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Sommario

1 Sommario

Introduzione

Le variazioni nei segnali di skin conductance (S@)o state proposte come misure di eccitazioneofisialogica ed indicatori
di attivita del sistema nervoso simpatico (Wallie81). Quando si verifica un burst sudomotoraufgaso della sommazione spaziale
e temporale di spikes innescati da un nervo sudon@phe consegue un processo di sudorazione cadeditdtivita delle cellule
sudoripare (per la maggior parte eccrine) e uesis elettrodermica (skin conductance responsgR) Sisibile nel segnale di SC.
Un aumento della frequenza (o ampiezza) di tali $€Re interpretato come un aumento del livellattivita del sistema nervoso
simpatico (Lidberg, et al., 1981) poiché le cellsigloripare eccrine sono controllate esclusivamdatale sistema. Il segnale
sudomotore scatenante SCRs € composto da burststidiseparati e temporalmente brevi ma le canseiij SCR rilevate sulla cute
spesso non sono piu distinguibili per via di ungheana di sovrapposizione, avendo una dinamicagpitalrispetto ai bursts. Esempi
di algoritmi in letteratura che propongono una smne a tale problema sono, per citare i princiflain, et al., 1997), (Alexander, et
al., 2005), (Benedek, et al., 2010) (with Ledalaftvgare) nei quali comun denominatore € la tecdieeonvolutiva. Tale tecnica fa
affidamento sull’esistenza di una risposta all’idgoustereotipata, attraverso cui & possibile seniampiezza e I'occorrenza dei
bursts sudomotori generati dal nervo sudomotore.

In questo elaborato di tesi descriviamo un metottora non pubblicato (Barbieri Citi o BC) svilugp presso MIT di Boston
capace di risolvere il problema di sovrapposizidn8CRs senza affidarsi alla tecnica deconvolujiviadi senza la necessita di
conoscere la risposta all'impulso.

Dopo aver descritto come tarare adeguatamentetitdgo BC ottimizzando le sue prestazioni traméagrsali SC simulati, le
sue prestazioni nell'identificare bursts sudomasorio state confrontate con quelle di Ledalabn&nBC & stato applicato a segnali

SC reali per studiare gli effetti prodotti da difati emozioni (rabbia, paura, gioia, tristezzaBSisoggetti sani.

Materiali e metodi

Taratura di BC e confronto tra algoritmi - Metodo

Abbiamo generato 78 segnali realistici SC servendbcn modello originale appositamente svilupppts questa tesi: esso
convolve una sequenza di spikes (impulsi) con umaibne risposta all'impulso(IRF) (Equazione 1-nfl.iet al., 1997)). Gli spikes
simulano I'occorrenza e I'ampiezza dei bursts suotom e la IRF descrive la risposta elettrotern(8&R) rilevabile nel segnale SC

a seguito di un burst sudomotore. Precisamente, wlz documentata variabilita inter ed intrasoggetiella risposta all'impulso
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(Breault, et al., 1993), (Edelberg, et al., 198Ugnes, et al., 1985), ogni spike & stato convplpér la sola creazione della
componente fasica del segnale, utilizzando I'equraziproposta da Lim variando di volta in volta rgraetri che la governano
secondo una distribuzione Gaussiana. La Figuranbgtra un esempio di 100 risposte all'impulso.

Impulse Response (IR) - Lim 1997
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Figura 1-1: Esempio di 100 risposte all'impulso

La componente tonica e fasica sono generateagapsente entrambe con tecniche di convoluziorikzasindo per la parte
tonica I'equazione proposta da Lim ma con paraniisi. L'occorrenza temporale degli spikes e Ieolampiezza nelle sequenze
sono state rispettivamente generate secondo unga cGaussiana Inversa (dimostratasi empiricamentemecda miglior
approssimazione) e una distribuzione Guassianéin@ldi rendere i segnali piu realistici abbian@iagto un rumore (flicker noise)
la cui natura del rumore € stata determinata egairente da segnali SC reali.

Abbiamo generato diversi 4 dataset composti dae@8@ali simulati, ognuno con un rapporto S/N di, 10, 1¢¢, 16° .

({I]_({I_Tm 1 ).ff'rd)

{l + [(.“ - Tosl)/’tl‘)]_ }

Equazione 1: Risposta all'impulso (Lim)

fs1 =

7142

Analizzando i segnali simulati con Ledalab e BC iabitm ottenuto le sequenze di spikes che successitenmabbiamo
confrontato con gli spikes usati per la generazidegli stessi segnali simulati. In questo procgssssiamo distinguere i tre casi
mostrati in Figura 1-2 da cui abbiamo ottenutodast#tivita (SE) e il valore predittivo positivo (Y per la costruzione delle curve

ROC per ogni rapporto S/N. Le curve ROC quantificéa prestazioni di detezione degli spikes di entrai softwares, dove pero
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ogni coppia SE-VPP é stata ottenuta variando dipenametri: per Ledalab variando la minima sodliampiezza ammessa per gli
spikes forniti mentre per BC variando i due parainmeterni all'algoritmo che determinano le frequendi Cut-off dei filtri ($ e By).

Avendo cosi un quadro completo delle prestazioniaalare dei parametri per i due software, possidanare BC scegliendo la

coppia $ e B, In Figura 1-3 due esempi di curve ROC per il dattds con rapporto S/N di 10
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Figura 1-3: (Sinistra) Curve ROC di BC per livelloS/N di 1 ottenute variando §, e B,

(Destra) Curve ROC per Ledalab con livello S/N di 1Dvariando la soglia di ampiezza degli spikes

| cerchi neri indicano i punti di massima performarce per ogni ROC
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Dataset Emozioni - Metodo

| segnali SC sono stati acquisiti con Flexcompniitfi™ encoder (Thought Technology Ltd.; Montreahn@da). | segnali,
dapprima acquisiti con una frequenza di campionamein2048 Hz sono stati poi sottocampionati a BIz6 L'acquisizione della SC
€ avvenuta posizionando due elettrodi su indiceutaae con metodo esosomatico (exosomatic).

Ai soggetti non & permesso assumere sostante atithgtaffé, the o altro) il giorno dell'acquisizie cosi come il giorno
precedente per non alterare il sistema simpati€o.s@ggetti sani sono stati volontariamente redludat corpo studentesco
dell’'universita IULM (Milano). Presso il Behavioasd Brain Lab i soggetti vengono intervistati da psicologo al quale sono stati
invitati a raccontare con ricchezza di particothre recenti episodi relativi ad ognuna delle 4 dorozarget (Gioia, Paura, Rabbia,
Tristezza). | soggetti non in grado di rievocarii li episodi sono stati scartati dall'esperimento psicologo, dopo aver annotato
con dovizia di particolari gli episodi, ha scelto solo episodio per ogni emozione, giudicato pténso, ricco di stimoli e vivido
nella memoria del soggetto. E’ quindi fissato unoselo appuntamento dove il soggetto, firmata laréiboria, viene fatto sedere,
posizionati i sensori e I'acquisizione ha inizio.

Dopo una fase di relaéseling della durata di 3 minuti nel quale viene invitdtalassamento fisico e mentale, lo psicologo,
privatamente con il soggetto, rievoca verbalmemepisodio descritto durante l'intervista; in qaefase il soggetto deve ascoltare
attentamente e cercare di rivivere piu intensameosibile I'emozione (fase diistening).La durata delle fasi diistening é
dipendente dal particolare episodio evocato. Aintee il soggetto, in silenzio, deve continuare eafizzarsi cercando il massimo
coinvolgimento per la durata continuativa di 3 nir{tase diFocusing) Successivamente € prevista una faseedoveryprima di
reiniziare con la seguente emozione. La sequenit@ emozioni rievocate € casuale per ogni soggetionettendo cosi di non
introdurre polarizzazioni nei risultati. La sessati acquisizione dura dai 30 ai 50 minuti.

Dalle sequenze di spikes ottenute con I'algoritn@® (Bpportunamente tarato) abbiamo calcolato I'azgz@enedia degli spikes,
la frequenza media degli spikes (Hz) e l'area sattéAS) dalla curva di attivita integrata (CAl) dine continuo che condensa
l'informazione di frequenza e ampiezza degli spiketenuta sommando I'ampiezza degli spikes compresina finestra della
lunghezza di 2 secondi che slitta, secondo doponsiecsull'intera sequenza di spikes. Tali paranstno stati calcolati per I'ultimo
minuto della fase diListening (List), per ognuno dei 3 minuti che compongono la faseFacuging (Focl, Foc2, Foc3

riepsttivamente) e per il minuto centrale delleefdsBaseline (Bl)
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Per evidenziare possibili differenze statistichisteati un ANOVA a una via & stato eseguito considdo tutte le fasi per ogni
parametro e successivamente dei t-test8lteale successivkist, Focl, Foc2, Focper ogni emozione, tiast, Focl,Foc2,Foc®

ognuno con se stesso in ogni emozione. Avendouatiet-test multipli, il livello di significativit® stato corretto con la correzione di

Bonferroni, passando da 0.0®lgnf stimato secondo la formula 0.05/n dove n € il nuntirconfronti che abbiamo effettuato, nel

nostro caso 40, ottenendo OB onf di 0.0013.

Risultati

Taratura di BC e Confronto

L'algoritmo BC offre le sue massime performancenglando, per ognuno dei 4 rapporti S/N, il filtrovgrnato dal parametro
B, mentre § & 0.1, 0.2, 0.5, 0.9 rispettivamente per rapf@/i di 16, 1, 10°, 10°. Per Ledalab invece le soglie ottimali per le
massime performances sono 3.60 uS, 6.20 uS, 112u&) uS rispettivamente per rapporti S/N di 107, 1¢¢, 10°.

In definitiva, I'algoritmo BC offre migliori perfanances (con la sola eccezione del rapporto S/N®Jirispetto al metodo CDA

di Ledalab come mostrato in Figura 1-4.
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Figura 1-4: Ledalab and BC comparison
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DataSet Emozioni - Risultati

ANOVA P-Value F (16,34)
m.s.Ampl. | 944262117 | 53916
AUC 2,226-16" 7,568
M. Spike Freq | 2,226-16'" 7,593
OlAnova=0.05 )

Tabella 1: Risultati di ANOVA a una via

T-Test Bas_HapplList | Bas_HappFocl | Bas_HappFoc2 | Bas_HappFoc3 | Bas_FearlList Bas_FearFocl Bas_FearFoc2 | Bas_FearFoc3
M.S.Ampl. 1,57*10'8(*) 0,0010(*) 0,0317 0,0036 1,9647*10’7(*) 2,84*10’5(*) 6,12*10’5(*) 0,0019
* * * * * *
Auc 1,12¢107 ") 5.3+10%") 0,0229 0,0044 9,2335710% ) | 2,4x10%"") 5,6¥10° ") 8,2+10*""
MFSr:;ke 1,42+10*"") 0,1020 0,2724 01329 | 25032%10"7 | g,0%10%™" 0,0120 00211
T-Test Bas_Ragelist | Bas_RageFocl | Bas_RageFoc2 | Bas_RageFoc Bas_SadList Bas_SadFocl Bas_SadFoc Bas_SadFoc
i 2 3 SadLi Sad SadFoc2 SadFoc3
£1p9(%) £1p6(%) (*) xqpa (%) £1n8(%)
M.S.Ampl. 2,34*10 8,87*10 0,0011 4,6*10 2,9387*10 0,0164 0,0249 0,0445
£qp8(%) £qp6(%) )| | £1n9(%)
AUC 1,38*10 2,03*10 1,1*10 5,97*10 5,7321*10 0,0118 0,028 0,0875
M Spike * * * * *
F r:q 1,47*10'8( ) 9,6*10"‘( ) 1,6*10"‘( ) 5,6*10"‘( ) 8,3476*10’8( ) 0,2111 0,1188 0,1391

*

(*)
OlBonf=0.0013

Tabella 2: Risultati T-Test tra Bl e le rimanenti fasi

La Tabella 1 riporta i risultati del test ANOVA aalvia dove abbiamo evidenziato le significativita.Tabella 2 riporta invece
i risultati dei t-test tral e le rimanenti fasi. Possiamo evidenziare diffeeesignificative tra le fasi dBaselinee Listeningper tutte
le emozioni, dimostrando cosi che lo psicologo perato efficacemente riuscendo a coinvolgere emoténte i soggetti.

La Paura e la Rabbia, ma anche solo parzialmei@la, sono emozioni in grado di attivare il sog@@er un tempo piu lungo
a differenza della Tristezza dove le 3 fasiadiusingnon sono significative. Rabbia, Paura, Gioia et€ézza sono elencate in
guest’ordine da quella piu attivante alla menovattte in termini temporali. Probabilmente la ragiai questo risultato coinvolge
innati istinti di sopravvivenza poiché Paura e Rabal contrario di Tristezza e Gioia, sono emogzidanee a favorire I'adattamento
del soggetto in un ambiente ostile ed infatti ihplice pensieroKocusing di queste emozioni innalza il livello di alledal soggetto
facilitando meccanismi di “Flight or Fight” stretteente connessi alla sopravvivenza. Diversameniatibia e Paura, la Tristezza

tende ad essere meno coinvolgente e persistenseggétto, forse un meccanismo inconscio con Ipasdballontanare nel soggetto
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sensazioni dolorose. La Gioia € piu attivante dEtlatezza, forse per favorire la socializzaziameindividui diversi. Non ci sono

differenze significative tra fasi diisteninge Focusingconfrontate con loro stesse (risultati non mogtrati
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Abstract

2 Abstract

Introduction

Changes in skin conductance signals (SC) were gaabas neurophysiologic arousal measures and esssdf sympathetic
nervous system activity (Wallin, 1981). When

When an outgoing sympathetic nervous burst occessiting from temporal and spatial summation dfeptriggered by
sudormotor nerve, a skin conductance responses)(B®U&v: an increase of thei frequency or amplgadn SC signal is interpreted
as an increase of sympathetic nervous system tydieviel (Lidberg, et al., 1981). The underlyinglemotor signal triggering SCRs
is composed by separate, discrete and temporaily blrsts whereas the resulting SCRs recordedtiarsarface often are not
anymore individually distinguishable due to ovepdiqy problem. Examples of algorithms solving oveplimg problem can be found,
to cite main papers, by (Lim, et al., 1997), (Aledar, et al., 2005), (Benedek, et al., 2010) (WwitHalab software) in which
deconvolution technique is a common tool. Decontimfurelies on the precondition that there existseaeotyped and stable impulse
response function (IRF) thanks to they can estimatierlying bursts in sudomotor signal.

In the present thesis work we described a novehaae(BC) still unpublished developed at MIT (Bostable to solve
overlapping SCRs estimating sudomotor bursts rgingon deconvolution techniques so without anf liRowledge. After
properly tuned up BC algorithm, its performanceglantifying sudomotor burst were compared to Laldaperformances. in
conclusion BC was applied to real SC signals irepotd study the effects of 4 different emotionsd&aFear, Happiness, Sadness) on

35 healthy young subjects.

Materials and Methods

BC Tuning and algorithm comparison — Method

We generated 78 realistic SC signals through agiral model ad hoc for this thesis: this model adwes spike sequences
(simulating sudomotor bursts sequences) with an(lRfaation 1— from (Lim, et al., 1997)). More pissliy, because of a well known
inter and intra subjective variability of IRF (Brég et al., 1993), (Edelberg, et al., 1981), (¥aret al., 1985), each spike was
convolved, for phasic signal component creationngudim equation (Equation 1) but varying from tinbe time the governing
parameters. Figure 2-1 depicts a group of 100.RFs

The tonic (slow varying) and phasic (fast varyipgjt of SC signals were generated separately bitithcanvolution

techniques.
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Impulse Response (IR) - Lim 1997
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Figure 2-1: Group of 100 IRF

The temporal spike occurrences and amplitudéseisequences were respectively generated acgdalan Inverse Gaussian
Distribution (empirically proved to be the best eppmation) and a Gaussian Distribution. In ordemtake the signals more realistic
we added noise (flicker noise). This noise type determined empirically from the mean spectra fidhreal SC signals. We

generated 4 datasets each composed by 78 simslgteads, each one with S/N ratio level of 100, 1¢f, 1C°.

({I]_({I_Tm 1 ).ff'rd)

fs1 =

Equation 1: IRF proposed by Lim

By analyzing the simulated signals with Ledalab B@lwe obtained the spike sequences which at adtdge we compared to
the spike sequences used to generate selfsamegB&lssiln this process we can distinguish threesaepicted in Figure 2-2.
Thanks to them we determined Sensibility (SE) aasitRe Predictive Value (PP) used to generate RO@es for each S/N ratio
level considered. The ROC curves quantify spikect&n performances of both Ledalab and BC alganitiin which coordinates
SE-PP was obtained by changing different parametdt® algorithms: by varying the minimum spikemditade threshold to output

spike sequences for Ledalab whereas varying irtatgarithm parameters (S B,) which determine filters cut-off frequencies for

BC.
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Figure 2-2: True Positive (FP), False Negative (FNynd False Positive (FP)

Figure 2-3 depicts BC ROC curves (more than 1 beehy varying 2 parameters) and Ledalab ROC cunvthé 78 simulated

signals from dataset with S/N ratio levef10

ROC curves S/N ratio 107
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Figure 2-3: (Left) ROC curves from BC for S/N ratiolevel of 16 obtained by varying S, and B,

(Right) ROC curves from Ledalab for S/N ratio levelof di 10° varying minimum spike amplitude threshold.

