostimultor usesthe active pulse balancing
technique with the capacitors atite exponential discharge process takes place between
stimuli.

Additionally, the stimulation pulsescan saturatehe amplificationsystemof the
recordingdevice (Nguyen et al., 201Xent & Grill, 2012. At the end othe stimulation
periods (i.e., theon-cycles), the preamplifier should returno baselinecreatinga long
discharging taili.e., the exponential artifacthatcan be seen alorthe offcycles.In the
LFP recordings during CRBS, a considerable variability was noticed in the exponential
artifact shapesmong electrode channeMoreover, such variability was observed even in
individual channels among trails of the same stimatusdicated ifrigure4.6. This figure
showsa number ofdelimited and concatenatedf-@ycles of LFPrecording from a PD
patient before the removal of the exponential artifact.

The variability in the artifact shapesmong offcyclescanbe causediue tq e.g.,the
application of random sequence of CR stimulatlmough the different caacts Another
reason behind this variability that an exponential decay rides on faking tail of the
previous artifacdue to different decay time3hus, the assumptioof the regularity of
artifact shape can no longer be considered as holdingDuesto the variability of the
exponential artifact, it was the main artifact in the-of€les which caused a major
challenge for the removal process in ftiade. The optimakolution in this case was to fit
independent functions for each individual erpntial artifact in the of€ycles.
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Variability of the exponential decays in the off-cycles
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Figure 4.6. Variability of the exponential decays in the-offcles The figure showsiY a number of
mergedff-cyclesof LFP recording from PD patierti) the variability in steepnesand (iii) variability
in the offset of he artifact.This variability makes the task of separation of artifact more challenging.

Polynomial fitting

Several techniquesvhich are based dhesubtractiorof a fitting curve from the recorded
data,are usedor the removal of signal decayfter imuli. A polynomial curvas usually
preferredo fit suchdeays (Wagenaar & Potter, 20020n one hand, polynomial fitting is
easy to implement and requires lesemputationakffort to calculate théitting curve This
approachis based on matrix multiplications amdditions and does not require a large
memory tobuffer intermediateresults On the other handhe frequencycontent of the
desired signalin some applicationsies outside the frequen@pontentof the polynomial
curve For instance, if the frequenaf interest is above 20 Hz arnlde frequency of he
fitting curve is below 10 HEthenthefrequencycontentof the desired signas not affected
By polynomialfitting of thedecays of theff-cyclesin the LFP recordingsluring CR
DBS, we found that th&requencycontentof the fitting curveswas inthe frequency range
of the parkinsonian resting tremor, i.e. betwe®in 10 Hz Thereforejt was difficult to
interpret theeresults An example ohow polynomial fitting can misrepresent the results
is givenin Figure4.7. In this example, a polynomiaurve which was used to fihe off-
cycles, is fitted by an exponenti@lurve Subtractingboth fitting curvesfrom each other
has revealed low frequencisthe fit residualsThese low frequenciesere caused by the
polynomial fittingandwere found to bexactly in the frequency range refstingtremor.
Generally, a higher order polynomial is desirable bechitisg curves ceated by low
order polynomials (e.gubic polynomial)may not be able taccurately fitthe portion of
the exponential curvé-urthermorethe use of polynomials of highorders, such as ten or
higher, could not overcome this shortcomifor two reasons: First, the polynomial order
is given as a static variable before the processing stadsanot be changed duritige
course of the recordingo, a polynomial with oraenhigher than thagffectively required
for fitting the given cure may even deteriorate the quality of fit beca@m®aeundesirable
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contributionsmay appearSecond, a polyomial of very high order(e.g. order 25) may
end up fitting the recorded neuronal activity itself. While removingattiéact from the
off-cycles, the recorded neurorattivity will also get removedue to these limitations, a
more sophisticatedtechmique was required. Nevertheless, polynomial fittimgs not
completelyexcludedand itwas used in some optimization stages offline tests

Exponential fitting for a polynomial fitting curve
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Figure 4.7. Exponential fitting ofa polynomial fitting cave. A: Both fitting curves seem similar on

absolute scale. However, (B) shothatit is better to directly take the difference and compare (relative

scale). The residual of such a differenesults ina low frequency in the range of the neuronal aistjvi
approximately at 7 Hz.

Exponential fitting

An exponential fittingurvecanaccuratelydescribeghe exponentialecayin the offcycles
and assureghat the frequencgontentof the recordedneuronalactivity is not affected.
Thereforea nonlinear ftting technique is requiredhe most welknownalgorithmsused
for nonlinear fitting are GaussNewton (Hartley, 1960 Fletcher & Powell,1963,
LevenbergMarquardt{Marquardt, 196Bandthe NelderMead algorithm(Nelder & Mead,
1969. The two forner algorithms are based on derivativdsthe objective function
whereas théatteris adirect search method thits data without derivatives

Non-linear fitting algorithmausethe least squaresethod,as shown in Equatiofh.”.
Basically, they searcHor the globalminimum, i.e. the optimal solution is foundby
minimizing the sumof the squares of theesiduals amongthe datapointsw and the

estimated pointe of the fittingcurve Qah, , as shown ifEquation4.7 andEquaton 4.8,
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Many iterationsarerequiredto search for theptimalcombination of parametefsin order
to fit the datgpointsthe closest

4.7

8B » o 4.8

wheren is the total number of data point$-or the reatime removal ofthe exponential
artifact during CRDBS, the NeldeiMead algorithmwas implementecby using of
Simulink blocks (routines}hat can beonverted into Gource files The concept of the
NelderMead algorithmis explainedand the results obtained from its implementation in
Simulink areshownin Appendix A

Double exponential fitting

In order to remove thexponentialartifact fromthe offcycles we foundtha at least a
double exponentiafitting curve is required Furthermore, ti has been seen thaFP
recordingsduring (R DBS show thatthe artifact includesboth exponential decays and
growths The use ofan exponentialfitting curve with adequateexponents gositive or
negative)increases the probability eéachng the best fitwithin the given number of
iterations Thus we implementedoth exponential fitting functions in Simulink for real
time processig, as described iftquation4.9 andEquatior4.1Q In both equations, the
term™Qoh, in Equatior4.8 is replaced by the double exponential curves as follows:

- F g F>h 4.1(

whereE pfE Ft and the parameter vector is defined as ¢ fd oo hd .

At the end, theontrol unit in the Simulink module automatically selects which fitting
curvedescribeghe decay of theoff-cyclesthe closestThe choice is made based on the
minimal sum of squares of residuals between the fitting curves and tioyctds.
Therefore,the implemented NeldeMead module in Simulink for exponential fitting
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provides more flexibility to cope with thariability of the artifact in terms of decay/growth
and in terms of the steepness of the artifantexamplefor fitting the off-cycles of LFP
recordng, takenfrom a PD patient during CRBS, by a double exponentiaturve,is
shown inFigure 4.8.A. After the removal othe PLI, low frequenciegartifacts)in the
frequency range akstingtremorwere foundn thefit residuals as shown irFigure 4.8.B.