Black circles indicate best performances for each ®C
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Emotion dataset - Method

SC signals were recorded continuously using Flexctfinity™ encoder (Thought Technology Ltd.; Mogdit, Canada) with a
sampling rate of 2048 Hz, while subjects sittirfgert it was resampled at 256 Hz. SC was recorded tso electrodes placed on
different fingers of a hand (forefinger and ringfar) using the exosomatic method.

It was not allowed for the subjects to drink coffeea or other stimulating substances on the réuprday as well as the day
before in order not to alter the sympathetic syst@normal healthy subjects were voluntarily réedi from the student body of
IULM University of Milan. Students were scheduleddome at the Behavior and Brain Lab for an intamvivere they had to let the
researcher know whether they could recall two reepisodes where they felt each of the 4 targettiem® joy, sadness, rage and
fear. If positive, the researchers asked them talrererbally while a psychologist took notes abailtthe episodes. After the
psychologist chose the most vivid and intense ggisdetween the two, they were scheduled for andegppointment to participate
to the recording session. All the people who cadtirecall a vivid recent episode for each of ther femotions were asked not to
participate in the research. Once subjects cartteedab for the experiment, they were asked tarfith consent form, and sit down.
Then a researcher located all the sensors, ancetiveding started. After baseline(relax) period of 3 minutes, the psychologist
privately with the subject helped him to recall #@sode he/she described in the interview whillsheeis supposed to listen and
focus on the emotiodigtening phase)The duration of each of those is variable dependin the episode evoked. Once subject felt
the emotion, the researcher asked to stay silathttrgnto focus intensely on the emotion without fmgvfor 3 minutes focusing
phasg. After the emotion recall, a rest of 3 minutescpvery time)was provided before re-starting with the next eontiThe
sequence of emotion recalled was randomly assifpredach subject in order not to bias the resdlke recording sessions lasted
approximately from 30 to 50 minutes. On the obtdispikes sequences we calculated mean spike adwlilmean spike frequency
(Number of spikes / s = Hz) and area under “Integra\ctivity Curve (IAC)” curve (AUC) (continuousidex comprising frequency
and amplitude information of spikes) obtained Liglisj a 2 seconds window second by second ovespiiee sequence summing
spike amplitudes within it.

The 3 parameters were obtainedIfstening phasekast minute (ist), for each of the 3 minutes composing theusing phases
(Focl,Foc2andFoc3respectively) and the central minutebaseline(Bl). To investigate whether existed statisticalatiéhces t-
tests were performed betweBhand successiviist, Focl, Foc2, Foc8f each emotion as well as foist , Focl, Foc2, Focand

each one with itself for the four emotions. Becanfsmultiple comparisons are performed, the sigaifice level was corrected with

(
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Bonferroni correction, passing from 0.05(gqnf calculated according to 0.05/n where in our casarpeter n is the number of all

considered comparisons, precisely #konfis 0.0013 which will be considered as new signiiidavel.

Results

BC Tuning and Comparison

We found that maximized performances is obtainedieating, for all S/N levels, the filter governég B,, whereas  should
be 0.1, 0.2, 0.5 or 0.9 respectively for S/N Iswef 1¢, 10, 10°, 10°. Ledalab minimum threshold to be applied to outpike
sequences is 3.60 uS, 6.20 uS, 11 uS, 12.80 usctagy for S/N levels of 191, 1¢, 10°.

The BC algorithm shows better performances (onigeption SE for S/N level £pcompared to CDA method by Ledalab as

depicted in Figure 2-4 where best sensibility aositive predictive values are shown varying S/Nelev

Ledalab vs BC Sensibility Ledalab vs BC Positive Predictive Value

100 T T T I 100 ‘ ‘ ‘ [ Jledalab
| | || L] Ledalab ___ES
N~~~ == == === +-1 Il BC H 90r - e
| | T |
| — || | |
sol-| MM |- - o - - - I
| |
| | :
o-- ---- ----- 70 - -
| | — |
soF-| (M- -1 60| - -
. I | s I
S | | S —
g o M- S 50 - R I
n | | e |
s M- . 40 - - -
| | :
o-- MM---- ‘M- 30 - - -
| | |
20r- (M---1 - 20 - N -
| |
| | :
o--| (MM---- - 10t - - -
| |
| | :
0 I I 0 |
1076 1075 1073
SI/N ratio SIN ratio

Figure 2-4: Ledalab and BC comparison
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Emotion dataset - Results

ANOVA P-Value F (16,34)
m.s.Ampl. | 94426-117 | 53916
AUC 2,226-16" 7,568
M. spike Freq | 2,22¢-16'" 7,593
QAnova=0.05 ¢

Table 2-1: ANOVA results

T-Test Bas_HapplList | Bas_HappFocl | Bas_HappFoc2 | Bas_HappFoc3 | Bas_FearlList Bas_FearFocl Bas_FearFoc2 | Bas_FearFoc3
m.s.Ampl. | 1,57+10°" 0,0010'" 0,0317 0,0036 1,9647¢10" ) | 2,84*10°1") 6,12%10°"" 0,0019
AUC 1121077 | 53¢10") 0,0229 00084 | 92335%10%" | 24%10*"" s56¢10° ") | g2¢10*""
MFf:;ke 1,42¢10° ") 0,1020 0,2724 0,1329 250324107 | 9,0%10%!" 0,0120 0,0211
T-Test Bas_Ragelist | Bas_RageFocl | Bas_RageFoc2 | Bas_RageFoc3 | Bas_SadList Bas_SadFocl Bas_SadFoc2 | Bas_SadFoc3
M.S.Ampl. 2,34*10’9‘*) 8,87*10’6‘*) 0,0011‘*) 4,6*10"‘(*) 2,9387*10’8‘*) 0,0164 0,0249 0,0445
AUC 1,38*10’8‘*) 2,03*10’6‘*) 1,1*10"“*) 5,97*10'5(*) 5,7321*10’9‘*) 0,0118 0,028 0,0875
MFS;:Lke 14771047 | 96*10°" 1,6+10*") 564104 | 83476%10%") 0,2111 0,1188 0,1391

(*)
OlBonf=0.0013

*

Table 2-2: T-Test results Baseline versus all remaininphases

Table 2-2 reports significant differences betweasdine and Listening phases for all emotionst sodemonstrated that the
psychologist’s goal was successfully reached maugatgi involve emotionally the subjects; moreoveroaa observe that Fear, Rage
and only partially Happiness activate the subj@mtéonger time whereas Sadness is not signifil@nany of Focusing phases. Rage,
Fear, Happiness and Sadness, in this order, &&d fism the most activating to least activatingpdon. Probably the reason
involves innate survival instincts since rage agaf fopposed to sadness and happiness are moopaaie to promote subject
adaptation to hostile environment so only focusingnemories involving those feelings increase tedreess level facilitating
survival mechanisms. Only Rage and Fear createra lasting alertness state in the subjects. Sadeeds to be the most short

lasting emotion (being significant only Listeninggse); the subject behave in this way probablytdysychological mechanisms
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Abstract

that aims to avoid painful or stressful memorieappiness is less activating than rage and feambut than sadness: it may be that
this emotion facilitates socialization being usdérlhuman survival as well.

There are no significant difference between Listgrand Focusing phases with themselves (data petrgh

(
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3.The Galvanic Skin Conductance

3 The Galvanic Skin Conductance

Since the 1880s, when psychological factors rel&teelectrodermal phenomena were first observesttreldermal recording
has become one of the most frequently used bidsignapsychophysiology. The main reason for its yapty is the ease of
obtaining a clear and distinct electrodermal respofEDR), the intensity of which seems apparerdlgted to stimulus intensity
and/or its psychological significance. Moreovegotiodermal recording is possible with rather irengive equipment, not only in
the laboratory but also under less controlled dims. Originating in neurology and physiologypibgressively became a tool able
to explore psychophysiological human domain (Boungs2011).

Electrodermal phenomena offers a wide window fer élvaluation of a number of psychiatric disordershsas schizophrenia
(Williams, et al., 2004) hyperactivity and attemtideficit (Hermens, et al.), post traumatic statiserder (Bryant, et al.) and sensory-
autonomic neuropathy (Polo, et al., 2000) and alago the comprehension of brain mechanisms atleeping (Akane, et al.)
decision making (Nasir, et al.), emotional arougahrenberg, 1988), autism (Schoen, et al., JulyteBaber 2008) and so on.
Moreover it has been used to evaluate the reatigrain, central nervous system injuries and perighneuropathies (Gladman, et
al., 1990), (Gutrech, 1994). Despite the widespnesel of it in research and application, electro@macording mechanism is not
still fully understood but the research has intiediin the last four or five decades and scientifapers and reviews concerning EDA
are spread over a wide variety of journals and boblowever, a tradition of joint research is lackin the related disciplines of
anatomy, physiology, physics, and psychology, siatly will be developed in future (Boucsein, 2011)

Since GSR is strongly related to the emotions @swil see), one of the first applications of tteshnique was done in 1936 by
Walter Summer, in the development of methods fac&ption detection”, also called “Lie Detection"owkever, though the use of
electrodermal activity (EDA) as a major variabletle detection of deception is well established, gbssible influence of mental,
physical, physiological and pharmacological factargpairs the generalized acceptation of thisitettie forensic context.

The use of EDA recording in psycho-physiologicaeaa&rch has been mainly considered as a tool todiiiierences among
specific groups of subjects (e.g. control and platiioal). To this aim a widely used stimulation ool is usually a train of punctual
acoustic stimuli of various intensity and frequen8pme studies also use visual stimuli (affectitupe), yet presented for a short
time (few seconds). Nowadays the precise cerebeahanisms involved in skin conductance events @tenst well-known and
understood, but more and more is being discoveyaudans of fMRI (Nagai, et al., 2004) and braimieg patients. Conversely the

knowledge about anatomical, physiological and fiometl phenomena of peripheral body is deeper ang mccurate.
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3.The Galvanic Skin Conductance

3.1 Historical frame

The first experiment that showed a connection betwsweat gland activity and current flow in skinswaerformed in
Switzerland by (Hermann, et al., 1878), who obsgthat an electrical stimulation of the sciaticweemn the curarized cat resulted in
sweat secretion as well as an electric currertténfootpad on the same body side. Three years ldégmann repeated the voluntary
movement experiment performed more than 30 yeatieredy DuBois-Reymond in 1849 and he found thagas with stronger
sweating such as palms and fingers showed greldtecsrrent than other body sites such as the varist elbow regions, and this
pointed to the importance of human sweat glandsléotrodermal phenomena (Neumann, et al., 1970. diiservation that first
related psychological factors to EDA is traditidpahttributed to Vigouroux (1879), an electrothasapvorking in France. He
observed an electrodermal activity that parallaednges in the amount of anesthesia in hysterai#énis and supposed that both
phenomena were dependent upon central processegvielq he did not believe that the sudden chang&DA he observed could
be produced by local processes in the skin ithedtead, he presumed a change in vascular condygctishich was in line with the
developing research on autonomic nervous contrdblobd flow at that time. We can state that thedamental discovery of
electrodermal phenomena is, however, attributedwio researchers who might not have been aware di ether, the French
neurologist (Féré, 1888) and the Russian physistdgiarchanoff, 1889).

Féré observed that hysterical subjects showed ategreurrent flow (measured with galvanometer) leetwtwo electrodes
placed on skin surface when patients were presesmegtional or sensory stimuli. Moreover he notedt thormal subjects in
condition of reduced stimulation, for example bgsihg the eyes, showed a decrease in current ftlovegponding to an increase in
skin resistance. Later soon those phenomena weetethas “psychogalvanic reflex” and later “galvaskin response”. It must be
noted that Féré measured, with his method, therglsistance (SR) signal, that is imposing a fixealscurrent flowing between the
two electrodes on the skin surface and measurimgltzctrical resistance.

One year later, Tarchanoff's (1890) obtained simijalvanometer deflections observing consideratdetrcal potential (SP)
changes between two electrodes on skin surfacewily sensory stimulation, imagination, mental harietic, expectation, and

voluntary muscle contractions. Tarchanoff publishiedobservations in 1889 (just one year after J-éré

Carlo Ceriotti -765531

25

——
| S—



3.The Galvanic Skin Conductance

3.2 Physiology

3.2.1 Skin
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X '- i Meissner's corpuscle
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1 @&; - Reticular layer of dermis
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7 ': Sensory nerve fiber
S Eccrine sweat gland
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Hypodermis
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.
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Figure 3-1: Skin anatomical structure.

(http://courses.washington.edu/bioen327/Labs/Lit_SkStruct_Bensouillah_Ch01.pdf)

We can briefly summarize the skin functions asofoll

1. Helps thermo-regulation: it maintains a constardybtemperature through changing blood flow in thaneous

vascular system and evaporation of sweat from skiface.

2. It protects against mechanical, chemical strestaiogtypes of radiation (UV) and infections.

3. Act as a sensory organ sensing touch by mechargiogseheat by thermoreceptors, pressure by roréeeptors,
and pain by nocireceptors.

4. Prevents loss of moisture.

5. Plays a role in immunological surveillance: it nallm contains all the elements of cellular immunitsth the
exception of B cells

6. Regulates perspiration (by controlling emissiomody fluid by sweating, preventing the body frorgidg out).

7. Regulates blood pressure (by modifying blood vesgelume);
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3.The Galvanic Skin Conductance

8. Wound healing (skin tissue is auto-repairing);

As abovementioned, skin’s function is mainly praitex; forming a physical barrier to the environmeadtowing and limiting
the inward and outward passage of water, elec#slgind various substances while providing proteciigainst micro-organisms,
ultraviolet radiation, toxic agents and mechanicalllts.

Skin is a dynamic organ in a constant state of gbaas cells of the outer layers are continuousédsand replaced by inner
cells moving up to the surface. Although structiyrabnsistent throughout the body, skin varieshickness according to anatomical
site and age of the individual.

As we will discuss later, the EDA signal is caubgdsweat gland activity from specific glands lochiie some areas of the skin.
The secretory part of the sweat glands (see Ch&®ris between dermis and subcutis and theirsdamiss both dermis and
epidermis. Nerves and blood vessels are in theusisband the bigger vessels that supply the sldrnt ghe ramification of small
vessels that supply the sweat glands, the haicled, and the subpapillary capillary nets. The pyiatic vessels form nets in the
dermis and in the subcutis and the main portiotheflymph flows away via subcutaneous lymph ves&tsd as well as interstitial

fluids and the lymph, with their ionic contentsptribute to the relatively high electrical condudy of the inner strata of the skin.

3.3 Sweat glands

An average person has 2.6 million sweat glandseinskin. Sweat glands are distributed over theefitddy, excepts for the
lips, inner ear channels, nipples and externaltgeaigans. The mean numbers of sweat glands peotthe adult skin are: 233 on
the palms, 620 on the soles, 360 on the forehedd 20 on the thighs (Boucsein, 2011). It is inténgsto note that the total number
of sweat glands in the body is always the same) toth to death, thus only the surface densitydmsawith body development. The
palmar sweat glands develop in the fetus betweetthihd and fourth month, whereas those on othdy Isites do not become visible
until the fifth month. It is important to highlighhe two categories of sweat glands: “eccrine” déaand “apocrine” sweat glands.
The classification of apocrine and eccrine was miadethe first time by (Schiefferdecker, 1917) ddisiag different mode of

secretion.

3.3.1 Apocrine sweat glands

In the apocrine sweat glands, part of the secrgtimtess involves breakdown of secretory cells thedliberation of their
contents into the lumen of the gland by means né@obiotic process. They are larger, the ductwloéh empty out into the hair

follicles. They are mainly present in the axillamo-genital region, areolae and are basically utftgnmal control. They become
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3.The Galvanic Skin Conductance

active at puberty, producing an odourless proteih-secretion which, when acted upon by skin b&ctefives out a characteristic
odour. The apocrine glands are of little relevaiocehe electrodermal activity because they onligtiplly react to emotions and stress
stimuli, being overall controlled by environmeninigerature. Only few of them possess an ANS inniemwdthose in the axilla) and
may be partly or even mainly under the controliafudating adrenaline in blood stream (Weiner,let2060). In this thesis work, we
will basically deal with eccrine glands becauseytase more interesting under psychoneulogical dsgéowing fiber innervations

from ANS.

3.3.2 Eccrine sweat glands

Contrarily to the apocrine sweat glands, eccrimads are mainly under psychological and only pértisnder thermal control
(only in condition of higher than normal temperajurThe watery fluid they secrete contains chlqgrldetic acid, fatty acids, urea,
glycoproteins and mucopolysaccharides and thid flpdsses across an intact membrane from secreédlsy ioto the lumen
(Venables, et al., 1973). Being the secretory autcgonductive, the EDA can be recorded.