We found that tese low frequencies have multiple causes. For instance, the double
exponentiaturvecould not fit someff-cycles accurately due to the large amplitude of the
PLI, as explained later iSection4.1.6

Double exponential fit Fit residuals
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Figure 4.8. Double exponential fiing of the off-cycles A: The off-cycles (blue), which are still
contaminated by PLharefitted with a double exponentiaturve (red). B: Residuas after the removal
of theartifactsresult inalow frequency curve

High-order exponential fitting

Apart from the reasons mentioned so famptherreasorresponsibldor the additive low
frequenciesn thefit residuas is described nexin some CR stimulatiosessionshigh Fr
and lowNof values are usedhis createshort andsteep exponential decslgrowthsin the
off-cycles especially directly after the ezycles As a resultthedouble exponential fitting
curvemay not describethe decay of theoff-cycles accurately Onepossibilty to increase
the accuracy of the fitting processhig using ahigh-orderexponential fittig, e.g.of 5"
order.A high-order exponentiatanfollow the trend of the oftycles better tharthat ofthe
double exponential fitting

In Simulink, we modified the NeldesMead moduleto be able to fita 5" order
exponentiaturveto theoff-cycles The reduction othe exponentiahrtifactby high-order
fitting curves waseffective sincelow frequenciesvere completely removeds illustrated
in Figure4.9. However, it was relatively more demanding from computatipaedpective,
since conversion adhe moduleinto C source filegresulted ina large source codevhich
camot be processed in retiine. Therefoe, the performance of the DSP was affected.
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Nevertheless, this module was used for numeroubneffartifact reduction testd-or the
5t order exponential fittinghe term™Qah, in Equation4.8 is replaced here by th& 5

order exponentiaturves, Equatior4.11 andEquation4.12 andthe parameter vectois
definedhereas @M hoFQ B FQ .
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Figure 4.9. High-order (5") exponential fitting A: The off-cycles (ue) arefitted with 5" order
exponentialcurve (red). B: The correspondingesidua$ after the removal oPLI containno low
frequencies

Segmentationof off-cycles

As highorder exponential fitting was computationally demandingptl@ersolution was
requiredto overcome the limitatiacreatedoy the hardware andby the steepness of the
exponentialrtifact This solutionwasto dividethe off-cyclesinto smaller segment§or
instancepff-cycleswhich las450msaredivided, e.g.,into three segmesiteach of 15@ns
length These segments were then fitted separately with double exponential durees.
off-cycles were divided maximally into three segments. After subtracting the Gtimgs
from the segments and removing the PLI, the segments weoatenated. This method
was implemented in Simulink an@sted in reatime on the LFP recordings in saline
solution (sed-igure4.10 andFigure4.11), as well as on short affcles (120 ms) of LFP
recordings from PD patients (sEgure4.12).
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The LFP recordings in saline solution include no neuronalipctivherefore, the artifaet
reduced offcycles of these recordings should include neither low frequencies in the time
domain nor dominant peaks in the frequency domain. Application of the segmentation
approach on LFP recordings in saline solution and fRinpatient have shown that the
additive lowfrequencies caused by exponential fitting @liminated as shown irFigure
4.10.C,Figure4.11.B andFigure4.12.C However, the concatenation of the segments
caused discontinuities in the signal which in turn affected the spectral analysis. We found
that the removal of PLI before the exponential artifact further reducedaivbdalck of the
concatenation process, as explained in Sedtibr83 and discussed in detail in
Sectiord.1.6 The removal of the exponential artifact from thfé-cycles was the most
critical stage in artifact reduction during MBS, since the frequency response of the
remaining artifact lies exactly inéhfrequency range of interest.

Segmentation and double exponential fitting (LFP recording in saline solution)
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Figure 4.10. Segmentation obff-cycles and double exponential fittif@FP recording in saline
solution). A: Nonsegmented oftycles are shown in (al). Low frequenciesiah are caused by an
inaccurate fitting, appear in the fit residuals after the removal of the exponentedtaatiti PLI (a2)
and in the power spectrum (a3). B: The-oftles are divided into two segments (indicated by a red
arrow). The low frequencieare reduced in (b2) and (b3). C: The-ofcles are divided into three
segments (cl). The low frequencies angtfer reduced in (c2) and (3).
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Figure 4.11. A comparison for a single segment aidegment fittingof several concatenated off
cycles (LFP recording in saline solution). A: The-oftles (al) are expentially fitted without

segmentation; thus, low frequencies are seen in fit residuals (a2). B: Ttycleff are divided into
three ggments (bl); thus, the low frequencies are strongly reduced (b2).

Segmentation and exponential fitting (LFP recording from a PD patient)
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Figure 4.12. Segmentation and double exponential fitting of shortcgffles i.e., 120 ms (LFP
recording from a PD patient). A: Nesegnented offcycles (al). Low frequencies appear before (a2)
and after (a3) the removal of PLI. B: The-gffcles are divide into two segments (red arrow). The
low frequencies are reduced in (b2) and (b3), as compared to (a2) and (a3), though still neti remov
completely. C: The oftycles are divided into three segments (c1). The low frequencies before (c2)
and after (c3) theemoval of PLI are strongly reduced
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4.1.3 Power line interference

The PLI artifact arises from the environmental electric povseurcessuch as turning
machineqYacoup & Raoof, 2008 PLI is characteried by fixed frequency sinusoid with
random amplitudeind phaseand also higheharmonics(Costa & Tavares, 2009LFP
recordingsare contaminatetly PLI dueto stray currentfiowing through the patient and
the cablegLevkovetal.,200b I n such environmentslgeant he
antenna whichattracts the electromgnetic interference signals. Thughe PLI gets
transformednto avirtual differential signalHuhta & Webster, 1973 hakor & Webster,
1980 that cannot be suppressed even by an infinitely high common mode rejection ration
(CMRR) (Levkov et al., 200p The PLIin theLFP recordings during CRBS consiss of
the fundamental 5Bz and mostly its odd harmonicgi.e. 150 Hz, 250Hz and 350Hz).
Even harmonicéi.e. 100Hz and 20(Hz) do exist, but are rare

Preliminary measures(e.g. a good isolation of the electric degicand cables
remained iefficient in the case of ahighly contaminatedand weakneuronalactivity.
Although biomedicabhmplifiers have a very high common mode rejection ratapgical
signalsare often contaminated by residual RLevkov et al., 200b PLI is generally
removed byconventional analogue and digital filtefor the short oftycles of the CR
stimulation protocol, the maiimitation to usefiltersis that theyequirecontinuousdata
Therefore filtering wasnot an efficient approactsince theras a phaselistortion of PLI
caused by delimiting the offycles. Additionally, the exponentiaftifact in the offcycles
added low frequencies tbe datavhen digital filters were usetd remove the PLI before
delimiting the offcycles.

An additionalchallenge of removing the PLI was the considerable variability of the
PLI amplitude in consecutive effycles. For instance, for some -@ffcles, theamplitude
of PLI was three times larger than the previous or subsequeryaddfs, as shown ilRigure
4.13. In this figure, offcycles of LFP recording from a PD patient are delimited and
concatenated after the removal of exponential artifacts. arhglitude fluctuations is
impulsive, and only during the effycles. Besides the digital filters, we testsame
additional techniques for the removal of PLI from theayftles in reatime such as:

Difference between two LFP channels

A sufficient apprach to remove the PLI could be by using the LFP channels themselves.
Here, we tried to make use of the dyrany of the LFRecordings anéssumed that the
same PLI artifact should be found in the data recorded by the active contacts of the
implanted elecbde (see SectioR.2). This artifact should be removed by taking the
difference of two LFP signals before the delimitation of thecgtfles. However, the results
have shown that the PLI was reduced butalimhinated as shownn Figure4.14. This

pat
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shows that PLI has different amplitudes in each channel. Possiaé®ns for wch
differences are, for example, the variation in the impedances of the electrode contacts or
the different lengths of connection cables.

Variability of the amplitude of PLI in the off-cycles
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Figure 4.13. Variability of PLI amplitude in the@ff-cycles The successive offycles last 12@ns. The
amplitude of two offcycles (between the third and fourth seconds) is three times larger than the
previous and subsequent-affcles.
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Figure 4.14. Difference between two LFP channels for PLI removaland B: Two LFP signals
recorded by two contacts of the implanted electrode. C: A segment of the difference between
amplitudes of both signals. D: Gffycles of tke difference are still contaminated blyl Rrtifact.
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Off-cycles averaging

Another attempt to remove the PLI was to avenag@y off-cycles in reatime once the
off-cycles have been delimitated. This approach worked only partially, since there is a
phasedistortion of the PLI signal caused by the delimitation of thecpéles. During
averaging, the amplitude of PLI was reduced small extent or even sometimes amplified
aswell butwas never eliminated completely. The process of averaging a large noimber
off-cycles over time is shown Figure4.15.A. Although the amplitude of PLI was reduced,
aremaining PLI can be clearly seen at the end of this averaging procésgse415.C).
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Figure 4.15. PLI removal by averaging abff-cycles A: A large number of oftycles contaminated
by PLI are averagkover time B: The first offcycles contaminated by large PLI. Ohe result of
averaging the oftycles(after 1000s)Although he amplitude of PLI was reduced, a remaining PLI
can be clearly seen at the end of this averaging process.

Due to the variability in PLI amplitude and the shortness of theyafies, subtracting
an independent reference rsad of PLI from each oftycles periodseemed to ba more
efficient approach In our tests, we found thataking a copy of the PLI signal and
subtracing it from the biological signakliminates this artifact without affecting the
frequency components dhe neuronal activityln order to generatan independent
referene signalof thePLI for the off-cycles theamplitude angbhase othis signalshould
be determinedn reaktime. This was possiblehroughthe implemented NelderMead
algorithm.The implenentation ofthis algorithmwastwofold sinceit wasused to remove
both tre PLI andheexponentiabrtifact(seeSection4.1.2). The steps ofemoving the PLI
and harmonicfrom the LFP recordings during P8BS aredescribedas follows
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0] Transfornation of theoff-cycles from the exponentiaform to a linearform by
firstremovingthe exponentiadrtifact as shown ifrigure4.16.

(i) Calculation of the amplitude and phase of the reference signal for the basic PLI,
i.e, the 50Hz, using the NeldeMead module.

(i)  Deduction of the reference signal from the-oftles perid in the linear form.

(iv)  Reprocesmg of the result obtained in step (iii) using the steps (ii) and (iii) for
theoddharmonics of PLI, as shown Figure4.17.

The algorithm copes successfully with changes in amplitude and phase of the PLI and
harmonics. Thelgective of removing the PLI and its harmonics was to reveal any neuronal
activity with fixed latency to stimulation. The end result includedcgftfleswithout PLI

that can be analyzed for pathological neuronal activity. The saline solution was used here
to test the NeldeMead module, and the results are showhigure4.16 andFigure4.17.
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Figure 4.16. Transformation of the of€ycles from a no#linear form to a linear formA: Concatenated
off-cycles in a nodinear form. B Off-cycles transformed into a linear form. The transformation
enables the accurate estimation of amplitude and phase of thetiRidta
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Figure 4.17. Remonal of PLI from off-cycles(salinesolutior). A: Generation ofeference signals for
the basic PLli.e., 150Hz (al) and harmonics (d2a4). The PLI artifactfree off-cyclesareshown in
(a5. B: Power spectraf the off-cycles before (b1) and after the removal of asic PLI (b2) and
harmonics (b3 b4). Thepower spectrunof thePLI artifactfree off-cyclesis shownin (b5).

4.1.4 Electrical background noise

Usually, the noise power is assumed to be much smaller thade#is=d signal power.
However,the noise wasnuch higherin the LFP recordings durinGR DBSthan the
recorded neuronal activityn comparison to th&equency range of intest(i.e., of the
neuronal activity, the noise has higher frequency comgats Filtering out the noise
without affecting the signal is generally impossif##rang & Nguyen, 1996Averaging

is one of the most commonly used techniques for noise renmdualto the short duration
of the oftcycles and the randomized phase of noise, averaging-oyds was the most
effective denoising techniquéor our LFP recordingsas shown irFigure4.18. The power

of noise can be strongly redudaglaveraging, and this could reveal weak neuronal activity
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with fixed latency. A largenumber of offcycles,triggered by their onsetyas mostly
required to obtain sufficiently good results.
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Figure 4.18. Reduction of electrical background noisethe offcycles (patient datajA: First off-
cycles, after the removal of exponential and PLI artifetscontaminated by noise. B: Average of
665 offcycles,resultsin strong reduction of noise.

4.1.5 Rare movements and technical artifacts

Besides the forenentionedorincipalartifactsin the offcycles of the LFP recordings from
PD patientsduring CRDBS, someunpredictableand rare artifacts weralso observed.
These artifacts were irregulart@rms of botiform and durationPossiblecausedgor these
artifactsinclude themovementsof patientsor the stimulation deviceluring recording
sessios. In some caseshé PLI amplitudevasexponentiallymodulatedandin other cases,
the exponential artifact was modulated by low frequen@ssshown inFigure 4.19.
Therefore, the reference signal to be generated for PLI artifact rejentish be an

Modulated PLI signal Disturbed exponential decay
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Figure 4.19. Rare movement and technicalrtifacts in the LFP recording#: PLI amplitude is
exponentially modulated. B: The exponential artifact is distorted by low frequencies.
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exponentially modulated sinusoid at 50 Hz. That is, additionahpateas affecting the
performance of the DSP shdube optimized by the Neldé&dead algorithm.

The rareness of these artifacts made not worth the implementation of other artifact
reduction algorithms. Moreover, in case of averagimany off-cycles, the etict of these
artifacts is reduced. However, ifebe artifacts appear frequently in the LFP recordings,
then the analysis of these recordings would be insufficient. Such artifacts cause low
frequency activity in the LFP recordings and cannot be classifiezhttime whether they
belong to neuronal agity or not.

4.1.6 Optimal artifact reduction sequence

Additive low frequencie# theartifactreduced LFRBignalwerecausecdot only by using
suboptimalfitting curvesfor theexponentiahrtifactas dscussedn Section4.1.2 but also

by using the wrongequencavhen removing thartifacts. These dw frequencies have
affected the frequency conteott interesteven after the optimization adlie exponential
artifactremoval techniqué/Ne found that the sequence of removing the exponential artifact
and PLI was the main source of these low frequencies.

The problem could be resolved by removing the expiimeartifact first, since it is the
most significant artifactn the offcycles. However, the large amplitude of the PLI
frequency (i.e. the 50 Hz signal) prevented the exponential fitting curve from accurately
fitting the oftcycles and inducing in thisay low frequency components. Both exponential
fitting curves, lefore and after the removal of PLI are compared and shown

Exponential fitting with and without PLI
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Figure 4.20. Exponential fitting before and after the removal of Prheoff-cycles (blue) are fitted

before (red) and after (green) the remow&lPLI. The difference (indicated by the black arrows)
between both fitting curves affects the frequency content of the analyzed data.
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in Figure4.20. Additionally, the segmentaticspproactof the offcycles (aglescribed in
Section4.1.2 before the removal of PLI components caused discontinuities in the fit
residuals. By averaging a large number of-gyftles, these discontinuities could be
amplified due to a fixedakency to stimulation misrepresenting in this way tlseilte of

spectral analysis.
Hence we decided t@ptimize the removal process BLI andexponential artifast
The optimization steps weperformedas follows:

(i)

(ii)

The offcycles were transformed frottnenonlinear to the linear form by deducting
aninitial exponential fitting curve from the offycles, as described at the end of
Section4.1.3, andpresentedn Figure4.16. The NelderMead module in Simulink
required a small number of iteraticiosgenerate the expomal fitting curve, since

it isnot the primary exponentiéit. The purpose of this step 8mply to determine
the amplitude and phase of PLI ahdrmonics sincéhey cannot be determined
accurately in the nehnear fom.

Referencesignals for PLI and harmonicare generated by the Neldétead
algorithm for the offcycles in the lineaform and aresuccessivelgubtracted from
the offcycles in the notinear form. The objective aemoving the harmonics of
PLI is to minimize the amplitude of PLI as far as possible in order to accurately fit
the exponential artifact.

(i) After the removal of PLand harmonics from the offycles in the nottinear form,

a second primary and more accurate exponential fitting csnaeated The
number of iterationsf the NeldefMead algorithms increased at this steporder
to accurately fithe offcycles

(iv) The steps (i) to (ii) were sufficietd removethe exponential artiict. However we

found that the PLI was not completely removed from thecpfles. This was
because the first exponential fitting curvesiep (i) could not fit the offcycles
accuraty and this resulted in low frequencies that modulated the PLI amplitude.
As a result, the accuracy of determining the parameters of the reference signals of
PLI, especially the amplitude, was reduc&d overcome thighe second primary
exponential fitthg curve was subtracted directly from the originatoftles in the
nortlinear form, which were still contaminated by PLI. The advantages of these
additional steps were (a) exclusion of low frequencies and (b) accurate
determination of PLI amplitude.