Eccrine glands are supplied by widely ramified sgathptic sudomotor nerves fibers (Fowles, 1986) with greatest density
being found on the palms, soles, forehead andethst density on the arms, legs and trunk (Kunopl9Bhe eccrine cells on the
palmar, plantar and forehead surfaces are mostbhiad in emotional sweating, meaning an augmest@ating activity correlated
with psychological as well as emotional states Wigippear for instance in stressing situation on higpusal. Generally eccrine sweat
glands respond to orienting responses {O&escribed by (Sokolov, 1960) as a generalizedsal state following unexpected and
novel stimuli. Aversive situations causing aledtes causes sweat glands activation bringing adoumproved grasping ability
(associated with the “flight or fight” reflex (Edmdrg, 1972), making skin flexible for better serysdiscrimination. Sweating reaction

on OR is probably the outcome of a survival evolutinechanism.

! The OR is either elicited by external stimuli (edllspecific OR) or internal mental events (unspedR). Specific stimuli include stimuli that car b
perceived by body sensors (sounds, images, stemstgst pain, temperature and so forth) whereasnaitstimuli include the outcomes from high leveirtex
elaborations such as emotions.
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3.The Galvanic Skin Conductance

3.4 Neurology

3.4.1 Brain areas

All findings concerning the central innervationsafeat glands activity point to several centersated at different levels of the
CNS, and partly independent of one another (Bouc&8i11).

Much of what is known about the origin of electrodal phenomena stems from studying the effectesibhs and stimuli in
animals (mainly monkeys and cats). Yet, in the yastrs also the human brain structures involvedDw have been studied, thanks
to the new non-invasive techniques used in braaging research, like fMRI (Asahina, et al., 20q¥Yjlliams, et al., 2000) or PET.
Tranel (Tranel, et al., 1994) established that adala hippocampus, hypothalamus, brain stem reticgdbstance, premotor cortex
and sympathetic preganglions play an active role fiole of hypothalamus is to control all vegetatfunctions including human
thermoregulation and to play a major role in sudmmactivity. The established influences from thehbic system, especially from
hippocampus and amygdala (Edelberg, 1973) on sutborhgpothalamic areas has been considered astivephysiological basis
for emotional sweating, appearing the limbic systesmhe primarily responsible for emotional lifeeMértheless not only the limbic-
hypothalamic structures can elicit EDA responskssl eortical areas interacting with the limbic gystcan influence EDA in humans
and primates. In fact, it has been proved (Lurial.e 1970) that skin conductance orienting respsrwere diminished, or abolished,
in subjects with lateral frontal lesions as comgangth lesions in other cortical areas. Thus, tBmotional sweating” seems to be
completely under the control of the limbic sysfeand related cortical structures (the amygdalathachippocampus). Their action
controls the hypothalamic area associated to paimaiplantar sweating.

Moreover experimental evidences show that EDA reses are elicited also by movements, deep inspiraind others. Thus,
there are at least other two EDA sources, outdigelimbic system and related cortical areas, widah elicit electrodermal
responses: the premotor-basal ganglia and theulatisystem.

The first is made up of premotor cortical area(Bnann area 6) whose fibers for the transmissicskeletal muscle impulses
are in close connection with sudorisecretory fib#vben these last areas are naturally or elediyisimulated, or removed, massive

sweating is observed.

2 The Limbic System, considered as the center oftiemal phenomena, influences the hypothalamic fongproducing EDA responses when an emotional
stimulus is coming, by means of the excitatory eibitory actions of amygdala and hippocampusyeetively.

In particular, the amygdala, which is a brain dtrue critical for memory associated with emotioahditions, emotional behaviour, social behaviour,
neuroendocrine, and autonomic functions, is thotmptay a key role in emotional sweating.
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3.The Galvanic Skin Conductance

Finally, the “reticular formation” (RF) itself, thds a network of nuclei and fibers in the centrate of the brain, important in
arousing the cortex and maintaining alertnessyratgssing incoming sensory stimulation, and in stifjg spinal reflexes, can have

eliciting as well as modulating influence on EDA.

3.4.2 Periferal innervations

The nervous fibers present in the skin, which imatr sweat glands, belong to the Autonomic Nen®ystem (ANS) which is
composed by two branches: sympathetic and paraghetpa The sweat glands, being in the subcutis,héghly vascularized and
diffusely innervated by a dense net of nerve teatsinboth cholinergic and adrenergic. In particuthe secretion of the apocrine
glands is stimulated by circulating adrenaline, igas innervation of secretory part of the eccriweat glands is solely via the
sympathetic branch of the ANS, which also reachesdermal part. It is well known that for eccrinargls the postganglionic

synapse is cholinergic, having acetylcholine asptin transmitter (Venables, et al., 1973).

The sympathetic fibers gather in the skin nerveitdss of the peripheral nerve. Each skin nerveifées exists a mixture of
sudomotor, cutaneous vasomotor, and pilomotor sefMee activity of sweat glands is triggered bytgasglionic sudomotor fibers.
Each sweat gland is innervated by many differedbswotor fibers (Kennedy, et al., 1994), and eadoswtor fiber innervates a
skin area of about 1.28 émChanges in palmar and plantar skin conductan€d é%e due to outgoing bursts in the postganglion
efferent sympathetic cholinergic fibres, which m@sg to changes in central arousal state (Storai,,e2000).

It has been found that sweat glands receive ontjtarry sympathetic nerve impulses and there isx@ed to assume the
existence of a sweat-inhibiting innervation, simt@absence of sudorisecretory impulses the sweairize so quickly that additional

sweat inhibition would not reduce the amount of anggnificantly (Boucsein, 2011).

A regional specificity in the innervation of sweglands also exists, since, for example, the meshamif thermoregulation,
emotional sweating (most important in electrodermaakarch), or other physiological sweating, aiitediifferent from each other. In
fact, for example, the thermoregulatory functiortted eccrine sweat glands is normally seen ondteh&ad or axilla, but at palmar
and plantar sites the glands are activated onlynvthe ambient temperature exceeds 30°C. On theazgnthese sweat glands show
a greater response only to psychic stimuli (ematigain and others, which are mediated by ceralmadtures involved in emotional
processing), or particular physiological stimuliqdwements, deep breathing, etc...). Thus, the ecglaneds in all locations do have
the capacity to respond to psychic and thermaludéition, but there are differences in the thresholdresponse: glands of palms and
soles respond to psychic stimuli, but intense tlatimulation is needed to elicit the sweatinghiese areas; glands in the axilla and
forehead occupy an intermediate position, in thaytrespond to moderate levels of both psychicthednal stimulation, while those
of the remaining areas are exclusively thermordagnjgVenables, et al., 1973).
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3.4.3 Sweat Secretion Mechanism
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Figure 3-2: sweat expulsion mechanism and

its relation with skin conductance (SC) signal

According to Edelberg 1993, Figure 3-2 shows thgusace of events occurring in a sweat gland epidieduct during an

eletrodermal response

1)

2)

3)

4)

At the start of the response, if the superficigklaof the corneum is well hydrated, the sweat por the distal portion of the
sweat duct are closed under the effect of the pressxerted by the surrounding corneum (about 20g)mmhus, the
conductance is not increasing.

If sweat fills the duct, both laterally and axiallymore conductive path through the relativelystaat corneum (made of dry

died cells) is provided, causing a slight increassonductance.

If the secretion rate is strong enough, it may ggtieean intraductal pressure greater than theetipsessure of 20 mmHg of
the corneum. In that case there will be an opeaoiripe duct and sweat pore, which become filledwéat. As the terminal
portion of the duct opens, the conductance increaéde augmented. Sweat will be forced out thrdodhe sweat pore but
will also continue to move laterally into the coune as well. The increasing hydration (laterallythie corneum and axially
through the duct) is the leading factor that cdmities to the fast rise of conductance and is s@gptisbe responsible of the

“phasic components” of electrodermal signal.

As sweat leaves the ducts, unless secretory ratkezsp up with the loss volume, intraductal pressuill fall down. If it falls
below the external tissue pressure, the pore antetiminal duct will again collapse, causing addpll of conductance along

with sweat evaporation.

(Ogawa, et al., 1993) and (Nicolaidis, et al., J)9ak2served in their experiment that sweat flow bgrime sweat glands in not

continuous but pulsatile, that is rhythmically sted. According to (Ogawa, et al., 1993), pulsadiischarge of sweat can be
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interpreted in two ways: sweat may be squeezedyueans of rhythmic contraction of myoepitheliall€ (muscular cells around
the sweat glands), or secretory cells may produeasin a pulsatile manner, or both processes reyraconcomitantly. It has been
demonstrated (Hurley, et al., 1960) that myoepighelontraction is involved in discharge of sweaatlie apocrine glands. However
the function of the myoepithelium in eccrine swegthas not been unanimously understood, thougimthst classical is pulsatile
ejection of sweat by its contraction as in the ajpecglands (Rothman, 1954), (Nicolaidis, et &8872), (Ogawa, et al., 1993).

Figure 3-3 shows the hypothetical localization giopithelial cells responsible of pulsatile disg&(Nicolaidis, et al., 1972)).

Figure 3-3: Schematic presentation of spiral chainef myoepithelial elements(CME)extending along
gland (Ac) from nerve endings (FN) to the tube (Tand its pore (P). Arrows indicate hypothesized

direction of propagation of released transmitter béore salutatory transmission (Nicolaidis, et al., 272).

(Nicolaidis, et al., 1972), with hygrophotographécordings obtained the demonstration of a higiyfency (12-21 cycles/s)
pulsatile expulsion of sweat to the cutaneous sarfay each eccrine unit. Parallel to this individelgpulsion mechanism there is
evidence of synchronous fluctuations or waves ofaasing-decreasing overall sweat excretion wigei@od approximating 11-13
seconds in most of the glands observed. In ordexpain the pulsatory individual discharge, theggested the following model:
the transmitter is released by the free endingth@fsudomotor nerve into the periglandular spackiatriggers in a “saltatory”
manner the contraction of the myoepithelial caltanged regularly along the length of the chalme Time of propagation between
two consecutive elements of the spiral is betwe&ns@c and 0.05 sec, as the hygrophotographicdiagsr showed in the form of
excretory pulsations. Rhythmic contractions of thgoepithelia, surrounding not only the secretory &lso the ductal part of the
sweat gland like a helix, finally are regardedtesgource of the pulse (Nicolaidis, et al., 1972).

Contrarily, according to (Sato, 1977) sweat campbserved rising and falling in a micropipette broumto the lumen at a
frequency of 0.5-2 Hz during low sweating rates.féllowed (Kuno, 1956) in arguing that this phenome should be due to neural
stimulation rather than to myoepithelial contraatiblowever, the nature of an appropriate innervatemains unclear (Boucsein,

2011) and nowadays the real mechanism is not caetplenderstood yet.
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3.4.4 Sudomotor nerve bursts

Probably the most common reason for assessing &olstain an indicator of phasic sympathetic distigi.e. sudomotor nerve
activity SMNA). Changes in palmar and plantar skonductance (SC) are due to outgoing bursts inpthetganglion efferent
sympathetic cholinergic fibres, which respond taraes according to central arousal state (Storma).eR000). Human eccrine
glands are innervated by postganglionic cholinefiders and the sympathetic fibers gather in thim sierve fascicles of the
peripheral nerve. (Ogawa, et al., 1993) insertedi@oelectrod®into the fascicle so recording directly the newretivity of these
fibers. Since a mixture of sudomotor, cutaneousowedor and pilomotor nerve activities is usuallytashed from a specified
intrafascicular site where a microelectrode is heldlomotor, vasomotor, and pilomotor fibers anesatered to be intermingled in
the fascicle. The authors found that in generah sifimpathetic nerve activity consists of multi-ubitrsts containing sudomotor,
vasomotor (vasoconstrictor) and pilomotor impuls€éhese bursts occur spontaneously or in responseatousal or mental
stimulation with various amplitude and duration.

In literature a number of physiological studieséahown that SCR responses are preceded by disenestis of the sudomotor
nerves that control the sweat glands (Macefield).etL996) , (Nishiyama, et al., 2001).. (Benedslal., 2010) identify a nerve burst
as the outcome of the temporal concurrence in itivegfof multiple fibers in the integrated nervecoed and it corresponds to an
observable SCR. Thereby, the nerve bursts are ahees of the sweat responses and are the restiie cfpatial and temporal
integration of the spikes triggered by many différbers that constitutes the sudomotor nerve. §fiike density (as reflected by the
amplitude of the nerve burst in the integrated eaecord) is linearly related to the number of uded sweat glands and to the
amplitude of the corresponding SCR. These burste hamean duration of 638 ms, much shorter thardtination of the SCR. In
addition, the large bursts that produce an SCResmgorally discrete episodes, that is, they ararseéed by large intervals relative to
the duration of the bursts themselves (Nishiyanaal.e 2001). The SCR amplitude can therefore besidered as an index of
sympathetic activity. The integrated SMNA (Sudomaterve Activity) thus is conceived as a continusnsasure reflecting the
spike density of relevant sudomotor neurons andfeasd to show a stable baseline activity with guibmpact peaks of increased

activity (see Figure 3-4) .

% This technique is called “Microneurography”
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Figure 3-4: Sweating pattern on the dorsal foot andéhtegrated neurogram of skin sympathetic nerve actity (SSA) in the peroneal nerve obtained in
mild thermal condition. (A) spontaneous sweating (B) sweating evoked by a loud noise. (C) sweatingaked by electrical painful stimulation of the skin You
may notice that sweat expulsions ( the onset of vdfi are indicated by numerals 1-10), are always preded by sympathetic bursts, which are shown by the

same numerals.

SC is thought to basically reflect SMNA to someeext but the original signal properties of SMNA &tarred, presumably
amongst other things by the influence of slow swdifitision processes. Therefore SC no longer shdistinct peaks of phasic
activity, but rather is characterized by the suppnsition of extended responses, which eventualippdicates the assessment of
responses (Boucsein, 1992).

The opening of sweat-gland follows in lockstep bese bursts of sudomotor activity (Nishiyama, et 2001). The SCR
response is delayed in respect the sudomotor lmdtthis depends on a number of factors, includireg slow conduction of
unmyelinated axons, neuroeffector transmissionyat@dn of sweat glands, production of sweat andtdilling (Kunimoto, et al.,
1991) (Macefield, et al., 1996). The average time dlectrical neuroeffector transfer in sweat gkl estimated to be 348 ms
(Kunimoto, et al., 1991). This latency is comprigddielays in sweat gland activation and sweat petdn. Individual sweat glands

responding to a sudomotor burst do not operate I&meously, but vary in activation times within ange of about a second
(Nishiyama, et al., 2001).
Integrated sudomotor nerve signal

Lok

M

Skin conductance 1second ™

Figure 3-5: Relationship between sudomotor nerve @nal and skin conductance signal. Discrete spikes nerve activity are followed by

slower time-constant changes in the skin conductaacsignal (Macefield, et al., 1996).
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Sudomotor nerve activity brings about sweat semmetind consequently changes in skin conductivitynhthematical terms,
sudomotor nerve activity can be considered as\eidgomposed by a sequence of mostly distinct isgsuli.e. sudomotor nerve

burst) which trigger a specific impulse responsep(ilse Response Function [IRF]). The process carfresented as:

SCphasic - Driverphasjc B IRF

H(f) % IR

Impulse

Figure 3-6: An ideal impulse (Dirac Delta) causesralmpulse Response Function (IRF)
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Figure 3-7: Quantitative neuro-effector relationshp. Each parameter of (A) the rate of rise of sweatgulsion, (B) the amplitude of

sweat expulsion, and (C) the sweat output producday the expulsive process is plotted to the amplitieof sudomotor burst.

A gquantitative relation between sweat expulsiors e corresponding sudomotor bursts has also #eglized by (Ogawa, et

al., 1993). They found that the mean voltage ammitof a sudomotor burst (an indicator of inteneityhe burst) is linearly related
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to the rate of rise (Rise time) of the correspogdineat expulsion, to its amplitude (Response auad) or to the sweat output (area
under the curve) produced by the expulsive prooebgn sweat rate is moderate or mild and the fusibeweat expulsions is
minimum. The exact origin of burst discharge of@udtor drive has not been identified yet. (Wangi4)Ssuggested that the central

mechanism of synchronizing sweat expulsions orsdattpads is situated in the striopallidum.

3.5 EDA elicitation

Although the major function of sweating is the riadion of the body temperature, it is well knowmtlsweating on the palms
of hands and feet is independent of the ambienpéeature (under neutral condition), and is elicitgdemotional (fear, pleasure,
agitation), physiological (inspiration, tactilerstilations, movements) and stressful (mental ex@sgistimuli.

(Ogawa, et al., 1993) claims that the frequencgweéat expulsion () in thermal equilibrium is a linear function of hmant
temperature (Ta)Figure 3-84Hs also highly correlated with mean body tempeamtwhen the latter is appropriately estimated as

combination of core temperature and mean skin temyes. It is therefore considered tha}, Feflects sudomotor neural activity

derived from the central thermoregulatory mechanism

Subj. 1 Subj. 2

[
=]

Sweat expulsions, min~1 h
en

1 1 ' L L1
20 a0 41

Ta, °¢
Figure 3-8: Plots of frequency of synchronous sweaixpulsion (F;,) of spontaneous sweating (solid symbols)

and of pilocarpine-induced local sweating (open sybwols) against ambient temperature T.

For a deeper knowledge about the relation betweemmal sweating and temperature may read the vértde (Ogawa, et al.,
1993) where the authors claims more quantitative amalytic relations about variables. Finallyjsitclear the thermoregulation
function of sweating because the more the temperaises, the more the frequency and thus the amofusweat augment,
attempting to cool the body by evaporation mechanBesides the thermal sweating described in tbeigus section, (Schliack, et
al., 1979) gave evidence for an additional fivedsirof sweating which are classified according ® stimuli eliciting themEvery
type uses the postganglionic sympathetic neurorghalias its origin in the sympathetic trunk andiéla via the peripheral cutaneous

nerve to the sweat gland as a final common terngiatd. However, their mechanisms of CNS elicitatidfer in part.
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3.The Galvanic Skin Conductance

“Emotional sweating” means increased sweat glatidigcas a concomitant of psychological and, esc emotional states
which appear, for example, in high arousal or urslesss. It is likely to be elicited via hypothalarfiimbic connections. Emotional
sweating is observed mainly on palmar and plarites ®ut also in the axillary and genital regiok&ll{ngton, et al., 1983), as well
as on the forehead (Schliack, et al., 1979). Howe{Alen, et al., 1973) reported increased sweptih other body sites during
emotional strain induced by arithmetic exercisdgeylobserved the amount of sweating as being dirpodportional to the number
of sweat glands per region, thus indicating noaeai differences in emotional sweating. (Shieldsale 1987) also considered the
possibility of the specific reactivity of palmardiplantar sweating to psychological stimulationbaing dependent on the greater
sweat gland density on these sites. Thus, thefapeale of palms and soles in emotional sweatiegains to be considered further
(Boucsein, 2011).

“Gustatory sweating” appears when food is consumbith is especially sour, highly salted, or spidhere are marked
interindividual differences with respect to theesitncluded. Gustatory sweating mainly appearseridace (e.g., on the forehead and
the upper lip (Schliack, et al., 1979)) and onvliegs or the top of the nose. Its intensity canrti@ting without being pathological.
However, pathological gustatory sweating may appéar sympathetic nerve lesions. The sweatingomesp can also be elicited in
the absence of gustatory stimuli — it does not erefuire intact gustatory sensation — via chewind alfactory as well as
psychological stimulation (Boucsein, 2011).

During resting conditions (relax), “ubiquitous spmmeous sweating” can be observed on plantar andapaites maybe as an
expression of a resting tonus (Schliack, et al79)3omparable to the resting muscle tonus of moitts whereas (Janig, et al.,
1983) could not find spontaneous sweat gland agtiat least at temperatures below the thermorégwylaeutral zone. (Nicolaidis,
et al., 1972) reported an empirical observation alestrating fast sweat discharge on forehead wijuiencies up to 21 Hz. However
the existence of such a resting tonus dischargeairemdebatable and the problem still remains umesbl{Boucsein, 2011).
Ubiquitous spontaneous sweating can be observegabmar and plantar sites, even by a simple magmfglass. Even in mild
thermal environment, where thermal sweating is ratbisea resting man, sweat expulsion are recognized record of drug induced
localized sweating, though low in frequency and kiombe, and are synchronous among different skéasi(Ogawa, et al., 1993).

“Reflex sweating” is an expression that describe@sad gland activity at sites which are innervatexif spinal cord segments
distal to the locus of certain damage (e.g., pagp). The expression is also used for a confihecal sweating following
stimulation of an area with radiation, heat, nequllectures, or electricity. It is assumed to be iated through the so-called axon
reflexes.

Pharmacologically produced sweating is a local $\weeretion elicited through either subcutaneoustoacutaneous injection,

as well as through iontophoresis with cholinergibstances (e.g., nicotine or pilocarpine).
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3.The Galvanic Skin Conductance

There is also a special mechanism of sweating whindterlies the so-called cold sweat. Startle resp®rand other strong
emotionally tinted responses, as well as deep tirgpaind coughs — all situations associated wihdxden elicitation of adrenaline —
also lead to sweat secretion. Free circulatingradirge, however, acts in a vasoconstrictory masimailar to a cold stimulus. At the
same time, sweat secretion may be activated viathgtamic centers. Both responses result in coldaswwhich seems to be

paradoxical with respect to thermoregulation.

3.6 GSR signal

The terms Galvanic Skin Response (GSR) or ElectrodeActivity (EDA) refer to the time changes o&tklectrical properties
of the skin, occurring under various stimulatingiditions or not. With this we mean changes inowasielectrical properties like
conductance (SC), resistance (SR), potentials (BRedance (SZ), admittance (SY). These changedeavbserved in different
parts of the body, although, the most interestimgsooccur in the volar part of the hands and padmd,are due almost exclusively to
variations in the ionic content of the various slagers, depending upon the amount of sweat, andehapon the sweat glands
activity. From the analysis of the time changethefskin’s electrical properties, direct informatimay be obtained on the activity of
the autonomic nervous systems (ANS). In fact, thelessecretory part of the exocrine sweat glamisduding the myoepitelial layer
that surrounds the sweat duct in the dermis, isptet@ly innervated by the sympathetic branch of ANS (with acetylcholine as a
synaptic transmitter).

The terms used to describe EDA have changed oeeydhrs; as a matter of fact the term used atumedf the nineteenth
century was "psychogalvanic reflex" but later thent "galvanic skin response” was used. Nowadays pgyshophysiologists favor
the term electrodermal activity (Boucsein, 201h)1967 a proposal for EDA terminology standard@atnade by a commission of
the Society of Psychophysiological Research had hmélished (Brown, 1967) which is now generallyceuted. (Table 3-1)

(Boucsein, 2011).
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3.The Galvanic Skin Conductance

Methods of recording Endosomatic ~ Exosomatic

Applied current Direct current Alternating current

Skin Skin Skin Skin Skin
Units potential resistance conductance impedence  admittance
Abbreviations
In general SP SR sC SZ SY
Tonic (level) SPL SRL SCL SZL SYL
Phasic (response) SPR SRR SCR SZR SYR
Supplementary abbreviations
nonspecific response ~ NS.SPR NS.SRR NS.SCR NS.SZR NS.SYR
frequency SPR freq. SRR freq. SCR freq. SZR freq. SYR freq.
amplitude SPR amp. SRR amp.  SCR amp. SZR amp.  SYR amp.
latency SPR lat. SRR lat. SCR lat. SZR lat. SYR lat.
rise time SPR ris.t. SRR ris.L. SCR ris.t. SZR ris.t. SYR ris.L.
Recovery time
63% recovery SPR rec.tc SRR rec.tc  SCRrec.tc SZR rectc  SYRrec.tc
50% recovery SPRrec.t/2  SRRrec.t/2 SCRrec.t/2 SZRrect/2 SYRrect/2

Table 3-1: EDA complete terminology (Boucsein, 2011)

The electrical activity of the gk can be measured in two waFirst, a small current can be passed through the skin &o
external source between two electrodesl the resistance to the passage of cuiis then measure This is called exosomatic
recording. Methods of exosomatic recording apply either d current (DC) or alternating current (AC) to therskin DC
measurement, if voltage i®ft constant, EDA is recorded directly in skin cactdnce (SC) units, wh skin resistance (SR) units are
obtained when current is kept constdrtte exosomatic meth has been modified today into the measurement of adnductanc
(SC), the reciprocal of skin resistan€n the other han endosomatic method is still usedn®asure skin potential (SP), but s
conductance recording is mainly used todgymost researche

The study of “skin conductance” has some advantagesompared with other rameters, like skin resistance or potential.
example, Thomas and Korr, in 1957, obtained anngéisdlg linear relationship between the number ctivee sweat glands peunit
area and the measures of skin conductg§ibemas, et al., 195. Moreover, skin conductance is simpler to measund, shows
simpler time course, as compared with skin potértiafact, the SC can be recorded with just twtvacelectrodes on trsurface of
two fingers, whereas SP measurementgirne® electrodes inserted into the skin, and mayashultiphasic time cours, often
difficult to interpret (Boucsein, 2011).

In this thesis work we will focus only on skin carmdance
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3.The Galvanic Skin Conductance

3.6.1

As

Distal phalanx
Medial phalanx
Proximal phalanx

Thenar eminence

Figure 3-9: Preferred palmar recording areas for ewsomatic EDA recording (Boucsein, 2011)

Tonic and Phasic

a general feature, GSR signal (both SR and S@pnstituted by two different (and quasi-indepetdsuperimposing

components: a slowly habituating measure of aroas@ity (SCL or skin conductance level) calledriic component”, and a fast

varying component (skin conductance response S@mRdc“phasic component”. The two components ogtgnat the peripheral

level, but are directly mediated by the centralvoas system (CNS) and hence drive different infdioma In fact, the tonic

component is supposed to be related to the braad & brain activation, (“arousal”) and the projes of the skin(e.g. factors such

as degree of moisture in the stratum corneum, mamebpermeability etc) (Storm, et al., 2000), whetba phasic component, small

waves S

uperimposed to the tonic part showing gdtedine to the peak and a slow decline to theslas, may reflect stimulus-

specific responses or non-specific responses. $ALSER are also assumed to be linked together g smn-linear interactions at

the peripheral level.
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Figure 3-10: Skin conductance signal example
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3.The Galvanic Skin Conductance

In literature (Ishchenko, et al., 1989) affirmedittthe signal of the tonic and phasic componergsnat periodic, their spectra
are continuous and overlap[...]. The bulk of the gyesf the tonic component of the signal is in theqtiency band from 0 Hz to
0.05 Hz, and the energy of the phasic componeint tae band from 0.05 Hz to 1-2 Hz (Butkevich, &t 4978)". According to
(Boucsein, 1992), the signal consists of two conembst a tonic one that represents a low frequeasglme (0-0.05 Hz), and a fast
changing phasic component (0.05 Hz-1.5 Hz) supegas the tonic part. It is common in literaturefited that beyond 3 Hz

maximum there is no useful SC signal.

3.6.2 SCR - Specific and non-specific responses

The term SCR (EDR or electrodermal response inrgdnis usually associated with an evident chamgeDA signal as a result
of a stimulation (called specific or elicited resges) but there are often phasic parts of EDA wharmot be traced to any specific
stimulation. The SCRs are the most commonly usedsare of orienting responses (OR) (Graham, 197)netl by (Sokolov,
1960) as a generalized arousal state followingrexpected stimulus. The OR emitted by stimuli abed specific SCRs, whereas
the OR induced as a consequence of internal orahements are called non-specific SCRs and theayictivity is 1-3 events/min
when the subject is at rest (Dawson, et al., 206dBnce, they are called “spontaneous” or “nonsmécEDRs which are

characterized by the prefix “NS” (e.g., NS.SCRdedias an abbreviation for nonspecific skin coraha response).

3.6.3 Phasic SC parameters

Skin conductance parameters which can be founiteiraiure are more or less standardized (LykkemLL9SCR responses can

be broken down in to a number of component measGOneset Time, Rise Time, Amplitude, Recovery TilRecovery Half Time.

uS 4
or
ka Ft
50%, amp.
# 63% amp
EDR amp. l
Su— - - EDA
EDR lat. | EDRris.t.; EDR rec.t/2
? lr EDR rec.tc
response peak
response onset -
stimulus Usec]
_4}

stimulus onset

Figure 3-11: Typical skin conductance response (SCRurve
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3.The Galvanic Skin Conductance

3.6.3.1 Amplitude

The amplitude parameter (EDR.amp) it is the moshroon parameter to describe en electrodermal respdifee amplitude
assessment should be done fixing a minimum amgithdeshold (such as to discard unnecessary infamrmae.noise) as well as
deciding a criterion to manage supersimposed dii3@s (Boucsein, 1992). A common minimum responspliaude used in SCR
research is 0.0pS (Dawson, et al., 2001).

As it is possible to notice from Figure 3-11, thmpditude is defined as difference between the cotahce values during
latency time and the maximum peak. Neverthelessethiluation might not be easy in case of supersingcEDRS. This situation is
often encountered in subjects showing high levedrofisal (stressed, anxious...). It is possible &eole that the distortion grade of
the second response in case of superimpositionndspen the grade of proximity with the previouspasse (Grings, et al., 1969).

(Boucsein, 2011).

EDR type 2, evaluation method A EDR type 3, evaluation method C

EDR type 2, evaluation method B EDR type 3, evaluation method B

Figure 3-12: Different proposed methods for calculing superimposed SCRs (Boucsein, 2011)

In case of superimposition, literature propose samiria (Figure 3-12): with “EDR type 2, evaluaii method A” the
amplitude of the second response is obtained miegstine vertical distance from the peak of the sdoe@sponse to the extrapolated
line drawn starting from the decay of the previoeisponse. “EDR type 2, evaluation method B” iseya& calculate and it is the
most common in literature (the amplitude of theoselcpeak is obtained as vertical distance from rsg¢qeak value to the previous
trough). (Edelberg, 1967) was able to demonstfaethis leads to correct results in most of theasions. However the amplitude
assessment is more problematic in those caseseanigtit side. In “EDR type 3, evaluation methodt@2 first response is ignored
whereas in “EDR type 3, evaluation method B” nce (thatter recommended in (Edelberg, 1967)). Lategythave been developed

more sophisticated computer based methods to gemangerimposed responses whom we will discuss late
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3.The Galvanic Skin Conductance

3.6.3.2 Latency time

The latency time is the time necessary for theaigm start the deflection. EDRs show long latetimes if compared with the
ones of other biosignals, for example evoked p@kEn{ERP) or HR variations. The latencies in assmatic recording range
normally from 1 to 2 seconds (Boucsein, 2011). Tdmperature alter the latency time, in fact (Edejp&967) reported a latency
time of 5 seconds recorded in environment belownrademperature: the temperature should always berded if different
experiments should have been compared, becaudatéiney time depends on the acetylcholine tranafiort speed, depending on
the temperature. After a stimulus delivered to lgjestt, the most common value of the expected Igt¢éinee found in literature is 1
to 4-5 seconds, with an average time of 2.3 sectwetlseen the instant of the stimulus presentatibrthe peak of the phasic
response.

A further problem in calculating latency time isedto the impossibility to obtain an accurate ant amabiguous onset time

(time instant of the response beginning). In thisecit is common calculating the derivative in otdedentify it (Boucsein, 2011).

3.6.3.3 Recovery Time

Often it is difficult to determine the exact instanf time where the electrodermal response endssitmptotic descend, and also
usually there’s a tonic activity varying during ttesponse not permitting the response to reacprsimulus value. Thereby, such
as to determine the recovery time, (Darrow, 1938duthe half-life time used with radioactive matki it is defined as the time
taken by these materials to half their mass. Imdla way, Darrow expressed the “Half-life timeMI(T) as the time necessary for
the electrodermal response to reach 50% of the@nsspamplitude (EDR.amp). Similarly, it is defirE@R Rec.tc the time to reach
63% of EDR.amp.

It is not always possible to measure HLT or Retérause a second EDR may occur before the firshydeenough
(superimposition). In this cases, (Fletcher, et #82) proposed to use HLT/2, because they regatcorrelation of about 90%
between log(Rec.tc) and log(Rec.tc/2). This wayytheanaged to rise the percentage of skin conduetaesponses of 23%.
However, nowadays it must still be demonstratetl tthese recovery time evaluation techniques ofdrapid superimposed responses
provide valid, reliable and homogeneous informatiéh least it is advisable to make sure that thdivillual response shapes,
superimposed, correspond to individual responspeshaot superimposed; this could be obtained witecarding period without
superimpositions. (Boucsein, 2011). Mathematicltgms with the aim to solve superimposition calsage been proposed recently,

mainly based on deconvolution techniques.
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3.7 SCR Mathematical models

SCR 4

....... o112 SCR amp.

1

13— 44— o
: ' t [sec]

surge impulse
1.4 sec

Figure 3-13: SCR modeled using 3 exponential functis

Figure 3-13 depicts a SCR reconstructed using ®rexqtial functions, one for the rising patt< 0.1 sec) and two for the
descending partt{ = 0.2 sec and,=6 sec); the simulated curve shows Rec.t/2 of 4el and Rec.t.c. of 1.8 seconds, values
representing a good approximation of a real cuiizdelberg, 1971) reported a range of values of I5tgseconds, with mean values
between 4 sec and 6 sec for the time constanteaféscending traits.

More sophisticated models were proposed by (HWit,7), who developed a curve equation based on isupesed gaussian
distributions fitting the typical curve, and by (®eider, 1987), who fitted the real skin conductanesponse curve with a three
compartments model capable to describe the phygioglerties of sweat ducts, the behavior of thev@eghembrane on sweat duct
walls and corneal hydration. He also showed hoypiacal EDR could be described considering a tridangimpulse and as impulse
response the sum of two exponentials with time toms of 2 and 20 seconds.

(Ahlberg, et al., 1967), instead, proposed the iti@a an alternative way to describe an EDR wasguai cubic spline passing
through the onset instant time, the peak valueti@dest of descending available points.