(v) Thereference signals of PLI and harmonics were calculated again and deducted

from the offcycles in the linear form. Therefore, the exponential artifact and PLI
were eliminatedfrom the LFP recordings. The steps of the optimal sequence of
removing the PLI andxponential artifact are shown kigure4.21.
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Optimal artifact reduction sequence of PLI and exponential artifact
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Figure 4.21. Steps of the ptimal artifact reduction sequencef PLI and exponentiahrtifact (LFP
recording from a PD patient(i) First exponential fitting curvéred) is generated for the offycles
(blue)in the nonlinear form and the residuals include thd RLthe linear from. (ii) Rference signals
of PLI and harmonics (only 58z reference signal is shown here) are generat#tkilinear form and
subtracted from the offycles in the dginal nonlinear form. (iii) & (iv) Second primary, and more
accurate exponential fitting curve is generated dfierremoval of PLI. Nextthe fitting curve is
deducted from the original effyclesin the nonlinear form which are still contaminated/dPLI. (v)
Reference signals of PLI and harmonics (the reference signal of tHéz2B8&monic is shown here)
are generated again and deducted from theyaffes in the linear form.
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4.2 Artifact reduction of spontaneous LFP and tremor recordings

Artifact reduction ofspontaneoukFP recordingsifterCR DBS was noascomplicated as
during stimulation.This is due to (i) the continuity of input signal(ii) the absence of
superimposeadartifacts encountered during CR DBS, particuldtlg exponentiaartifact
and (iii) theapplicability of typical artifact reduction and data analydischniques (e.g.
digital filters and spectral analy$ig he samelso applies téhetremorrecordingswhich
are contaminated by PLI and electrical background néiseaddition& Simulink module
was implemented fothe reaktime artifact reduction oftremor and spontaneous LFP
recordingswhich includeghefollowing techniques

4.2.1 Digital filters

Spontaneou&FP and tremorecordingsverefed to a set of successive digital filtefi$ A

34 Hz (-3dB) low-pass filter with theoretically perfestippression of PLI and harmonics,
which was optimal fordata sampled at KHz. As it can be seen ifrigure 4.22, the
magnitude response of the lgess filter has zeros at PLI frequency and its harmofiirs

A high-pass filter with 0.5 Hz cuobff frequencyused to supress the DC and low frequency
components. Anapplication of the filters to LFP recording from a rAmman

Magnitude Response - low-pass filter
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Figure 4.22. Magnitude response of the filters used for artif@actuctionof Spontaneous LFRnd
tremorrecordings. A: Discretéime low-pass filter with cubff frequency of 34 Hz-BdB) for optimal
suppression ahe PLI artifactsThe roots of the filter function are located at PLI and its harmonics. B:

Butterworth highpass filter with cubff frequency of 0.5 Hz for the removal of DC components and
unrelatedow frequencies.
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primate is shown ifrigure4.23. In SubplotA, the raw data is depicted, in Subplot B, the
dataafter theremoval of PLIis presentedndin Subplot C, the signalfter the removal of
DC and low frequency componertan be seen. As one can see in this subplotjghels

is still contaminatedby electrical background noise.

LFP recording from a non-human primate
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Figure 4.23. Application of the digital filtergo a spontaneous LFP recordifg LFP recording from
a northuman primateB: LFP recording aftePLI artifact removal C: The LFP recording after the
removal ofDC andlow frequency components.

4.2.2 Signal de-noising using wavelets

The wavelet transform is an analysis tool walited to perform local analys{ge. to
analyzechanges olocalizedsegnentof a larger signaldnd reveal signal aspects that other
analysis technuges like Fourier transform migStrang & Nguyen, 1996 These aspects
include discontinuities in higher derivatives, breakdown points and trends. Moreover,
wavelet transform can often -#ise a signal withdusignificant distortion. Thus, the
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wavelet denoising technique is used temove the electrical background noise, and to
increase the signal to noise ratio (SNR).

Wavelet transform usesdagital filter bankwhich consist of a series of higipass and
low-pass FIR filters to decompose a broadband signal into a collection-bhadb with
smaller bandwidths and lower sample rgi@sang & Nguyen, 1996 For realtime de
noising of LFP recordings, we integrated the wavelehaising modulé&® provided by
Simulink with our module. An example of applying the wavelet amwising to a
spontaneoukFP recording ishownin Figure 4.24. In this figure, LFP rearding from a
northuman primate ishown in Subplot Aand the result of signal deising ugng wavelet
transformis shown in Subplot Brhe wavelet denoisingapproat canalso be usedf the
LFP recordings during CRBS if the number (duration) of effyclesislargeenough (20
s). For more rigorous treatment of teavelet transformye refer to (Strang & Nguyen,
1996.
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Figure 4.24. Application of wavelet daoisingtechniqueto LFP recording. A: Noisy LFP recording
from a norhuman primate. B: The effect of noise removal

12 MathWorks, Inc., USA, version 2007a
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Chapter 5

Estimation of Demand for Tuning the
DBS Parameters

In the previous chapter the developed and implemented technical sofotioraltime
artifact reduction oflocal field potential ILFP) andresting tremorecordingsduring and
aftercoordinated res¢CR) deep brain stimulatiofDBS) were presentedVe introduced
eachtype ofartifactalong witha description ofts removal €chniquesThe optimization
of the artifact reduction techniques wagportantto obtaina reasonabléeedback signal
for the demanatontrolled application of DBSThis chapted s f o ctliedevalopment n
and implemeration oftechnical solutionsor: (i) analysisof LFP andtremorrecordings,
(if) estimation o demandor adjusting the stimulation parameteasd (iii) adjustment of
the stimulationparametersThe analysis algorithms adedicatedto find the values of
relevantbiomarkersof pathologi@l activity in the recorded dat&uchbiomarkersvalues
can be usetbr the estimaion of demandor further stimulationandsubsequentlyor the
tuningof stimulation parameters

LFP recordingshowneuronaloscillationsat differentfrequency ranges akescribed
in Section2.1 Theseoscillations are associated wigha r ki ns o n 6 ssynpptorsse as e ( P
such as resting tremor whidtas been showto be correlatel to subcortical oscillations
(Tass et al., 2010Smirnov et al., 2008 Analysis techniques dfFP recordings are
typically based on computations in the frequency domain suclpoager spectral
density(PSD)and coherenc@rown et al., 200, JRossi et al., 200 Masimore et al., 2004
Additional techniques, e.qautoregressive modeliftave beemised to study the temporal
dependencies of the signal such as causality and stgbilierdeau edl., 201).

For the short oftycles in the LFP recordingduring CRDBS, we tested several
analysis techniquesto calculate biomarkersvalues of the pathological activity. For
spontaneous LFENd tremorrecordings, spectral analysis was the naalysistool. The
analysistechniques ardased on estimaig the strengthof pathologicalsynchronized
activities Thevariationin the strengtlof suchactivitiesis monitoredover time togquantify
thedemandor adjusting thestimulationparameters.



5.1 Data analysis during CR DBS

5.1 Data analysis during CR DBS

Since the strength and variability of the stimulation artifalttsng CR DBS (oftycles)
together with the subsequent exponential artifacts prevented-t@meanalysiswe only
analyzed the oftycles éeeSection4.1.1). Hence, we focused on the short data segments

(i.e., off-cycles, max. 500 ms) free of stimulation artifacts and the subsequent exponential

artifacts.In order tocalculatebiomarkers of the patthogical activity, the following two
analysis methods were utilized: Aiveraging of off-cycles, and (ii) spectral analysis.

Averaging of df-cycles

In this analysis method,large number of oftyclesareaveragedn order torevealpeaks
thatdescribeneuronalresponse with fixed tancy to stimulation This approach is useful
to revealneuronal activitythat has much smaller amplitude thartifacts andelectrical
background nois@Hashimoto et al., 2002We tested thisnethodusingthe oftcyclesof
LFP recording from PD patiers Theseoff-cycles, which last 40ths, were modified by
adding a simulated pea¥th fixed latencyof 200ms priorto thefollowing on-cycles The
peakamplitude was set torhV andwasadded before processing the data by the artifact
redwction algorithms.After the removal of artifactsa largenumber of offcycles were
averaged in redime by theimplemented module in Simulinln example of averaging
100 andb00 offcycles triggered by their onseyhere the peak was observed to belwel
defined is shown inFigure5.1. The goal ofapplyingthis methodo differentnumbers of
off-cycles was to test its robustness and reliabiiyt of these resulisve conclude that
averaging 100 oftycles in the LFP rewdings during CRDBS might besufficient to
detect neuronal activity, timecked to the stimulation, if present.