Although many mathematical models have been prahdee the practical goal of this thesis, we foous attention only on

certain models we are going to describe below.

(Lim, et al., 1997) proposed in their paper a maafeBCR based on 4 parameters controlling evergcispf the curve. The

equation is

7(("7Tu~.l)f‘"'d)

_ 81
M 0 To) /) 3

Equation 3-1: Lim’s equation
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3.The Galvanic Skin Conductance

Where where grgain, Toe=response onset time,=Fise time constant and;Fdecay time constant.

The equation is composed combining two functiora th a sigmoid function (describing the risingtpand an exponential
decay function for the decay part: the result $gganoid-exponential function modeled with 4 param&t They reports in (Lim, et al.,
1997) the mean values of parameters (Table 3-2).

Skin conductance parameters and comparison of peak measurements (n = 60)

Variables Mean SD
Parameters

ag ( uS) 0.32 0.37
£ 3.69 391
14 (s) 2.98 213
i, (s) 1.59 (L.68
T, (8) 1.51 0.37
o { pS) 8.87 219
SCR peak latency (s)

fitted 4132 1.13
standard 3.99¢ 0.10
SCR peak amplitude ( u3)

fitted 0.46° 0.38
standard 0.39° 0.32

*Paired ¢-test, P < 0.0001
bPaired r-test, P < 0.00001

Table 3-2: Mean parameters (Lim, et al., 1997)

Lim(1997)
0.18 ‘

0 I I I I I i w I
0 2 4 6 8 10 12 14 16 18 20

Time (s)

Figure 3-14: Lim’s IRf

The model proposed by (Alexander, et al., 200%aised on a bi-exponential function. This equatias heen previously used

to model the effects of individual nerve impulsas synaptic activation of the neuronal membrane
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The larger time-constant (taken to 4 describes the decaying tails of the SCRs, witilstshorter time-constaniif governs

the rise time in response to a peak in the driver.

y(t) = ¢ Wre) — = /m)

Equation 2: Alexander function

Alexander 2005

0.4 T
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<

0.1 -

0 | | | I | | | |
0 2 4 6 8 10 12 14 16 18 20
Time (])

Figure 3-15: Alexander IR function
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4 Algorithms

Spontaneous and elicited changes in skin conduetaigmals have been proposed as a measure of hgsmpgic arousal
followed by activity in the sympathetic nervousteys (Wallin, 1981) so as an indicator of sympathatitivity. These physiological
changes in SC can provide an objective methodvaluating a person’s state of arousal and will lefect covert changes that may
escape subjective evaluation or direct observdtarm, et al., 2000). When an outgoing sympathativous burst occurs, a wave
of skin conductance will follow so during spontaneckin conductance changes, increased numbeegand (and amplitude) of the
waves is interpreted as increased activity in thmepathetic nervous system (Lidberg, et al., 1988asuring parameters relative to
SCRs with CTTP method creates problem when SCRdapyea problem that becomes endemic in experimeatadigms that use
short inter stimulus intervals. Short ISI paradigsisch as those usually employed in cognitive mesea@onfound measurement of
each discrete phasic SCR. The overlapping SCRadintes distorsions into all SCRs measured distpdmplitude and locations.
The least affected is response frequency (Dawsgal, €001), but even this can be distorted ifierally near-contiguous SCRs are
scored as a single event. We describe the methdidsriature and a novel algorithm to assess tdemswtor bursts triggered by ANS
causing SC responses that permit to solve overiggmioblems.

As we will see with (Alexander, et al., 2005), (BeBk, et al., 2010a), (Benedek, et al., 2010) dw@volution technique is a
common tool. Deconvolution relies on the preconditihat there exists a stable impulse responsgi@um@RF): if the IRF shows a
too slow recovery process the driver (burst agtisignal) may become negative for some SCRs aregjative driver cannot be
interpreted in terms of sudomotor activity. On dtleer hand, if the recovery process of IRF is chdee fast, the deconvolution
analysis results in less compact impulses in theedfunction.

It can be easily be shown that deviations of thed&ta from a model IRF result in implausible drivesponses (Benedek, et al.,

2010).

4.1 Classic trough to peak method (CTTP)

The algorithm was designed for analyzing spontaseand external elicited SC changes for infants adhdts (Storm, et al.,
2000). It calculates the number and mean amplitddbe waves as well as the mean basal leveldrSth signal analyzed by means
of detecting the characteristics of SC fluctuatiGwaves). The program analysis was carried outgugimumber of different values

for the minimum amplitude, maximum slope and mimmwidth of the spontaneous waves for infants andtsdand the results
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were compared with those obtained with manual dogrif the waves. The program was used also tmpar€oherent averaging of
repeated elicited SC changes, assessing the latiemeyresponse amplitude and recovery time oftiean elicited skin conductance

response.

4.1.1 Method

The program records and counts the number of waegesecond by defining the valleys and peaks ataileées the mean
waves amplitudes as well as the mean basal levbkirstudied period of the spontaneous skin coadget activity. The valley and
peaks were established when the derivative of ieewvas zero (Storm, et al., 2000). This is thetrmtsitive and simple way to
assess amplitude, as we can find for example in¢Bein, 1992) and (Edelberg, 1967).

The amplitude of waves is here calculated frombibgtom of the valley prior to the peak to the heighthe peak (Storm, et al.,
2000). The slope of an SCR is defined as the medande valley to the peak / time to reach peak Width of the wave defines the
number of measured data points following direcftgraa valley. Broad widths can reduce the appasemtlitude of peaks and alter
the apparent location. The program is based origamitam that fits a quadratic polynomial to seqtigngroups of data points. The
number of data points used in the width is spettifiy width. For each peak or valley, the quadréitiavas tested against the
threshold level: peaks with heights below threshmid/alleys with troughs above threshold are igdof®torm, et al., 2000). The
amplitude and width threshold are set in orderliimieate eventual noise influences, the slopedhotd to eliminate noise from
electrode slipping. For external elicited skin cocidince changes, the program can perform a coh&verdging in order to calculate
the reaction in time (for example to a medicineviting mean amplitude, mean latency time and nneaovery time.

The present program does not mention at all a poggsing method as additional smoothing or filtgrithus they probably

perform their algorithm on SC raw signal directly.

4.1.2 Results

The authors proposed a 0.3 as the optimum threshold to discriminate genwages (physiological) from waves due to
noise. The authors set a maximum limit value far talculated slope as |5S/s for infants and adults, value able to separate
physiological waves from motion artifact waves atectrode slipperying. The width of the waves stichg at least 1 s for adults,
and unlimited for infants. The coherent averagehogtwas found to be a satisfactory method for nawgavhether a subject

responded to stimuli, and is recommended, espgda@llinfants (Storm, et al., 2000).

Carlo Ceriotti -765531

48

——
| S—



4.Algorithms

4.1.3 CTTP method drawbacks

The CTTP method is affected by drawbacks and itilshbe used only to roughly estimate the numbdlustuations. However
can fail in presence of overlapping SCRs, when alaaual counting can fail due to the superimpasitibenomenon.

Two superimposed blackman waves
T T T T T

15

Sc(ms)

0.5¢ J

0 1 I I I I I I I !
0 10 20 30 40 50 60 70 80 920 100

Time(s)

Figure 4-1: Two superimposed blackman windows

In Figure 4-1 there are two blackman windows (cgad blu) and their sum (red curve). The detectopexformed in (Storm,
et al., 2000) is not reliable because the rightdieto-peak amplitude detected is only 0.00&5but the window is of 0.4S so this

algorithm distorts SCRs amplitudes.

4.2 The Lim Method

A possible solution for a computer-based treatn@nbverlapping SCRs has been suggested by (Linal.etLl997). Their
modeling was based on the assumption of the siguieat nature of the SCR waveform within each sobjso a unique SCR shape
within each subject. This hypothesis has been tdojlesy many authors, being a radical assumptioreasichplification.

The model proposed by (Lim, et al., 1997) perfoenturve fitting adopting a four to eight paramesigmoid-exponential SCR
model describing the entire response (SCR) acamgrftir the SCL, the slope of preceding SCR andsthepe of one or two
overlapping SCRs. This method aims to split thesgf@al into a phasic and a tonic component actuaiiaining the “true” SCR

shape getting rid of SCL (tonic component) and @tfier distortion due to SCRs in proximity of it.
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4.2.1 Method

Individual SCRs are fitted with a function based am asymmetrical sigmoid and an exponential functend the method
iteratively optimizes the model parameters to mimérthe mean-squared difference between the fittedactual curve. Equation 4-1
reports the four parameter model of ‘pure’ SCR [@@ding SCL) based on a combination of an asymnatrsigmoid and an

exponential function. The pure SCR (excluding SSlgomprised in the so called “Casel”, the mosp&ngase.

_{(I_Tm 1 J fffdj
81

{1 + [('r_ Tosl)/ﬂ')]iz}z

Equation 4-1: g=gain, Tosresponse onset time, [Erise time constant and f=decay time constant.

fs1 =

This model and its extensions can characterizede wariety of response waveforms, size and combimatThe algorithm can
decompose the SC activity into its components, mantiee residual from the previous SCR tail, thegp8CR and SCL. Different
terms have to be added to Equation 4-1 if a siBgI& is superimposed on a fixed SCL, if a SCR ocouara decaying limb of a
previous response or if two overlapping SCRs oocua decaying slope (Lim, et al., 1997).

The authors visually inspected and categorized &ftnents into 3 cases deriving from “Case 1" in Eiqua4-1 and modeled

incrementally the SC signals in 3 cases of increpsomplexity. The reader may notice that Caselires 4 parameters.

» Case 2: “Pure” SCR on a flat baseline, describeél svb parameters model (Case 1 + flat baseline)

* Case 3: as Case 2 but with a sloping baseline (yndir tail of the previous response), describeth \8i parameters
model (Case 2 + sloping baseline)

e Case 4: the most complex, containing two overlapp€dRs on a sloping baseline, described with anr8npeters

model (Two time Case 3).

Specifically, a computer program is used to autazally scan the entire date file and to detect 80dh- and peak-latencies
and their amplitudes for a rough estimate of tligainrmodel parameters. Thereafter, the waveformesvisually inspected, providing
the opportunity to accept or modify the automatjcgenerated initial values before curve fittingpess (using a standard non-linear
least squares method) is committed. After 10—3@diiens, success of the fit should be apparentdyaVinspection. If not, the initial
values may be modified again until a satisfactdrrysfachieved. Then, a reminder (residual betwthenfitted curves and the SCR

data), reflecting the not-perfect fitting modelpistained and in most of cases is less than 5%fifbe curves were demonstrated to
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be almost indistinguishable from their respectiesv rresponse complexes. Now the SCRs are free fugrerisnpositions and

analyzed.

4.2.2 Results

The method was applied by Lim et al. (1997) to ntben 60 SC segments, each containing one SCRoooverlapping SCRs
on a sloping baseline elicited by 80 dB tones W#ls as short as to 1.32 s, obtained from 20 nopasticipants and recorded with

standard methodology CTTP (Storm, et al., 200@)egmcted in the next Figure 4-2.

Figure 4-2: two overlapping SCRs

In comparison with CTTP, their decomposition mettlody yielded a significant mean amplitude increa$el4% and an
increase in peak latencies of 140 ms. The latemerease can be regarded as a consequence of rgntbeidisguising effect of the
preceding SCR’s tail on the onset of the subsegBER.

The four parameter values (adding a#go the initial SC value at stimulus ardSCL value) emerging from this experiment
were used to calculate the across-subject parasnetegins, Standard deviation (SDs), coefficienisadations and maxima values as
well as mean peak latencies and amplitudes obtautbdCTTP and Lim’s method.

Skin conductance parameters and comparison of peak measurements (n = 60)

Variables Mean sSD
Parameiers

ap (uS) 0.32 .37
£ 3.69 3.91
1y (8) 2.98 2.13
t, (s) 1.59 (.68
T, (s) 1.51 (.37
o (usS) 8.87 2.19
SCR peak latency (s)

fitted 4,132 1.13
standard 3.099* .10
SCR peak amplitude ( u5)

fitted (0.46° 0.38
standard 0.39° 0.32

*Paired t-test, P < 0.0001
bPaired (-test, P < 0.00001

Table 4-1: Lim's mean values for SCR modeling
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The mean and SDs of the four parameters are useddastruct a family of curves which demonstrateinfluence of the

parameters on SCR shape. Figure 4-3 shows thenttuof the 4 parameters on SCR shape.
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Figure 4-3: Parameters influence shape

The Lim method has been applied later by (WilliaBigwn & Das, 2004) studying 22 non pathologiashjscts viewing four
blocks of fearful alternated with four blocks of etional neutral faces. Despite the quite short(0575 s), fear and neutral stimuli

could have been significantly differentiated by meaf SCR amp, leading to some hint about the Wglaf this evaluation method.

4.3 The Alexander Method

An evolution of (Lim, et al., 1997) method was rapd (Alexander, et al., 2005) which overcomesribeessity of a judicious
choice of initial parameters and visual inspectreurve fitting. As Lim, they describe a methodsidmed to overcome the problem
of overlapping skin conductance responses. Thegqgsed an automated method for scoring individuaR $@ converting the SC
signal into a time series with a shorter time canstrelying on the assumption that the underlysagomotor nerve signal has a
shorter time constant than skin conductance signdlthat the sudomotor bursts arrive as discrefggrated peaks. The algorithm
performs a deconvolution of SC data with an appabrimpulse response function (IRF also callediafer function): the IRF

represents the basic SCR shape that would resutt & unit impulse. They claim to be able to extthet separated peaks and
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estimating the underlying driver signal. The sefstadriver peaks are then used to re-estimate maividual skin conductance

response.

Integrated sudomotor nerve signal

WA

NN

Skin conductance 1 second 1

Figure 4-4: Relationship between sudomotor nervegnal and skin conductance
signal. Discrete spikes in nerve activity are follwed by slower time-constant

changes in the skin conductance signal.

The method scoring individual SCRs described ia ffaiper relies on two key assumptions:
1. Sweat activity results from discrete episodes o$ting of the sudomotor nerves
2. The apparent time-constant of the bursting episedesich shorter than the measured SCR.

Those assumptions allow that, even where indivi@@Rs are highly overlapping, the estimated undeglpurst time-series
shows discrete, separate events. We can say ihat gort of SC signal transformation into an agpnation of the original bursting
episodes.

The authors makes use of a Bateman function (biexpttal function) to model the relationship betweka driver and the
SCRs. (Schneider, 1987) originally proposed a miggical rationale for the biexponential shape Hasa a two-compartment
diffusion process. The following is considered bg twuthors the differential equation relation goireg the SC time series.

d’y

dv
(Iﬂrljd_;ﬁ + (19 + Tl)d—'{ + ¥ =g(t)

Equation 4-2: Alexander’s equation

In Equation 4-2,70 andz1 are time-constantg(t) the skin conductance awg) the driver function, which the authors interpret
as being representative of the activity of the sodmr nerve. The larger time-constant (taken teopeescribes the decaying tails of
the SCRs, whilst the shorter time-constan} ¢overns the rise time in response to a peakendiiver. In the limitty ---> 0, the
previous equation becomes equivalent to an RCitirBo an impulse spike in the driver at t=0 getexa biexponential function

form as below:
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y(1) = e W) — g~ (t/n)

Equation 4-3: Alexander impulse response

Equation 4-2 defines the SC signal (y(t)) as thevotution of the driver function q(t) with a biexpential function: as a matter
of fact by deconvolving the signal with Equatior2 4t-is possible to obtain the driver where now ple@ks are well separated and can

be easily detected. This evaluation method consfsissteps:

1. Performing a deconvolution of the SC signal scoashtain the driver signal.

2. Isolating single peaks, now well separated (asdaré 4-4) in the driver signal

3. Convolution of the peaks recognized in the drivanction with Equation 4-3 in order to reconstrue individual
SCRs and so being able to assess parameters abButifipe. For a minority of SCRs, i.e., where tiived does not
conform to the standard function or where the drsignal contains overlapping peaks, an iteratioe@dure is applied

to the sequence of potential peak intervals, matifurther changes occur.

The mathematical symmetry underlying the deconimiitonvolution means that altering andt, values changes the driver
time-series, but not the re-estimated SCRs. So d&sngandr; are chosen such as the peaks in the driver sigadlbly separated by
a relatively long baseline between them, the exatites do not make a major difference to the sgoohthe peaks (Lim, et al.,

1997).

4.3.1 Results

Using surrogated data, they were able to distitg8i€Rs till a distance of 1.3 seconds. At offsétiess than 1.3 seconds, the
two SCRs appear as single SCR upon qualitativerosisen.