Real-time averaging of off-cycles during CR DBS
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Figure 5.1. Realtime averaging obff-cycles with a simulated peak: Single noisy offcycles period
of LFP recording during CR DBBefore averaging. The simulated peak was added to atyofés of
the LFP recording. B: Averaging 100 dafcles shows reduced noise and the simulated peak in the
middle (red arrow). C: Reraging 600 ofitycles shows that an increased number ctgéles further
reduces the noise and makes the padrer
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Spectral analysis

Spectralanalysis is mainly based on the dagit-ourier transformation (DFTyvhich
requires ontinuity in thedatain orderto capturehe power of dominant frequenciethe
delimitation and subsequentlgoncatenationof a large numberof off-cycles causes
discontinuities which disturb the coefficients of the DFAnd producea ringing artifact
(leakageeffect) in the power spectrur@iscontinuitiescan besmoothed byveightingthe
datg e.g, with Hanningor Hamming window However depending on théength of the
off-cycles, the weightingpproach may cause low frequencies close to those of resting
trema, i.e.37 10 Hz The @ncatenation of oftycles can besefulif the onset othe off
cycles is a time multiple of the neuronal oscillation period. For instance, if the pathological
neuronal activity is at.g.,5 Hz and theonsetof the off-cyclesis at multiples of 200ns,
then the phas information will be preservedrhis casewas uncommon in our LFP
recordings due tthedifferentvalues ofCR stimulation parameterssedand the expected
variation in the frequencyf the pathological @ivity over time

To avoid losing the phase informatiotihe spectral analysis was appliedthe un
concatenated offycles.Here, he offtcycles appear between the-oycles that are set to
zero, as illustrated in Sectidnl.1 The minimum and maximum duration of the-offcles
found in our LFP recordings are 12 and 500ns, respectivelyOur tests with simulated
sinusoidsshowed that a frequency can berastiedevenwith ahalf of its period in thein-
concatenated offycles.However, the amplitude wasduceddue tothe blanking of the
oncycles In order toestimatethe real amplitude the spectral powewas modified as
describedn thefollowing section.

5.2 Estimation of demand during CR DBS

The method used araveraging of offcycles intends tofind successive peakthat
correspond tmeuronal activityThe ime difference between, at leastp successive peaks
can be used to determine their frequery monitoring the variation of the amplitude of
these peaks, we can determine the strength of the pathological activity. This strength is
measured bgontinuowsly averaginghe amplitudes reaktime and is going to based to
guantify the demand for tunirtge stimulation parametei/e applied this approach to our
LFP recordings fromour PD patientsFigure5.2 shows twowell-definedsuccessive peaks
of neuronal activity with fixed latency to stimulatiah one patient. These peakere
reveded by averagingl332 off-cycles. Because of the low amplitude of the peaks
averaging over a larger number @gmens was necessaryor the LFP data of other
patients, despitef the optimization of the artifact reduction algorithms,vigually clear
peaks were found.
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Figure 5.2. Successive peak®vealed by @eragng off-cyclesof pati ent 6s data. The

(double red arrowpetweenthe two peaks is 25ins which corresponds to neuronal activity in the
approximate range ofdz. The mearamplitude of the peaks is 0.54n1332 offcycleswere averaged.

Another approach to estimate the demand vdlueng CR DBSwasto rescaé the
amplitudeof the dominant frequency in thpower spectrum of the wconcatenated off
cycles.The spectral power was scaled by a fa&aealculatedfrom the CR stimulation
paramegrs, i.e., the number of effycles Notf) and theCR frequency Er) of the CR pattern
(Section2.2.2. The scaling factor is defined as shown in Equation 5.1.
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where™Qis the sampling ratelkHz) andO is p7'08

This methodvas tested oasimulated signatonsisting of the sum of two unityeight
and whitenoisedsinusoidsof 7 Hz and 23Hz as shown irFigure5.3. In this figure, wo
different sets o€R stimulation parameteaseused to test the amplitude dynamics and the
scaling factorOur testsshowedthat thereduction in theamplitudeis proportional to the
shortness of the offycles(seeFigure5.3.D). The actual amplitudeiasrecoveredby the
scaling factoras shown inFigure 5.3.E. Application of his method to LFP recordings
collectedfrom PD patiatsunder different CR stimulation parametsh®wedho dominant
frequencies. The reason behind this is ejtli@tthe pathological synchronized neuronal
activity wasreduced due to stimulation simply thatsuchasynchronized activityasnot
present.
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Rescaling the power spectra of the un-concatenated off-cycles
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Figure 5.3. Rescalingthe power spectra of thein-concatenateaff-cycles A: The sum of two
simulated, unit-height, and whitenoised sinusoids atHz and 23Hz. The same signas shown in
both panels. BDelimitation of offcyclesusing unityheight signalgjeneratedvith two differentsets
of CR stimulation parameter@eft panel)Fr 4 Hz, Not 2 andNon 2, and(right panel)Fr 4 Hz, Nott 3
andNon 5. C Multiplication ofthe signals shown in A and B. The-gffcles aredelimited,and the on
cycles are set to zer®: Power spectra with uscaled amplude. E:Rescaled amplitude with scaling
factork: 0.5 (eft panel) and: 0.75 (right panel)

5.3 Analysis of spontaneous LFP and tremor recordings

Spontaneous LFP activity was recordetla- and posoperativelyfrom PD patierg and
from nonhuman primates (Blcaque monkeysafter CR stimulation (Sectio.2.]).
Resting tremor wsrecordedrom PD patientsluring and afteCR DBS. The analysis of
these recording&aseasier thammuring stimulatiordue tocontinuity ofdata ancabsence
of stimulus ad exponentiahrtifacts. The main analysisool was thespectral analysis,
which aimed atmonitoringthe variationin the strength othe pathologicalactivity over
time. For the offline tests iINMATLAB , we usedDFT, periodogramand spectrogram
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functions The lasttwo were applied withadditional options likewindowing and
overlapping of data segmen#sn example of applying the DFT and the spectrogram to
LFP recording of garkinsoniamonhuman primates shown inFigure5.4. This figure
presentsl2s of raw datan Subplot A The results of spectral analyse&ae shown in
Subplos B and C wherean activity at 8Hz can be seeDFT was performed on nen
overlapping sections of equal length,,iE024 points, giving a fregency resolution of
0.98Hz. The spectrogram overlapg segmentsof equal length (i.e.512 point3,
overlapping of 500 points, drfrequency resolution of 0Hz. Spectrograms were used at
first to locate the epochs of the dominant frequenaid¢ise recoded data

Spectral analysis of spontaneous LFP recordings (non-human primate)
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Figure 5.4. Spectral analysisf spontaneous LFP recordmd@\: Raw LFP recording from a hemuman
primate after CRDBS. B: DFT of the recordingshows neuronal activitground 8Hz. C: Spectrogram
of the LFP recording shows thensa activityas in Bas a function of time

We analyzed the recordings of the thoemtacts in ordeto estimate the strength of
the pathological activityn the brain layers where thdifferent contacts are placedn
example ofwo LFP signals, which ererecordedby two contactgi.e., C1 andC2) from
a nonthuman primateare shown irFigure5.5. The amplitude of theecordedactivity is
lower onthe first contact Possible reasons for suatdifferencein amplitudecould be
dissimilar contactimpedancesor/and that one contact was closer to th&nchronized
neuronal populatiothan the othe The variationin the pathological activity in terms of
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frequency and amplitude indicaté® needor estimaing different demand values for the
different contacts.