In order to verify their method, the authors setanpexperiment in which 735 subjects were preseabedtory stimuli with 1SI
of 1 s in an odd-ball paradignoriginally designed for ERP recordings. They fouhdt optimal values for time constants were
respectively 2.0 s and 0.75 s farandz1, which work well for all time series in the databamoreover verifying that the present

method is not excessively sensitive to the valdgsmoameters involved in phasic and tonic sepanafitiis method was also applied

“ The oddball paradigm is a technique used in evplkgential research in which trains of stimuli tae usually auditory or visual are used to astesaeural
reactions to unpredictable but recognizable evéifits.subject is asked to react when a target stigrisldetected, the latter being hidden as rarerommces amongst a

series of more common stimuli, that often requveesponse.
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by (Davis, et al., 2009) in a learning task expenimin which about 40 subjects were asked to ifjalssetles pictures according to a
complicated set of category structures, finallynigeable to study the relations between stimuli anticipatory SCR. In conclusion
the method was found to be useful and effectivexperimental settings were tight sequences of §itiata presented, extracting
individual ‘bursts’ so as to reconstruct the indival SCRs.

CTTP method is unable, they claim, to handle SC&spbrally contiguous in a satisfactory fashion, duse CTTP
underestimates the true amplitude, onset timestinses and number of SCRs. The underlying assumgtie also simpler than the
method of (Lim, et al., 1997) and no function figiis required. Scoring is completely automateduiring not human supervision

once parameters setting have been chosen.

4.4 The Ledalab Software

It is a Matlab-based software for the analysiskir sonductance data (SC; i.e., EDA, GSR). It eapart various file formats
(including BioPac, Biotrace, CassyLab, PortiLabydhdab, VarioPort, VisionAnalyzer, VitaPort) ancdgides many preprocessing
functions. It can performs event-related analysiative to events/marker and returns various patensief phasic and tonic activity.
It can be used via an interactive GUI or in ancégfit batch-mode via the Matlab command windowuttrently provides two EDA

analysis methods:

1. The Continuous Decomposition Analysis (CDA) perferandecomposition of SC data into continuous sggohphasic
and tonic activity. This method takes advantagenfretrieving the signal characteristics of the uhyileg sudomotor
nerve activity (SNA). It is beneficial for all aryales aiming at unbiased scores of phasic and amtity.

2. The Discrete Decomposition Analysis (DDA) perfromdecomposition of SC data into distinct phasic ponents and
a tonic component by means of Nonnegative DecotiesiuThis method is especially advantageous ferstiudy of

the SCR shape.

Ledalab has been used at more than 60 univeraitigsesearch facilities and is licensed under th& General Public License.

(www.ledalab.de).
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Figure 4-5: Ledalab screenshot

4.4.1 The Continuous Decomposition Analysis (CDA)

The outcome of this algorithm is a continuous tarid phasic signal constituting SC signal. Theltiesudriver shows a zero
baseline and overlapping SCRs represented by piiedatty distinct, positive, compact impulses shoyven average duration of
less than 2 sec. A time integration of the contusualriver activity is proposed a straightforwardligator of event-related
sympathetic activity (Benedek, et al., 2010a).

This is based on a standard deconvolution algorifByjnemploying inter-individually adjusted IRFs tvishort time constants
combined with a technique for the estimation artatraetion of tonic activity, one continuous estimaf phasic activity is obtained,
which is compatible with a stable IRF. This appto& different because it abandons the conceptngles discrete responses in
favor of a continuous measure of phasic activitiie mdvantage in obtaining a continuous phasic iactis the assessment of a

straightforward indicator of event-related activily means of response window integration. The etitia process is based on 3

steps:
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1. Deconvolution of SC data
2. Estimation of Tonic activity

3. Estimation of phasic activity.

1. Deconvolution of SC data

The deconvolution process is performed initiallyngsa predefined parameter sel£0.75 s ,12=2 s), parameters which
characterize the shape of the IRF. After the fiestation of deconvolution, a performance paramdtscribing the goodness of the
IRF applied to the signal under analysis is detaehi The performance parameter takes into considerthe rate of negativitgneg)
of the phasic driver (undesired condition) and itmgistinctness ifid) of the impulses in the phasic driver (situatidndgstinct,
compact (short support) impulses). By rerunnin@ateps for each new parameter set, the modelhgsads brought to its optimum.
Hence, it has been obtained the total driver signal

The rationale under their algorithm is represeigthe next formulas (Equation 4 and Equation 5):

SC = SCopic +SCphasic = SCronic + Driveryy sic * IRF

Equation 4: Decomposition of SC in parts

SC = (Driveryypi. + Driveryp s ) = IRF

Equation 5: SC expression

The SC signal is conceived to be composed by thie t;md phasic signals. As phasic signal, the teiginal activity can equally
be represented as the convolution of some soxro€ driver function convoluted with the same IR$ed for estimating the phasic
driver. Although mathematically correct, this prduee is not physiologically motivated but this ist melevant because the tonic
signal will be re-obtained by means of convolutmocess when phasic driver will be estimated. Tinasfc driver and tonic driver

are represented in the second plot in Figure 4-6.
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2. Estimation of tonic activity

It must be noted that the total driver signal shoiwe intervals of inactivity between the compaistidct phasic driver bursts.
Those time intervals can be used to estimate thie tctivity. After a threshold on amplitude of gimdriver peaks and a specific
smoothing operation on the entire driver signatubic spline interpolation procedure is appliedider to extend the estimation of
the tonic driver to the total time range. The slearying parts of the total driver signal correspiogdto the time intervals
characterized from the absence of phasic peak®risetved as the tonic driver. Hence, the tonic airiis interrupted by the
occurrence of distinct, positive and compact phastwvity peaks. The cubic spline is used to edtntlhe tonic driver discarding the
phasic driver activity. The spline passes by thiatsaf the total driver signal between the phasieks on a grid made of 10 seconds

spacing points. The obtained tonic driver is themwolved with the IRF and the tonic signal is estiea.
3. Estimation of phasic activity

The phasic driver is then obtained subtractingttiméc driver (estimated by the cubic spline) by tbel driver signal. Hence it
should be obtained a phasic driver with zero baselin positive deflections (last plot in Figure)4-6
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Figure 4-6: (Top) SC signal with estimated tonic sigal, (Middle) Sum of tonic and phasic driver, (Botbm) Phasic driver

In contrast to non-negative deconvolution, the thdsve may assume negative values. These netiasivhay arise from the
selection of a sub-optimal IRF or from artifactdhe recorded SC data. In contrast to non-negdteenvolution (Benedek, et al.,
2010), the phasic drive may assume negative valliese negativities may arise from the selectioa sdib-optimal IRF or from
artifacts in the recorded SC data. Hence this cbaldn information on the quality of the extractagorithm and of the original SC
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data. Again, phasic SC data could be retrieveddmyalution of the phasic driver with IRF. Addingasic and tonic data perfectly

adds up to the original SC data.

4.4.2 Nonnegative deconvolution (DDA) (Benedek, et al., 2010)

A new approach has been recently published by (@sneet al., 2010), attempting to decompose suparded SCRs not only
by a mathematical modified deconvolution methodn{negative) but as well taking into account a patir model of the
electrodermal system, i.e. the “poral valve modEkelberg, 1993).

Actually we can synthesize it as a “two-compartndifitision model”. The innovation introduced by #soauthors, consisted in

affirming that SCR shape could be described byrdmrtton of two different underlying physiologicptocesses:

1. an unconditional slow diffusion process which wocidise a rather flat SCR

2. apore-opening process, having the property briroyiba steep peak to this basic SCR shape.

Thereby now we have two different processes inwblire creating the SCR shape. Their quantitativer@ggh to the slow
process (1) is based on a diffusional model desgrithe dynamics of sweat concentration in the eomn, supposed to be ruled by
the laws of diffusion (Schneider, 1987), (Edelbet§93). To describe the aforementioned model dyosnthey use the “Batemat
function”, well known from pharmacokinetics arediexe a biexponential function has been used totijaawvely describe the course
of the drug concentration observed in a body cotngent, being a result of its firt-order invasiotoithis compartment and its first-
order evasion out of it (Boucsein, 2011). An eglémhassumption explaining pore-opening componastriot been made. By means
of SC signal can be decomposed into a tonic comparal a number of separate phasic components.

The authors addressed the problem of the possigative driver signal values and put forward theodeposition of SC data
by means of non-negative deconvolution. This mettlaiins non-negativity of the driver and maximaimgactness of the impulses.
It offers a technique for the estimation of theitoactivity based on a fit of the inter-impulsedntals of the driver resulting from
standard deconvolution. Phasic acitivity can therektracted by subtracting the SCL from the SC.ddt@m-negative deconvolution,
applied to the phasic SC data, results in two ghsiginals, a non-negative phasic driver and a netesi The phasic driver is found
to exhibit a zero baseline intermitted by predamnity distinct peaks whereas the reminder signaturas all deviations from the
standard SCR shape. These deviations were fourghdw a specific pattern contingent to the SCRkpaad the authors

hypothesized that they reflect a pore opening m®c€his method accounts for inter-individual eliénces in the SCR shape and
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selects the most adequatparameters for the IRF in the course of an optition procedure. The slow recovery process revdajed
this method seems to correspond closely to theatsdifusion from the skin. This approach is basedthe assumption that

variations of the shape of the SCR are due to ppeaing processes occurring in close temporal itjcia the SCR peaks.

4.5 Conclusion

To sum up, the various based deconvolution metbdfés considerable progress in the evaluation ariapping SCRs which
are very common to stimulus sequences with shdst Fowever, they all have in common that — oneelthsic evaluation procedure
has been determined — EDA data are parameteridbd dutomatically. This surely saves evaluation girmompared with the
traditional evaluation of superimposed EDRs, buatisb bears the disadvantage of losing the coratte original EDA signal, thus
overlooking critical events such as types of actdawhich cannot be automatically detected. Theeefdor the time being,

semiautomatic interactive evaluation proceduresiishioe at least applied in parallel to highly autded evaluation procedures.

4.6 Novel algorithms - BC method

Barbieri-Citi algorithm estimates the spike seq@sngnderlying SC signals providing spike amplitualed temporal
occurrences. This algorithm has been developeditbyia and Barbieri Riccardo, from MIT laboratary2010. Till now (June

2013) it is unpublished. In chapter 6.1 the debeation of § and B, parameters.
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Figure 4-7: Spike sequence from BC algorithm
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4.6.1 Method

Hanning window (H,) with a number of coefficients equal to twice th@duct between the sample frequency of SC and a
chosen  parameter is obtained and then normalized dividiigy half the number of coefficients. This is ama normalization
which makes unitary the area undey,H he filtered SC first derivative (FD) bysiiprovides FLRQ, . A second hanning window ()
is obtained as for § but using B instead of §. FDs, is then filtered by K, and the result (FRy,) is subtracted from F[)
obtaining Q signal.

After the negative Q signal part is suppressed (@ first derivative is calculated (DD2) and Zz&xo crossing with negative
first derivative (positive to negative) and postifirst derivative (negative to positive) are obtal (Max and Min respectively). The
first and last Min values must be respectively Iottmn the first and last Max values. The spike lgoges correspond to Q+ signal

values calculated at Max indexes whereas theyoastdd according to Min indexes.

4.6.2 Appendix

In Figure 4-8 some normalized hanning windows a&=idleed in chapter 4.6.1

Hanning Windows

(hanning(20))/10
(hanning(30))/15
(hanning(40))/20

Figure 4-8: Hanning Windows

The SC signal is processed with a cascade of fliiexs. The Derivative Filter, §,, Hy,, and cascade filter frequency responses

are depicted in Figure 4-9.
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Derivative Filter frequency response

(hann(20)/10) frequency response
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Figure 4-9: Filter frequency responses

It must be noted (Figure 4-9) the dependence oh#éimming windows cut-off frequencies on hanningpsisaFigure 4-8) so that
the more the number of coefficients the lower theaff frequency. The cascade is a band-pass.filteFigure 4-10 a schematic of
the three filter frequency responses. The firsivdéive excludes continuous frequency (0 Hz) wher§aand B, determine the band
pass cut-off frequencies. To obt&mtoff B, minor thanCutoff §, (Figure 4-10B,, must necessarily be greater thgn(Bgure 4-10)
if not their positions would be switched. Figurd@-agrees with this. They must be inevitably défdrto design a bandpass filter but

their relation is not imposed.

Highpass filter obtained with Derivative

L.
\1/ =

\ Lowpass filter
Lowpass filter \governed b o
governed by bw \
Cutoff bw Cutoffsw  freq(Hz)

Figure 4-10: Schematic of the three filter frequeng responses

The algorithm relies on th@roper Sw and B values and we will investigate them as describezhapter 6.1.
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5 Surrogate SC signal

In this chapter we will describe how we generateddurrogate SC signals. We aimed at obtainingragate SC signal which
mimics as close as possible the real one. Theref@enodeled both phasic and tonic parts, whictewgeinerated separately.

To model the phasic part of the SC signal, we etlally generating a sequence of spikes (imitatirgystbquence of the
sudomotor nerve bursts underlying the skin conduwearesponses) and then convolving them with agshpphosen impulse
response function (R In doing this we had to select the spike prolitstaistribution and select the most appropridge |

To model the tonic part we used the spike sequahteady used for the phasic part and then convgltilem with a properly
chosen response function called. IR

Finally, a realistic noise was added to the sut®@C signal. The property of the noise was derfv@ah real recordings.

Details about the procedures are described above.

5.1 Method

5.1.1 Choice of the probability distribution governing spike time occurrences

This probability distribution depicted in Figurel5mules the occurrence (time instant) of the spikethe sequences. We chose

an inverse Gaussian distribution and the reastmithoice is depicted in Figure 5-1:

Mean histogram of IS distribution
T T T

Mean nurnber of events

0 5 10 15 20 26 30 35 40 45 50
151 (sec)

Figure 5-1: Mean ISI histogram
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Figure 5-1depicts the mean histogram obtained from 11 diffelnéstograms. Each of then estimated from real SC data
calculating the time (in seconds) existing betweem successe local minima in the signal. We assumed that dé@add minimum is
approximately the time instant where a sudomotostatarts. IrFigure 5-lwe can observe a curve approximating an inv

Gaussian probability distribution fation. The theoretical inverse Gaussian distributeodepicted itFigure 5-2.

A=1, p=1—o
A=0.2, p=1——
h=3 p=1—
h=1 =3
=02 u=3i——
2 2.5 3

Figure 5-2: Inverse Gaussian. (Wikipedia)

5.1.2 Choice of the proper IR function

We focused our attention on two candidates foruRcfion: the first one was proposed (Alexander, et al., 200, and the
second by (Lim, et al., 1997\hich were presented chapters 3.7. Between thene selected the Alexander's one because
underlying model allows a better control on seERaproperties including IR magnitude, rising tintiecaying time and oet time.

In addition the resulting shaperi®re realistic. IfFigure 5-3 the two functions are shown.

Lim(1997)
0.2r ‘ _
S 0af -
<
0 I I I I I I I
0 2 4 6 8 10 12 14 16 18 20
Time (s)
Alexander 2005
0.4 | | | 7
S 0.2 -
<
0 I I I I I I I I
0 2 4 6 8 10 12 14 16 18 20
Time (s)

Figure 5-3:Lim’s (top) and Alexander’s (bottom) impulse resporse

We notice the lack of control in onset time in Aleander’s curve (bottom).
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5.Surrogate SC signal

5.1.3 Choice of the probability distribution governing spike amplitudes

The amplitude of the spikes in the sequences isethoandomly according to a Gaussian distributidth mean of 20 a.u. and
STD 19 a.u. with a suppression of sign is appliedhe outcome in order to avoid negative amplitudkies. In Figure 5-4 an
example of a sequence of 100 spikes is depicted.

Spike Sequence
140 T

100 — -
80—
60—

j I l“lu A

0 200 400 600 800 1000 1200
Time (s)

Amplitude

Figure 5-4: An example of spike sequence: the spikéime instants are governed by an inverse Gaussiaistribution whereas the

amplitudes are chosen with a Gaussian probability idtribution.

5.1.4 Creation of the phasic part of the signals

We are now able to obtain the phasic part of thest§@al by convolving the spikes of the sequencib the selected IR
function; in the convolution process for each spi&keised a slightly different IR shape: this wasaoted by varying the Lim's IR
function parameters for each spike.

This choice was motivated because of researchtsesal differences in SCR rise-time and recoveretimdicate that SCR
shape shows not only a significant inter-individuatfiability but also a significant intra-individueariability (Breault, et al., 1993),
(Edelberg, et al., 1981), (Janes, et al., 1985).

In details, the IR variability was obtained by randy changing the governing parameters by mearss ®hussian distribution

with a selected mean and SD for each parameténelfollowing the list of modified parameters ahé tndication of their range.