Spontaneous LFP recrodings of two contacts (non-human primate)
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Figure 5.5. Spectral analysis of sptaneous LFP recordiagf two contactdrom a norhuman primate
Al and A2: LFP activity recorded by two contacts on the implanted electrodeCileand C2,
respectively B1: Power spectm of therecordingin A1 showsan activity in the range 813 Hz. B2:
Power spectrum of the recording in A2 shows similar activity as jio&8lwith higheramplitude This
difference in the amplitudiedicatesthe need for different demand values

5.4 Estimation of demand with spontaneous LFP and tremor

recordings

In order tocalculatethe demandaluein the spontaneous LFP atrémorrecordingswe
monitored the variation in the amplitude of the dominant frequencies over timén
example ofsuch a variations shown inFigure5.6. In this figure, asection of 3G LFP
recordingfrom a norhuman primatefter CR stimulations divided into threesegments
(eachof 10s). Then, aperiodogram (sigle sided amplitude spectrung)appliedto each
segmentTheresults showthatthe amplitudeof the LFP activityis reducedn the second
segment and further reduced in thed one This variationin the amplitudecan beused



5.4 Estimation of denand with spontaneous LFP and tremor recordings

to evaluate thetrength of thepathological activity and to estimate the demsalliein a
continuousmanner

Time-evolving power spectrum
of spontaneous LFP recording (hon-human primate)
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Figure 5.6. Time-evolving power spectrum afspontaneoukFP recordingfrom a norhuman primate.
A: LFP recording which lasts30s, is divided into 3 segmenisach of 1Gs (indicated by colors).
B: Power spectra of éhthree segments show a reductiomhimamplitudeof the recordedactivity if
time evolves

TheimplementedSimulink module for reatime data processingonsists of dferent steps
that include artifact reduction (using the methods present8ddhon4.2), data analysis,
and estimation othe demandvalue Thefollowing steps are involved in the data analysis
and are explainechidetail

PreprocessingThe aim of this step is to prepare the recorded data for the analysis
processThe datais first buffered and divided into data segmemsbuffer size of 4096
(2'?) samples is useidr both wavelet daoising(explained inSection4.2.2 and spectral
analyss. This buffer size indicates that evergdconds a nefrequeng value is estimated
Furthermore, our tests showed thaoaerlap ofdata segmeniacreassthe probability of
detectinga dominant frequency, biitcauss discortinuities in the output signa¥Ve used
an overlap of 102damplesaandthe discontinuitiesvere reduced by theavelet denoising
filters without affecting thedetectedrequencies

Detection of dominant frequencie3 he frequency content of the buffered dathen
analyzedusing theperiodogram functionThe lattershows the distribution ahe power
contained in the ghals over a frequency range ®f 43Hz, where each frequency is
resolved by 4ins, i.e., a frequency resolution of 0.24.Hhe frequency witthighest
powerin theoutput of the periodogram marked as a dominafrequeng for the current
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data segmenfThis steps repeated for 2Buccessivesegmentsi.e., 20 frequency values
aredetected antiuffered Once a dominant frequencydetected, its powas set to zero

in order to detet the next dominant frequengs illustated inthe flow diagram irFigure

5.7. As each frequenciypn the power spectruns resolved by dins, the amplituddéin of

the detected frequency * 1 baresetto zero.The firstdominant frequencis mostly sed

for the estimation othe demandvalue However,if this frequency represents a known
artifact (e.g., an interferenceit is useful to detect the second highest peak in the power
spectrum. A maximum of three frequencies can be detatteachdata sgmentby the
Simulink module

P ; Detection of -
/~ Detection of Setting the Setting the
/" Power . . 9 second second
{ > first dominant —| | first frequency > ) > Ly .
\ spectrum/ eak to zero dominant frequency
~ frequency P eak to zero
frequency p

Figure 5.7. Flow diagramfor successive detection of dominant frequendiethe power spectrum of
spontaneous LFBndtremorrecordings.

Histogram: The aim of this step is to evaluate the distributiorthef 20 buffered
frequeng valuesand to find which frequency is more common in the recorded data. To
this end, histogiam is used, in whickachdetectedrequency isepresenteddy 4bins
giving a frequency resolution of 0.2%. Then a threshold is set which implies that leac
frequency should appear at least 12 times in the 20 buffered values. If the distribution of a
frequency is below this threshold, this frequen@ajue is discarded. The goal of the
threshold and the 20 buffereduesis to findreliableand stablgathobgical oscillations
in the LFPandtremorrecordings. Eamples othedifferent histograreare shown irFigure
5.8. Whena dominant frequency passes the threshold, its index is dividédiley, the
number of bms in the histograjro get the frequencyaluein Hz.

Estimation of amplitude The corresponding amplitudesthe20detected frequencies
are estimated from the power spectrum dndfered simultaneouslyWhen adominant
frequency passghe thresholdn thehistogramall correspondingmplitudesare extracted
and average(tivided by the distribution valueThis steds doneto get the instantaneous
amplitude of the current pathological activi@gillustratedin Figure 5.9.

After the estimation ofhtle amplitude theinput signal is shifted by one segmenhie
stepsdescribechbove are then repeatadevaluatewhetherthe newdatasegment affest
the distribution of frequenciesr not The amplitude value ishen either updated ahe
stimulation cotinues with the current valu&his approachesults inanamplitude value
every 4swhich can beused taadjust the stimulation parameters
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Histograms of detected frequencies (PD patient)
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Figure 5.8. Histograms of th@0 detected and buffered frequenciés Thedistributionof a dominant
frequency is above the threshold which is set to 12 .flggeiencyis at 5.25Hz (index 21 divided by
4). B: Casewhere a low fequency(here at 1Hz) outside the mage of interestis dominant. CThe
distribution of a dominant frequency is below the threshatdl the variation of this frequency is
indicated bythe bins next to it.

Buffered Estimated Buffered Extracted
frequencies[Hzl  frequency [Hz] Hag amplitudes[mV] amplitudes [mV]

45 5 0 0.1961 0

45 5 0 0.1811 0

45 5 0 0.1683 0

45 5 0 0.1571 0

55 5 0 0.1474 0

55 5 0 0.1388 0 Average

55 5 0 0.1275 0 of the

55 5 0 0.1162 0 amplitudes
5 = 5 — 1 X 0149 —> 0109 — [MV
5 5 1 0.0934 0.0934 0.0459
5 5 1 0.0819 0.0819
5 5 1 0.0704 0.0704

5.75 5 0 0.0589 0

5.75 5 0 0.0474 0

5.75 5 0 0.0358 0

5.75 5 0 0.0243 0
5 5 1 0.0128 0.0128
5 5 1 0.0012 0.0012
5 5 1 0.0012 0.0012
5 5 1 0.0012 0.0012

Figure 5.9. Realtime averaging of the amplitudes of the detected frequendike 20 detected
frequencies are compared with respect toe$timated frequencyith maximum distribution in the
histogram. A logical flag (1/0) ind&tes the match and mismatch of the values, respectively. The logical
flags are multiplied by the corpesnding amplitudes to select the related amplitudes, which are
averaged to determine the strength of the current pathological activity.
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The steps desdréd above are repeatén three phass to detect three dominant
frequencies ireachdatasegments shan in Figure5.7. The threshold of #frequency
distributionisreducedn case of theecond dominant frequencihe reason behind this is
thatthe amplitude of the second dominant frequency is often lower than the firahdne
hence, it has a low@robabilityto be detectedThissituationcan be described #srowing
a dice that has sides with different are@isthe time ofthrowing the dice, the maximal
probability is given for the side with the largest area which mostly faces the ground. If we
set the thresHd value tq e.g, 50 % (10 results of 20) for the first frequencysitouldbe
35% for the second frpiency and even less for the third frequency. However, when the
amplitude of the detected frequenmyuld notbe distinguished fromoise, then itvould
not reach the threshold. Moreovdsy increasing the frequencyesolution of the
periodogramijt is posible to detect thé&requeng variations ¢eeFigure5.8). However,
this reducesthe probability of detectinghe main frequency. In order tase a high-
frequencyresolution andncrease the probability of detecting a dominant frequewey,
reducedhe thresholdvalueto 7and 5for the firstand second frequencies, respectivaly
flow diagramthatsummarizes th step®f estimaing the amplitude of pathological activity
for the demandtontrolled applicatiomf DBSis shownin Figure 5.10.
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5.4.1 Tests with LFP and tremor recordings

The implemented module was tested on diffedatté: (i)stimulation signalggenerated by
the portable neurtismulator and recorded from a simple electrical circuit, (i) LFP
recordings from noiuman primates, and (iii) spontaneous L&Ritremorrecordings
from PD patients.