* Onset time parameter= mean 0.001 s, STD 0.001 s
e Magnitude= mean 2, STD 0.01 s
* Rising time = mean 1.59 s, STD 0.09 s

» Decaying time=mean 3 s, STD 0.25 s
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5.Surrogate SC signal

An example of 100 generated IRs is shown in Figute

Impulse Response (IR) - Lim 1997

0.7 : : : : :
0.6 g
0.5+ g
v 0.4} / 8
he] N
2 / \
£ o3t ‘/ | 1
|
021 1
I
0.1+ NN g
A
0 1 \\
0 5 10 15 20 25 30 35 40
Time (s)
Figure 5-5: Group of 100 IR curves
Phasic Signal
50 ‘
40 -
° 30— —
2
=4
& 201 -
10— —
o | | \
0 200 400 600 800 1000 1200
Time (s)

Figure 5-6:SCR part

Figure 5-6 shows an example of signal, obtainedaleing the sequence of spikes in Figure 5-4 whid R curve in Figure 5-5.
Figure 5-7 depicts the relation between a spikethacdsubsequent skin conductance response: theyatiene between a spike

and the subsequent SCR in a exosomatic recordimgg raormally from 1 to 2 seconds (Boucsein, 204#d in the surrogate signal

this requirement is accomplished.
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5.Surrogate SC signal

SC surrogate signal and spikes

60

40

20+

500 505 510 515
Time(s)

Figure 5-7: Spike and SCR

5.1.5 Tonic signal

In order to obtain the tonic part, we computeddbevolution between the same spike sequences aséldef phasic part and a
fixed IR properly chosen. We used Lim’s IR functitns time with a low value for Tparameter (rising time constant) and a high
value for Ty (decaying parameter) according to the followingpamdion T,/T4=1/55. In this way, the rising part of the curvesisep

compared to the decaying part (tail) which is masldwer. It can be observed that the rising parhish more steep than the tail

(decaying part).

Tonic IR

520

0.06 i

Amplitude

0 \ \ ! \
0 50 100 150 200 250

Time (s)

Figure 5-8: IR of tonic signal
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5.Surrogate SC signal

40

30

20

Tonic SC

10

SC Tonic part

200 400 600 800 1000 1200
Time(s)

Figure 5-9: Tonic signal

Wwe obtained a slow varying signal, typical of aitosignal. The reason why we adopted this teclen{gging a convolution to

obtain the tonic part) is because it is well-knotlat the phasic and tonic activity in a SC sigral mot completely independent:

when the phasic part increase its activity (moegjfiency of sudomotor spikes) the tonic part in@eas well, so that an higher

sudomotor activity (simulated with many spikes patkogether in time) generate an higher activitthlio phasic and tonic part, as

depicted in Figure 5-10 and Figure 5-11 where ghasid tonic parts have been superimposed. The uea ¢s the phasic part

whereas the green one is the tonic part. In bleditial result.
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Final SC signal
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Figure 5-10: Summing of phasic part (red) and tonione (green). Outcome in blue

Final SC signal
I I

Time(s)

Figure 5-11: Magnification of a section in Figure 512
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5.Surrogate SC signal

5.1.6 Adding realistic noise

In order to make our surrogate signals as realagigossible we also added a noise contribute. $digpdhe proper noise
characteristics is not such straightforward becaaabSC signals might be influenced by externahternal stimuli acting as noise
sources (see Chapter 3.5 EDA elicitation at pay.sB6h as deep breathing, cough or movements dpsytthological and physical
stress.

We determined the noise features by calculatiegilean spectrum obtained from 10 real SC signalsezhfrom the Emotion
DataSet. Figure 5-13 depicts the mean spectrumlag-tog scales. It has to be noticed that at Highuencies the spectrum power
falls 10 dB/decade according to the characteristittern of a Pink noise (also known as 1f noisdlioker noise) whose power
spectral density is inversely proportional to tregifiency. It occurs in many physical, biologicatl @tonomic systems and some

researchers describe it as being ubiquitous [3].

Mean spectrum of 10 Emotions DataSet SC signals
10 = FIFFFE=D=FEEHEHE=ZEIFHHE =TI =IZITFHA==EFEFEBIE

IFIH — S —FldHHI- —F d  HHE - Aol d HH - —F 4 A — 4 4
R R T e e o o R T i el el b R i Rl et A e R N e A S B A s

— Il HIHI — b HHH — o =l A HH = — o HE — o+ I
[N N I N R R A RN AR RN

ERSE s

Foraarm—
FoTaaTimm =
b=t i —

10°

Power

1
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IJ1I1IInn

|
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TAATIHE - AR o T H T =1
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Forrrreen Lo | (BRI Forrrreen Lo | et
10-1 1 Lo 1 Ll 1 Ll 1 Lol | Ll | Ll
10° 10? 10" 10° 10* 10° 10°
Frequency(Hz)

Figure 5-13: Pink Noise obtained as the mean speatof 10 realistic SC signals

from “Emotion Dataset” (see chapter 7)

Figure 5-14 depicts an example of flicker noisthwmean 0 and variance 1.
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5.Surrogate SC signal

Pink Noise
4 .

_4 Il Il I I I I I I I
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Time(s)

Figure 5-15: Example of pink noise with mean = 0 ahvariance = 1

To obtain the proper flicker noise to add to thgnals, it is necessary to calculate the varianabefinal SC signal (from now
“SC_clean” to distinguish it from the noisy signadsd then create a flicker noise with a variarelewated according to a specified
signal-noise ratio (S/N ratio). To achieve this lgwa calculated the variance of the surrogate S@adiafter having discarded the
beginning 20% and final 10% sections of signal tantp avoid the transients epoch at the beginaimg) end of surrogate data To
demonstrate the effect of the noise, Figure 5-Ifiale the same interval of a chosen surrogate taffieitom noise but with varying

S/N ratio (read titles of the plots).

No Noise
200 T T T T T T T T T
3 150/\/V\/\/\/\/\/\/\/—\;
©
100 ! ! ! ! ! ! ! ! !
100 110 120 130 140 150 160 170 180
Time(s)
SIN 10°
200 T T T T T T T T T
3 1507/\\/\/\/\/\/\/\/\/\;
©
100 ! ! ! ! ! ! ! ! !
100 110 120 130 140 150 160 170 180
Time(s)
SIN level 102
200 T T T T T T T T T
3 1SOM\N\M
©
100 ! ! ! ! ! ! ! ! !
100 110 120 130 140 150 160 170 180
Time(s)
SIN lewvel 30
200 T T T T T T T T T
3 15OMWWM/WW\MW
©
100 ! ! ! ! ! ! ! ! !
100 110 120 130 140 150 160 170 180
Time(s)

Figure 5-16: Same interval of signal affected witldifferent noise level.

The bottom plot is the most noisy.
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5.Surrogate SC signal

5.1.7 Final SC signal

In Figure 5-17 and Figure 5-18 are shown two exampff surrogate signals and in Figure 5-19 a r€asi§nal from Emotion

DataSet (see chapter 7) is depicted.

Surrogate SC signals - SN ratio 10°
250 : ;

200 — —

E)
<
Q
12}
100 —
50— —
0 | | | | | |
0 100 200 300 400 500 600 700
Time(s)
Figure 5-17: Surrogate SC signal with SN noise eqlsato 10
Example of surrogate
250 T
200 —
150 — —
J
<
100 —
50 — -
1 1 1 1 1 1 1
00 1000 2000 3000 4000 5000 6000 7000 8000

Time(s)

Figure 5-18: Example of surrogate SC signal with $! ratio 10°
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5.Surrogate SC signal

6.9 B

6.8 B

6.7 B

SC (uS)
(2]
(2]
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1 L L
1050 1100 1150 1200 1250 1300 1350
Time(s)

Figure 5-19: Example of real SC signal

5.1.8 Creation of the datasets

We created, starting from a noiseless dataset (8&n)4 datasets containing the same surrogatet 8i@ferent S/N levels:

10%10°,10°,10° respectively. SC_clean was created accordingetdalfowing specifications:

* The inverse gaussian distribution mean (determittiegtemporal occurrence of the spikes) is fixadefach generated
sequence and ranges between 6 s and 15 s acctwdingniform distribution.

e The inverse gaussian distribution variance (deteingi the temporal occurrence of the spikes) isdixe each
generated sequence and ranges betwegantisl2 $according to a uniform distribution.

* Number of spikes for each sequence is set to 100.

» Total number of surrogate signals is 78.

* The sample frequency is 10 Hz.
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6.Comparison of Methods using simulated data

6 Comparison of Methods using simulated data

We estimated the detection performances by compénim True Spikes (TS) sequences generating thegaie SC signals with
the Spikes (GS) sequences as output by BC and C&dalab algorithms. The software matches the segeeot TSs and GSs
distinguishing three cases (Figure 6-1)

SC

o]
@
I I I I I I I I
184 186 188 190 192 194 196 198
Time(s)
True Spikes
100 T T T T T T T T ]
TP p—t
5 FP
< 50F FN -
= t t t l : t t :/\
184 186 188 190 192 194 96 198
Timfe(s)
Generatgd Spfkes
T T T T T T T T
100 H B
=
< 50 ﬁ B
0H 4
— 1 I I I — I —_— I

184 186 188 190 192 194 196 198
Time(s)

Figure 6-1: False Positive, False Negative, True Rtige

A GS is recognized as True Positive (TP) when itloser than 1.5 seconds backwards or afterwar@dsT& and in case of
detection of many GSs the closer one is countediPaggnoring the others. Before proceeding furthes GS is deleted from the
sequence in order not to interfere with successatections. When it is not possible to detect arG&®rrespondence of a TS (within
the temporal window), a False Negative (FN) is ¢ednThe GSs not marked as TP and FN are markedlss Positive (FP) .

In case of fixed shift in GSs sequence causingeavdietween the spikes of the two sequences, atitemprocess of detection
is performed each loop shifting GS sequence.thés chosen the delay that maximize the numbePof T

After calculating the FPs, FNs and TPs from eactogate signal in a dataset, we obtained the ttadber of FP, FN and TP

of the dataset. The Sensitivity (SE) and PositiredRetive (PP) Value are obtain as follow.
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6.Comparison of Methods using simulated data

TP
TP +FN

SE =

TP
TP + FP

PP =

Equation 6: SE and PP formulas

6.1 Tuning Barbieri Citi Algorithm

We tested the performances of BC algorithm on withious S/N ratio on the 78 surrogate signals aaBatl0Hz and at the
same time we tuned up the parameters governinglglogithm to make it reach the best performances.edtimated its performances
in detecting burst activities by means of ROC carve

The algorithm is characterized by two parametgra® B,, both determining the cut off frequencies of twavipass filters.
We tested the algorithm in various working condisoby varying $=[0.1:0.1:1.3] and B=[0:5:100] and examining the output for
every possible combinations of those parameterse teis important to highlight that when,Bs equal to zero then the filter
governed by B is not applied in BC algorithm.

As a result, we have a SE and PP value for egcdn8 B, combination, which are used to build the ROC csirie order to
assess the best combination of parameters the stiqge terms of euclidean distance) point of the R@ the point
(SE,PP)=(100%,100%) is determined. This procedurepeated for each S/N level.

The ROC curves are plotted by fixing, Balues while varying Svalues according to the above mentioned ranggsiré&i6-2

shows the results obtained with S/N ratio equali®o
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6.Comparison of Methods using simulated data
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Figure 6-2: ROC curve (left) and Euclidean Distancéright)

The ROC curves of Figure 6-2 (left) move from bottto top as the Bvalue increases. On each ROC curves, the black thi

circles indicate the closest points (in terms otlieean distance) to (SE,PP)=(100,100). The valuéhe Euclidean distance is

plotted in Figure 6-2 (right). It can be clearlysebved that the more ,Bvalue increases, the more the distances diminish

asymptotically. This asymptote has been determaradi plotted. Before explaining how we assessed i, necessary to observe

Figure 4-10 in chapter4.6.2.

The consequence of increasing Balue is a progressive shift of “Cutoff,Btowards zero. When lim B>+co this would be 0

Hz and we can reproduce this condition not applying filter. Thus the asymptote depicted in Fig6#2 (right) is obtained for not

applying the lowpass filter governed by, Bnd the corresponding ROC curve is the very tapinrrigure 6-2 (left).

In conclusion, for this S/N ratio (equals to®J,Ghe best performance are obtainable when thélt8r is not present and,3s

0.1. The best performances are SE = 87.61% and¥m83%. The result for S/N level ofli8 depicted in Figure 6-3:
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6.Comparison of Methods using simulated data
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Figure 6-3: ROC curve (left) and Euclidean Distancéright)

It can be observed that ROC curves are shifted d@anas in respect to the previous case. Again, &st kesults are obtained

when the lowpass filter governed by, B not applied : the minimum Euclidean distanced4f14 for $=0.2 and the SE is 86,84%

and PP is 94,82%.

When signal-to-noise ratio is further decreasedptieeious trend is confirmed. Results are plotte&igure 6-4 and Figure 6-5

respectively.

PP
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6.Comparison of Methods using simulated data

Finally, for S/N ratio equals to 0the result is depicted in Figure 6-5:

ROC curves S/N ratio 10° Euclidean Distance from (SE,PP)=(100,100)
T T T T T T T

1005 ‘ ‘ ‘ ‘ — 55

90

& 501 4
80F
70+

60+ 20+ i

PP
Euclidean Distance

.
50 -
W 35 . 1
400 o \\\\\ \ 1
30+ 30y

20

25 I I I I I I I I I
0 10 50

bw value

Figure 6-5: ROC curve (left) and Euclidean Distancéright)

For a better focus the best result for each ingat#d S/N ratios are reported in Table 6-1 We aaticen a decay of the
investigated parameter (SE and PP) when the SIN datcreases. This result was expected becausmdhe the noise level is

increases, the more the burst detection abiligpimpromised.

About the Euclidean distance, we can observe kimattore the noise power decreases, the more tascks increases and this

result is in agreement with SE and PP trends.

Carlo Ceriotti -765531

SN ratio 1076 1075 10n4 1013
SE (%) 87,61 86,84 83,37 76,35
PP (%) 97,83 94,82 93,85 89,01

Eucl.Dist 12,58 14,14 17,73 26,08

Sw 0,1 0,2 0,5 0,9
Bw Not appl. | Notappl. | Notappl. | Not appl.

Table 6-1: BC Results
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6.Comparison of Methods using simulated data

6.2 Ledalab

We preferred the CDA method offered by Ledalabeiadtof DDA method (see chapter 4.4.2) because B i@ethod tends to
retrieve the signal characteristics of the undagysudomotor nerve activity (SNA). In this way,ieedt comparison with BC

software is feasible.

Data must be a structure. Among the CDA algoritletas, Ledalab let us choose to delete the detepi&ds with amplitude
less than a default value (0.2 uS as default vdduejve did not eliminate any of them. Ledalab etga structure containing the
time instants of the spikes and the correspondiilgesamplitudes according to “CDA” and “TTP” (Trdugo-peak analysis — see
chapter 4.1) analysis. From these data, as deddoi#fere we obtained the ROC curves varying tlilkeespmplitude threshold from O
uS to 20 uS with step of 0.2 uS.

On each ROC curves (Figure 6-6, Figure 6-6, Fig4ve Figure 6-8) the black thick circle indicatls tlosest points (in terms
of Euclidean distance) to (SE,PP)=(100%,100%).igute 6-6 the ROC curve obtained with S/N levell6f are shown. The best
performances are SE and PP of 90.18% and 93.933¢atdsely for an amplitude threshold of 3.6 uS.

S/N ratio 10% ROC cune varying threshold

100

:
%
*
80+ * -
*
701 + A
+
g 60 +
& sof *
*
a0t 4
*
30+ -
*
20+ *
10 L L L L L *
40 50 60 70 80 90 100

SE(%)

Figure 6-6: ROC curve with S/N ratio of 16.

In Figure 6-7 the ROC curve for S/N level 010
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6.Comparison of Methods using simulated data

S/N ratio 10° ROC cure varying threshold
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Figure 6-7: ROC curve with S/N ratio of 16.

The best performance is 83.07% and 89.15% respécfior SE and PP with an amplitude threshold @fs. In Figure 6-8 the
ROC curve for S/N level of £0

S/N ratio 10% ROC cune varying threshold
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Figure 6-8: ROC curve with S/N ratio equals to 16

The best performance is 65.31% for SE and 75.7 #9Rowith an amplitude threshold of 11 uS.

In Figure 6-9 the ROC curve for S/N level 0f10
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6.Comparison of Methods using simulated data

SIN ratio 10° ROC curve varying threshold
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Figure 6-9: ROC curve with S/N ratio equals to 18

The best performance is 60.35% and 53.56% for otispéy for SE and PP with an amplitude threshdid 2.8 uS. Figure 6-10

compares the previous ROC curves.