Tests with an electricalcircuit

The objective of these tests was to investigate thifenneance of the implemented module
in detecting dominant frequenciésother objective was to test thessibilityof applying
this approach to LFP recordings during CR DB®&e four contact®f the stimulation
electrode were connected to three resistach of k Y and a r eftre€ER nce.
stimulation parameters such that long-oftlesresult(Non 1, Nott 15, andFr 1 Hz). For
these testghe offcycles were concatenated ahdlength ofeachoff-cycle was 1%. The
stimulation signals were seto the electrical cirauand recorded simultaneously. Later,
we addedsimulatedsinusoids with low amplitudes (i.e., 100 500uV), to the recaded
data before removal of artifacts.

Two tests were performed wittvo different sets of sinusoidm the firsttest the sum
of five sinusoids withthe same amplitudend different frequencies are added to the
recorded data. In the second teke same five sinusoids were used but with different
amplitudes as illustratedin Table5.1. We selectedrequerties close to each othé&w
evaluatethe ability of the module to detect these frequenicidwidually. For thesetess,
we extendeaur moduleto make it able taletect five frequencies

Figure5.11 shows thatll sinusoids wre detectedn the first test, the frequencies
were detected nearly simultaneously, since all of them have the same probability to be
detected, i.e. the same anuptie. In the second test, the detection order of the sinusoids
was according to their ampides. The sinusoid with maximum amplitude (highest
probability) was detected in the first phase, whereas the frequency with lowest amplitude
was detected by the lgshase.

Table 51. Two different sets of sinusoids used to testimplemented module.

Testl Test2
Frequency [Hz]  Amplitude [uV] FrequencyHz] Amplitude [uV]
4 300 4 100
5 300 5 200
7 300 7 300
9 300 9 400
15 300 15 500
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Detected frequencies: Tests with sinusoids and an electrical circuit
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Figure 5.11. Tests withsimulated siusoids angignals recordettom an electrical circuitA: Results

of test 1.Sinusoids with the same amplitude are detedtethgall phass (indicated bycolorg of the
implemented module. BResults of test ZSinusoids with different amplitudes atetectedaccording

to their amplitudesFrequencycomponentwith highest and loest amplitudes are detected at first
(blue) and last (magentghass, respectively. Values at the zero line indicate that no frequency
component is detectatlringthis phase

LFP recordings from non-human primates

We also testedthe module retrospectively using LFP recordings collected from
parkinsoniamon-human primatesScaleddownversion of the humaelectrodgdescribed

in Section2.2) wasimplanted in the brain ahree Macaque monkeys order torecord
LFP activityintra-operatively More than 20 recordings from each side of the brain were
taken over 4 monthdor more detad see Sectio3.2.]). The algoribhm wasable to detect
dominant frequenciewithin different frequencybands andnonitor the changes ithe
amplitudes of thesieequenciesThe amplitude of some of these frequeieswere present

in a larger number of recordings and wapg@roximatelycorstant over timeWe performed
later some experiments in the surgery room (in Peking, China), and found that some of the
detected frequencies are interferencaused by machines in the backgrouthds holds
especially forthe peaks at 9.78z and 16.51z (see Figuré&.12). Therefore these peaks
were marked as known artitadn the implemented module order to preventhem from



5.4 Estimation of demand with spontaned#d and tremor recordings

being recognized as neuronal activity during the analysis process. Other peaks were found
andmight represensynchronizegdpahological neuronaéctivities, i.e., the peak detected
at 6Hz and around 3iz.

Detected frequencies in the LFP recording from non-human primate
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Figure 5.12. Detected frequencies in LFP recording from a-haman primateThe frequencies were
detected using the implementedpbasemodule The peak at 9.75Hz and 16.91z are artifacts,
whereas the peaks @&tz and aroundhe 3 Hz could reflectneuronal activities.

Spontaneoud FP recordingsfrom PD patients

The implemented modulevas also testedretrospectivelyon LFP recordings from a PD
patientwith bilateraltremordominantof both handsThe LFP activity wasecordedrom
the patienover three dayssingthe portable neurostimulatdn an externalized setting
i.e. beforeleadsbeing connected tthe implantablepulse generatgiPG). Similar sets of
CR stimulationparametersvere used, wich differ only in the valuef Fr. The latterwas
chosen to bel6.5Hz, 20Hz, and 12Hz in the three stimulation day3he otherCR
stimulation parameters Hahe following values: aplitude (A) was4 mA, pulse width
(PW) 60 ps, balancing pulseidth (BPW) 600 us number of pulseger bust (N) 6, Non 4,
Nott 2, andthe intraburst frequency (HF) wa$30Hz. The activationsequenceof the
stimulation contacts was randomizédkP activity was recorded bipolarly between three
contacts (0, 1 and 2) starting from the tip and uppernagact (n this experimentthe
contact 3wasused as a referencd)herefore three contact pairs-8, 1-3, and 23 were
used for the LFP recordir{for more detail®nthe CR stimulation parameteasd patterns
see Sectior2.2.2.

The implementedmodule estimatethe dominant frequencyhe amplitudeandthe
standard deviation of the amplitudeer timeas shown ifFigure5.13. This figuredisplays
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the LFP recordings of the contamirs0-3 and 13 of the left sideduringthe first andhe

last experimentalay. In the first day datawas recorded before first stulation session

and in the last dayafter the last stimulation session. The time difference between two
stimulation sesions in ae day was at least one holihe change in the synchronicity of

the pathological neuronal activity in both channels canele setween the first and last
day. The amplitude of the synchronous activity was remarkably reduced. This could
indicate that afewernumber of neurons particigatin the synchronized neuronal activity

on the lastlaydue toCR stimulation

Tremor recordings from PD Patients

During and between CR DBS stimulation sessamegleometers were placed on the lis;mb
of PD patents that manifeste@sting tremarSome patients had tremor on both hands such
the one wheeLFP data vasdiscussed in the presis setion. Thetremorrecordings of
both hands othis patient wereanalyzedisingthe implemented module and the resules ar
shown inFigure 5.14In this figureacomparison betweehe first and last daig displayed
The module has estimated the fnieqcy and amplitude of resting tremor over time around
5Hz as shown in the middjganel Theseresults were alsoorroboratedaftervisualizing

the videostreamsof the patientFrequency componest 10 Hz might bea harmonic of
the detected Blz. Theanplitude of tremor was reduced on the last dagpect tdhe first
day for both handsThis reductionof amplitudeis in accodancewith the reduction of
activity powermeasuredn the LFP recordings.
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Figure 5.13. Monitoring the dominant activities in the spontaneous LFP recordings. The module
estimaes the strength (i.e., the amplitudg of dominant frequenciesver time in the spontaneoutFP
recordingsfrom a FD patientthat showedrestingtremor. A1 and Bt Raw LFP recordings of two
contacts bthe imphnted electrode on the first ddgp panel) A2 and B2 SpontaneousFP recordings
of the same contacts on the last diag., after three days of stimulatiorThe middlepanelsshow the
detected frequencies and the estimated amplitudes over @nme.ca observethe reduction of
amplitude of the detected frequenciestiom lastday withrespecto the first day.
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Figure 5.14. Monitoring the strength and frequency of tremor. The module detects the dominant
frequencies and estimates their amplitudein the tremor recordings from a PD patie Al and B1:
Tremorrecordingdrom two accelerometers placed on both dmnn the fist day(top panel) A2 and
B2: Tremorrecordingsfrom the same accelerometers on the last ddae middlepanelsshow the
detected frequenciemdthe estinated amplitudes over timA. reductionof tremor amplitude othe
last daywith respecto the firgd daycan be observetbottom panels)The reduction in the amplitude
isin line with thereduction ofLFP activity shownin Figure 5.13
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5.5 Tuning of CR stimulation parameters

The LFP andtremorrecordingsare analyzed to calculate mmarkersvaluesthat can be
usedas a criterion to quantify the demand for tuning the stimulation parameterfri.e.,
thedevelopment of an agdve DBS systemSuch a systeraims at continuously adapting

the DBS parameters teeither the clinical fluctuations typical oddvaned PD or to
modifications of the physiological activity caused by therapeutic effétts. detected
dominant frequencies in thespontaneous L& tremorrecordings(see Sectio®.3
and5.4) are used to evaluate the strength of the pathological activity. Our proposed concept
is to monitor and compare the amplitudeshefse frequencies in successive data segments
in order to calculate the demanduwel If the current amplitude of the pathological activity

is higher than the previous one, the value of the stimulation parameter should be increased
and vice versa.

Therdore, a module for the adjustment of the CR stimulation parametirs
implementedn Simulink. This module uses thremorrecordings as a feedback signal to
adjust the CR DBS parameters in reale. Thetremorrecordings are first filteredvith
Butterwath bandpass filtersin such a way that the magnitude response of the filters
includes thepathological activityt2 Hz. Then, the filtered signal is divided into successive
segments of 20fs.The strength of the pathological activityeistimated in the module by
the standard deviation @ie signal Thestandard deviationaluein the first segment is
delayed to be compared with the subsequent value. If the current value differs from the
previous one, dogical flag (i.e., 1 is raised ¢ indicate the demand for adjusting the
stimulation parameter. Otherwise, the stimulation continui#s the current value. Both
values should be greater than zero. The current value is divided by the delayed one to
calculate a scaling factor, whichtlsen multiplied by the selected stimulation parameter.
Since the strength of tremor can vary betwesirepts, a calibration is also available in the
module to set the maximum valu@$e initial values of thestimulation parametexsan be
set bytheclinicians, and he maximum and minimum values of the stimulation parameters
are restricted.

In order todemonstrate the redime adjustment of CR DBS parameters, tests were
performed withtremorlike signals generated by a healthy subjpaotl recorded by the
portable neurostimulatoihe signals were analyzed by the above described moghle.
accelerometewas placed on the right hand of the subjetio imitatel tremor with
different frequencies and amplitudeSix tests were performed to adjust four CR
stimulation parameters during sequential and random CR stimulasawvell as during HF
DBS. These pararaters arethe amplitude, number of pulses, number ofcgales, and
number of offcycles.During the teststhe other CR stimulation parametengere set to
constanwaluesas follows:Fr 4 Hz, PW 12Qus, BPW1200 usN 10, andHF was 130Hz.

69



Chapter 5Estimationof Demand foiTuning the DBS Parameters

In each testwhich lasts 8%, only one stimulation parameter was adjusied time The
tests include:

(1) Amplitude modulation during standard HEBS. Figure 5.15 shows a
tremorlike recording of a control subject and the corresponding
spectrogramThe lattedisplaysthe variation in frequency and amplitude of
therecordingover time. Specifically, theariationin the amplitudas used
to modulate the ampiide of the HF stimulation puls@ one contact of
the DBS electrodeThe amplitude is increased foighertremor and vice
versa. The single chargmlanced stimulation pulsesere presented in
Figure2.3. In this test, he maximum amplitudevas set to 0.5mA
consideringthe rebound effect that cawause strong responsewhen
stimulation isturnedoff (Trottenberg et al., 200Muta et al., 2001

(i) Amplitude moditation during sequential CRBS. Figure5.16 shows how
the variation in the strength of the imitated tremomused totune the
amplitude of the CR stimulatiopulses.In this case, te amplitu@ is
increased for higher tremor and vice vefldee aitput signal®f the portable
neurostimulator shows tlEmplitudemodulaton of the sequentiddursts of
stimulationpulses These signals were sentttwee contact§CO: blue, C1.:
red and C2green)of the DBS electrode, whilde fourth contact was used
as a referenc&he amplitude was restricted to the range ZmA during
the tests with CR stimulation protocols

(i)  Amplitude modulation during random dPBS. Figure 5.17 showsthe
tuning of the amplitude of the CR stimulation pulses dubéovariation in
the strength of the imitated tremdks in (i) and (ii), the amplitude is
increased for highdremor and vice vers&ubplot D shows theumof the
output signals of the portable neurostimulatodtheamplitudemodulation
of the random bursts of stimulation pulses. These signals were sent to the
threecontacts of the DBS electrode as describedipusly.

(iv)  Adjustment of thenumber of pulesduring random CROBS. Figure5.18
shows how the variation in the strength of the imitated tremor is used to
adjust the nmber of pulses in the CR stimulati bursts of the three
contacts.Subplot D shows thatrémor with higher amplitude results in
increased number of stimulationlpeis and vice versd@he minimum and
maximumnumber of pulses was set to 1 and 10.

(v) Adjustment of the number of arycles during sequential CBBS. Figure
5.19 shows the adjustment of the number ofoycles due tahe variation
in the strength of themitated tremor Subplot D shows thatigh tremor
amplitude results imnincreased number of erycles and vice versdahe
minimum and maximumumberof on-cycles was set th and3.
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(vi)  Adjustment of the number of effycles during sguential CRDBS. Figure
5.20showshowthe number of oftyclesis tunedaccording tdhe variation
in thestrength of the imitated tremdrheminimum and maximumumber
of off-cycles was limited to 0 andl. In the initial ase the stimulation
protocol include®neoff-cycle, as can beee in subplotD, time axis[437
47] s. However, the number of offycles is reducetb O for an increased
tremor amplitudescan be seen mme axis[417 43 s.

The portable neurostimulator sent tiumed CR stimulation signals to an etecal
circuit, where the four contact cables were connected to three resistors, eaciYqf 1 a n d
a reference. The stiulation signals were then recordedn the electrical circuit by a data
acquisition caréf and monitored using the software LabVIEW Sitixpress? on the
programing laptop described isection 3.1 The imitated tremor signals, their
spectrograms, and the continuous adjustment of the different CR stimulation parameters
(the output signals of thportable neurostimulator) are illustratéedm Figure 5.15to
Figure5.20. All these figures present the regthe adjustment of the stimulation parameters
according tdhe strength of tremor measured by the standard deviation of the amplitude. In
order to investigte the changes in amplitude through spectral analysis htimesglthe
technical realization requires some hardware modifications and a more powerful processo
asit is going to badiscussed in the next chapter.

13cDAQ-9171 Measuring and Testing Equipment from National instruments, Hungary.
14 LabVIEW SignalExpress 2012 from Nationaltinsnents
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Amplitude modulation during HF DBS - ACC recording (right hand)
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Figure 5.15. Realtime anplitude modulationduring HFDBS. A: Tremoklike recordingduring HF
stimulation B: Spectrogram of the recorded data showsér@tion infrequencyand amplitude othe
tremorlike recordingdisplayel in Subplot A over time. This variation is monitored and used to
modulatethe amplitude of the HF stimulation pulse&S: Amplitude modulatiorof the HF stimulation
pulses where the maximum amplitude was restrictédbtmA. D: Magnified plot ofsignalrepresented

in (C) (see time axis)The amplitud®f stimulation pulsess increased for higher tremor amplitude and
vice versaThe single chargbalanced stimulatiopulses were presented in Figx8.
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Amplitude modulation during sequential CR DBS - ACC recording (right hand)
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Figure 5.16. Reattime amplitude modulation during sequential CBS. A: Tremorlike recording

B: Spectrogram of the recorded data shows the variation in frequency and amplitudesighttie
displayedin Subplot Aover time. Thé variation is usetb adjust the amplitude of the CR stimulation
pulses C: Output signals (three channels) of the portaberostimulator shovthe amplitude
modulation of the CR stimulation pulses of the three con{@&fisblue, Ciredand C2: green)The
minimum and maximumamplitude modulation wasetto 0 and 2nA. D: Magnified plot ofthe sum

of thesignalpresented i(C) (see time axishe amplitude of stimulation pulses is increased for higher
tremor amplitude and vice versa.
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Figure 5.17. Realtime amplitude modulation during random aBBS. A: Tremoklike recording

B: Spectrogram of the recorded data shows the variation in frequency and amplitudeerhitrike
recordingshowed in 8bplot A over time. This variation is used to adjust the amplitude of the CR
stimulation pulses. COutput signals (three channels) of thertpble neurostimulator showthe
amplitude modulation of the CR stimulation pulses of the three contacts (CO: blussdCad C2:
green).Theminimum and maximunamplitude modulation wasetto 0 and 2nA. D: Magnified plot

of the sum of thesignal presented inC) (see time axis)The amplitude of stimulation pulses is
increased for higher tremor amplitude and vicesaer





































































































































