ROC curves comparison
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Figure 6-10: Comparison of ROC curves. Starting fron the top:

SIN ratio 1P curve (point marks), S/N ratio 10(circles marks), S/N ratio 10(star marks), S/N ratio 1G(plus marks)

Figure 6-10 shows the worsen of performances: tbeerthe S/N level decreases the poorer are therpsmfices drastically

passing from 1%o 1¢ . Figure 6-11 reports the best results for eachstigated S/N level.
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6.Comparison of Methods using simulated data
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Figure 6-11: SE,PP and Amplitude Threshold comparison

Table 6-2 reports the previous results

Carlo Ceriotti -765531

SN ratio 1076 1075 10°4 1013
SE (%) 90,18 | 83,07 | 6531 | 60,35
PP (%) 93,93 | 89,15 | 75,77 | 53,56

Thr.(microS)| 3,60 6,20 11,00 | 12,80

Table 6-2: Ledalab Results
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6.Comparison of Methods using simulated data

6.3 Comparison

In Figure 6-12 the bar plots of the best Ledalath B& performances based on Table 6-3.
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Figure 6-12: Ledalab and BC Sensiblity and Positiv€redictive Value

LEDALAB

BC algorithm

SN
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10°

10°

10°

10°

10°

10*

10

SE (%)

90,18

83,07

65,31

60,35

87,61

86,84

83,37

76,35

PP (%)

93,93

89,15

75,77

53,56

97,83

94,82

93,85

89,01

Table 6-3: Ledalab and BC performances

The BC algorithm shows better performances (onbepion SE for S/N level £
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7.Experimental Protocol - Emotions

7 Experimental Protocol - Emotions

The experimental protocol is inspired by a previmsearch work (Rainville, et al., 2006) where satyg were asked to recall an
autobiographical episode that strongly evoked Hrget emotions. The same protocol already provieeidence-based results
showing different and quite robust cerebral agtipatterns (Damasio, et al., 2000). In our study thallenge is managing to
distinguish between two base conditions (relax stnelss) and four emotional states (rage, fear,ihapg, sadness), specific areas of

“Valence Arousal” space recording physiologicalsils, including SC signals.

7.1 Method

7.1.1 Subjects

35 normal subjects were voluntarily recruited frtre student body of IULM University of Milan. Stuits were scheduled to
come at the Behavior and Brain Lab for an intervieere they had to let the researcher know whetiey tould recall two recent
episodes where they felt each of the 4 target emstijoy, sadness, rage and fear. If positive réfsearchers asked them to recall
verbally while a psychologist took notes aboutth# episodes. After the psychologist chose the miogl and intense episodes
between the two, they were scheduled for a secppdiatment to participate to the recording sessidhthe people who could not

recall a vivid recent episode for each of the femnotions were asked not to participate in the rebea

7.1.2 Device

SC signals were recorded continuously using Flexctfinity™ encoder (Thought Technology Ltd.; Mogdit, Canada) with a
sampling rate of 2048 Hz, while subjects sittiftgrt it was resampled at 256 Hz. SC was recordied tso electrodes placed on

different fingers of a hand (forefinger and ringfar) using the exosomatic method.

7.1.3 Recording Session

It was not allowed for the subjects to drink coffeea or other stimulating substances on the réuprday as well as the day
before in order not to alter the sympathetic syst®&mce subjects came at the lab for the experinteat;, were asked to fill in a

consent form, and sit down. Then a researcherddcall the sensors, and the recording startedr Afteseline(relax) period of 3

]
83 |

Carlo Ceriotti -765531 r



7.Experimental Protocol - Emotions

minutes, the psychologist privately with the subjeelped him to recall the episode he/she desciibélae interview while he/she is
supposed to listen and focus on the emotlmtefing phase)The duration of each of those is variable dep@ndin the episode
evoked. Once subject felt the emotion, the researatked to stay silent and try to focus intenselyhe emotion without moving for
3 minutes focusing phage After the emotion recall, a rest of 3 minutescovery timeWwas provided before re-starting with the next
emotion. The sequence of emotion recalled was matydassigned for each subject in order not to li@sresults. The recording
sessions lasted approximately from 30 to 50 minutes

In Figure 7-1 an example of SC signal with markehéch identify the position of théocusing phasdthe amplitude identifies
the focused emotion: 2.Fear, 3:Happiness, 4:Ra@adbess. Baseline is identified by 1). Tiséening phasesre identified by
intervals of zero amplitude preceding theusing phase®btained by discarding initial 3 minutes — tieeovery timg

SC

us

0 500 1000 1500 2000 2500
Time(s)

Figure 7-1: Example of SC signal with Markers

7.2 Elaboration

Before applying BC algorithm a normalization on Si§nals is needed since it is clear by Figure ™p)(that a wide subject
inter variability exists. The normalization consisin detrending and dividing by the maximum valigtrange (max — min) of the

signals to make them comparable. In result of trenalization procedure applied to 4 signals is ckepgi in Figure 7-2 (bottom).
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SC signals
12 T

10+ -

K I u I M |
r/ﬂdﬂ‘"wwjj\\uww&mﬂ \J NW\MJ \ MJM\W\\M

o
T

0 1 I I I I
0 500 1000 1500 2000 2500 3000
Time(s)

SC signals normalized

0.8~ -

SC (uS)

0.4 I I I I
0 500 1000 1500 2000 2500 3000

Time(s)

Figure 7-2: An example of BC algorithm output. SC gnal with marker signal (top) and spike sequence(tttom)

Then BC algorithm with 0 for B and 0.2 for $ because the S/N ratio was approximately estimiatdm higher than f@vas

run on signals. An example is depicted in Figui& 7-

SC signal and Marker signal
6 T T T

AN N

| | | | |
0 500 1000 1500 2000 2500 3000
Time(s)

Spike Sequence
0.25 T

0.2+ =

0.15+ -

0.05 -

Spike Amplitude (A.U.)

0 \
0 500 1000 1500 2000 2500 3000
Time(s)

Figure 7-3: Output provided by BC algorithm

Carlo Ceriotti -765531 r
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On the obtained spikes sequences we calculatedltbeing parameters:

1. Mean Spike Amplitude (MSA): index of the mean sympathetic activity (uS).

2. Mean Spike Frequency (MSF) index of sympathetic activity (Number of spikéss = Hz). During

spontaneous skin conductance changes, augmentesl mawber and amplitude is interpreted as increased
activity in the sympathetic nervous system.

3. Area under “Integrated Activity Curve (IAC)” curve (AUC): AUC is the area underlying IAC. IAC

provides a continuous index comprising frequenoy amplitude information of spikes and is calculated

follow:

A window (WL, 2 seconds long) slides second by sdoaver the spike sequence summing spike amplitwited it; the result

is strictly correlated to WL. In Figure 7-4 and &ig 7-5 an example of processing with WL=2 s.

AIC curve with Window Length of 2 sec
14 ‘ \ T

1.2+ B

0.8+ B

(1Y

0.6 B

0.4

0.2/l

.‘V.Mnﬂu.Jm“ ik M W " HJ.” WL L 4 i IL. “. Ll

0 500 1000 1500 2000 2500 3000
Time(s)

0

Figure 7-4: Integrated Activity Curve with WL of 2 seconds
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AIC curve with Window Length of 2 sec
T T T

0.5+ -

0.4 —

0.3+ -

Area

0.2 —

0.1 —

L ni AL L

100 200 300 400 500 600
Time(s)

Figure 7-5: Zoom of a part of Figure 7-4

7.2.1 Tests

The 3 parameters where obtainedlistening phasekst minute [ist), for each of the 3 minutes composing theusing phases
(Focl,Foc2and Foc3 respectively) and the central minute liseline(Bl). To investigate whether existed statistical etéinces
among phases an ANOVA one-way test was performed.

Moreover t-tests were performed between:

» Bland successivieist, Focl, Foc2, Foc®r each emotion

e List, Focl, Foc2, Focand each one with itself for the four emotions

Because of multiple t-tests are performed, theifiigimce level was corrected with Bonferroni cotieg, passing from 0.05 to
a calculated according to Equation 7 where in oseqaarameter n is the number of all consideresttemparisons, precisely 16

(Baseline versus remaining phases) + 6 * 4 = 40.

0.05
n

(LEonf =

Equation 7: Bonferroni Correction
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0OBonfis 0.0013 which will be considered as new signifidavel.

7.3 Result

Figure 7-6, Figure 7-7 and Figure 7-8 depict the bod whisker plot of Mean Spike Amplitude, Meank8pFrequency and
AUC respectively. They show the median, first aodrth quartiles, minimum and maximum values andiengtfor each phase of the

parameter considered.

x 10° Mean Spike Amplitude
T T T T T T T
+
10+ B
8| N + n .
T + N T
. 6 ‘ ‘ .
) -
< + T -~
T n - T+
- - =1 ‘ ‘ T ! ‘ ‘
AN -
+ - T T
2+ -
o+
1 1 1 1 1 1 1 1 1 1 1 1 1

| | | |
B HL Hff H2 H3 FL Ffl F2 F3 RL Rfl Rf2 Rf3 SL Sfi Sf2 Sf3
Phases

Figure 7-6: Box Plot of Mean Spike Amplitude for eah phase where: B stands for Baseline , (H, F, R,p8efixes) indicate emotions, (L,

f1,f2,f3) stand for the 4 phases
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Mean Spike Frequency
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Figure 7-7: Box Plot of Mean Spike Frequency for ezh phase where: B stands for Baseline , (H, F, R,#8efixes) indicate emotions, (L,

f1,f2,f3) stand for the 4 phases

AUC
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Figure 7-8: Box Plot of AUC for each phase where: Btands for Baseline , (H, F, R, S prefixes)

indicate emotions, (L, f1,f2,f3) stand for the 4 phses
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Table 7-1 reports ANOVA one-way results and TabRréports the p-values from the t-test compaBhwith List, Focl,Foc2

andFoc3. Moreover the results from ANOVA test are repoiited able 7-2 (bottom) with values of F function,mnerator and

denominator.

ANOVA P-Value F (16,34)
m.s.Ampl. | 944262117 | 53916
AUC 2,226-16" 7,568
M. Spike Freq | 2,22€-16" 7,593
Qlanova=0.05 ¢

Table 7-1: ANOVA results

T-Test Bas_HapplList | Bas_HappFocl | Bas_HappFoc2 | Bas_HappFoc3 | Bas_FearlList Bas_FearFocl Bas_FearFoc2 | Bas_FearFoc3
ms.ampl. | 1,57¢10%") | 0,0010"" 0,0317 0003 | 1,9647*10"" | 2,8ax20%" | 612%10°" 0,0019
* * * * * *
Auc 1,12¥107"" 5.3%10°") 0,0229 0,0044 9,2335*10°" ) 2,4%10% ") 5,610° ") 8,2x10" "
MFf:;ke 1,42¢10°"") 0,1020 0,2724 0,1329 25032¢10"" | 9,9%2041" 0,0120 0,021
T-Test Bas_Ragelist | Bas_RageFocl | Bas_RageFoc2 | Bas_RageFoc3 | Bas_SadList Bas_SadFocl Bas_SadFoc2 | Bas_SadFoc3
M.S.Ampl. 2,34*10’9‘*) 8,87*10’6‘*) 0,0011‘*) 4,6*10"‘(*) 2,9387*10’8‘*) 0,0164 0,0249 0,0445
£qp8(%) PP ) )| x1n5() £1n9(%)
AUC 1,38*10 2,03*10 1,1*10 5,97*10 5,7321*10 0,0118 0,028 0,0875
M Spike * * * * *
Fr:q 1,47¥10%") 9,6+10*"") 1,6+10°" 5,6*10°7) | 83476*10°" 0,2111 0,1188 0,1391

(*)
OlBonf=0.0013

*

Table 7-2: T-Test results Baseline versus all remaininphases

Table 7-3, Table 7-4, Table 7-5, Table 7-6 repespectively the ANOVA and t-test results compaiiigiening phases (List)
among each otherfFocusingl phases(Focldmong each other-ocusing2 phases(Foc2admong each other anBocusingl

phases(Foclamong each others.
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Table 7-3: T-test results comparing_ist phases among each other

T-Test HapplList_FearList | HappList_Ragelist | HappList_SadList | FearList_RagelList | FearList_SadList | RageList_SadList
M.S.Ampl. 0,0256 0,306 0,7444 0,1797 0,0702 0,5272
AUC 0,0551 0,1944 0,0906 0,2805 0,997 0,3366
M Spike Freq 0,571 0,3502 0,0104 0,6313 0,0517 0,074
OlBonf=0.0013

T-Test HappFocl_FearFocl | HappFocl_RageFocl | Happfocl_SadFocl | FearFocl_RageFocl | FearFocl_SadFocl | RageFocl_SadFocl
M.S.Ampl. 0,382 0,4916 0,4263 0,8434 0,0369 0,0942
AUC 0,2765 0,432 0,4133 0,5469 0,0338 0,0573
M;z;ke 0,1861 0,0922 0,6754 0,6183 0,0817 0,0242

Qgonf=0.0013 )
Table 7-4: T-test results comparing-ocl phases with each other

T-Test HappFoc2_FearFoc2 | HappFoc2_RageFoc2 | Happfoc2_SadFoc2 | FearFoc2_RageFoc2 | FearFoc2_SadFoc2 | RageFocl_SadFoc2
M.S.Ampl. 0,0164 0,0224 0,6415 0,4101 0,0466 0,0324
AUC 0,0347 0,0079 0,4924 0,3211 0,1558 0,0381
M;z;ke 0,08 0,0001"" 0,4753 0,1085 0,2985 0,0226
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T-Test HappFoc3_FearFoc3 | HappFoc3_RageFoc3 | Happfoc3_SadFoc3 | FearFoc3_RageFoc3 | FearFoc3_SadFoc3 | RageFoc3_SadFoc3
M.S.Ampl. 0,3218 0,2315 0,4752 0,9537 0,1109 0,0542
AUC 0,4973 0,1204 0,6656 0,3961 0,3608 0,134
M:Z"ake 0,2236 0,0205 0,9447 0,1485 0,419 0,0494
a (*)
Bonf=0.0013
Table 7-6: ANOVA and t-test results comparingFoc3 phases among each other
T-Test Bas_Happlist | Bas_HappFocl | Bas_HappFoc2 | Bas_HappFoc3 | Bas_FearList Bas_FearFocl Bas_FearFoc2 | Bas_FearFoc3
| xqn8l%) (*) £107(%) £105(%) xqn5 (%)
M.S.Ampl. 1,57*10 0,0010 0,0317 0,0036 1,9647*10 2,84*10 6,12*10 0,0019
xq07 (%) )| £1n8(%) w4 () s (%) %104 ()
AUC 1,12*10 5.3*10 0,0229 0,0044 9,2335*10 2,4*¥10 5,6%10 8,2*10
MFSr:;ke 1,42+10*"") 0,1020 0,2724 01329 | 25032%10"7 | g,0%10%™" 0,0120 00211
T-Test Bas_Ragelist | Bas_RageFocl | Bas_RageFoc2 | Bas_RageFoc3 | Bas_SadList Bas_SadFocl Bas_SadFoc2 | Bas_SadFoc3
M.sAmpl. | 2,34+10°") 8,87+10°" | 0,0011" a6+10*") | 2,9387%10%") 0,0164 0,0249 0,0445
£ 8% £1p6(%) )| x1n5() £1n9(%)
AUC 1,38*10 2,03*10 1,1*10 5,97*10 5,7321*10 0,0118 0,028 0,0875
M Spike * * * * *
F r:q 1,47*10'8( ) 9,6*10"‘( ) 1,6*10"‘( ) 5,6*10"‘( ) 8,3476*10’8( ) 0,2111 0,1188 0,1391

*

(*)
QlBonf=0.0013

Table 7-2 reports significant differences betweasdine and Listening phases for all emotionst sodemonstrated that the
psychologist’s goal was successfully reached mauggatgi involve emotionally the subjects; moreoveroaa observe that Fear, Rage
and only partially Happiness activate the subj@mtéonger time whereas Sadness is not signifil@nany of Focusing phases. Rage,
Fear, Happiness and Sadness, in this order, &&d fism the most activating to least activatingpdon. Probably the reason
involves innate survival instincts since rage agaf fopposed to sadness and happiness are moopaaie to promote subject
adaptation to hostile environment so only focusingnemories involving those feelings increase tedreess level facilitating
survival mechanisms. Only rage and fear createra fasting alertness state in the subjects. Sadepds to be the most short
lasting emotion (being significant only Listeninggse); the subject behave in this way probablytdysychological mechanisms
that aims to avoid painful or stressful memorieappiness is less activating than rage and feambut than sadness: it may be that
this emotion facilitates socialization being usdérlhuman survival as well.

There are no significant difference between Listgrand Focusing phases with themselves.
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8 Conclusions

The surrogate SC signals are realistic enoughttefgdhe aim of this investigation, making themeavmore realistic adding
noise by setting S/N levels. We did not introducetion artifacts or external artifacts as well as di@ not modeled the spike

generation mechanisms regulated by ANS. Howevejjudged this model enough to our goals.

BC algorithm developed at Boston MIT was proved¢omore efficient in analyzing SC signals overtgkine state of the art
Ledalab software. We have improved BC algorithneidffy a criteria to properly tune it up; beforestbtudy § and B, values were
fixed and not chosen according to any precise astified criteria. As demonstrated, to maximizefpenances the filter governed

by B,, must not be applied whereag [sarameter ranges between 0.1 and 0.9.

From the experimental protocol we obtained impdrtéindings highlighting psychological mechanisms ri@sponse to
emotigenous stimuli, maybe linked to human innat®isal instincts. It may be possible to improve tiesults combining SC signals
with other physiological indexes (i.e. respiration HRV). The reported findings can help to widerd aanrich knowledge in
psychology field as well as improve affecting conmpg area whose aim is to shorten distances betweeman and machines

enabling them to perceive, interpret, process andlate human feelings.

Definitely we tuned up and validated a powerfulltable to reflect sympathetic nervous system agtiproposing a novel

solution to SCRs overlap problem, faced by moshefmost recent algorithms in literature.
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