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What is pain?

“Pain is a distressing experience associated with actual or potential tissue
damage with sensory, emotional, cognitive and social components.”

A. C. de C Williams and K. D. Craig. Updating the definition of pain. Pain, 2016

Sensory: Perception of pain
S characteristics: intensity, quality,
location.

Affective: Negative emotion:
anxiety, fear, unpleasant A
sensation.

Cognitive: Interpretation of pain.
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Self-report: the gold standard of pain measurement

Sensory
Temporal Spatial Punctate Incisive Constrictive Traction Thermal Brightness
1 pressure pressure pressure pressure 3
. . Pricking o Tingling
PRoHSNng Boring Pinching ltchy
2 Quivering _ . ~ 2
Tri?ults)itr)\g Jumping gm'gg Tugging Hot Smarting
robbin Flashin - i Stingi
3 Beatif)gg g Drilling Sharp Cramping Puling inging 4
Pounding Shooting Stabbing Cutting Wrenching Burning
inati i Crushin
4- Lancinating Lacerating g Scalding 4
Searing
5- -5
Sensory Affective Evaluative
[ [ || |
Dullness Miscellaneous Tension Autonomic Fear Punishment Miscellaneous Anchor words
1 Mild — 1
Dull Tender Annoying
5] Sore Discomforting - 2
Hurting Taut Tiring Troublesome
ing Rasping Exhausting Sickening Miserable
3 Heavy L Distressing — 3
Solittin: . Fearful Punishing Wretched
pitting Suffocating Frightful Grueling Blinding Intense
4 Terrifying Cruel Horrible - 4
Vicious Unbearable
5- Killing Excruciating L 5

Pain descriptors based on intensity ratings by patients

Wall & Melzack's Textbook of Pain, Siy’
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Self-report: the gold standard of pain measurement

0 10
Visual Analog Scale N(.) W°T5t
pain possible
pain
No Moderate Unbearable
pain pain pain

NRS 1T

Numerical Rating Scale 0 1 2 3 4 5 6 7 8 9 10
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Overview of Methods Informing on Brain Function: Functional Near
Infrared Spectroscopy (fNIRS)

fNIRS device

fNIRS is a portable, optical imaging
technology that measures
hemodynamic response in the
brain. Subjects wear a band/hat of
sensors that project + detect light
enabling real-time, changes in oxy-

and deoxy-hemoglobin during rest,

stimulation or task performance.

1. Red and near infrared light
penetrate biological tissues

2. Oxy- to deoxy-Hemoglobin
are correlated with brain
activity through O,
consumption by neurons.
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3. Oxy- to deoxy-Hb are the
main absorbers of light
within near infrared spectra.
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4. When a light source is
applied in the brain, cortical
regions of activation or

Skull ‘:’ "—ﬁ/t
deactivation can be ”f £ \..yt‘ m

observed based on extracted
Oxy/Deoxy Hb concentration
changes.

Emitter ) Detector /

y )

5. Broad + safe application of fNIRS towards
mapping brain fupctions,
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Pain and Analgesic Response Measured with fNIRS

Deactivation over the anterior prefrontal cortex in healthy volunteers and surgical patients
Healthy subjects Sedated patients (Colonoscopy) Anesthetized patients (cardiac surgery)
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Frontal view Signal modulation by morphine (healthy subjects):
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Study arms consists of N=10-20 healthy subjects or patients.
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Pain pathways and the medial prefrontal cortex

The medial prefrontal cortex has been suggested to be a
supramodal region that integrates the processing of
sensory, emotional and attentional information of pain.

L

T

Apkarian et al. (2005)
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Experimental pain elicitation methods and human models of pain

Psychological factors

Genetics: gender, race
Functional activities

Educational level

Social consequences
Emotional functioning

4
pad »
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Back Understanding
translational mechanisms/effects
Modulation
- physical
- chemical Psychological
N - drugs factors
Y 4
A 3
. Y 4
N 4
4
S
Y d
Controllable ExPerimental pain Assessment
Localized Psychophysiology
Various modalities . Neurophysiology
Phasic/Tonic Superficial Imaging
Deep
Hyperalgesia
Allodynia

Socioeconomical consequences

Experimental pain models are important
for study of mechanisms which could

not be studied in patients but could be
standardized and modified for clinical use.

Pain elicitation methods:

* Heat
 Cold
* Electrical
* Chemical

* Mechanical

/|
Pharmacol Rev 64:72£J
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fNIRS dataset

e Collected at Boston Children’s Hospital by D Borsook et al.

e 20 healthy participants (right handed, males, ages 19 to 38, mean
age 28.7)

* fNIRS: 24 channels, 690- and 830-nm.

* Two types of stimulus:

Frontal view

Electrical stimulus Time

* 38 fNIRS sessions from 20 participants 6 minutes
e 5sec 5Hz electrical stimulus to left thumb | state |
e Two stimulation levels: 11111111111 {ISsec brush x 12
* 3/10 (innocuous) —
® 7/10 (noxious) I 5sec Innocuous Electrical x 6
—I—I—I—I—I—I-IJ—I—I—I—I—> I 5sec Noxious Electrical x 6

Heat stimulus _ o
* 10 fNIRS sessions from 10 participants E - _. 5min Noxious Thermal x 1

* 5-min thermal stimulus to left hand ~ | sec Innocuous Electrical x 6

* One stimulation level: E _-— I55ec Noxious Electrical x 6

* 5/10 (moderately painful) _.Smin Noxious Thermal x 1
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Data preprocessing

Photons that enter tissue undergo different Modified Beer-Lambert Law (MBLL): reconstruction of Hb concentration
trajectories. changes with optical data

Scattering (cell
membranes), assumed to be
constant.

AOD = d - PPF) " [enpo,a AChpo + €npr,a ACHpR]

Absorption (variations

inlv due to Hb OD: optical density €: extinction coefficient
(r:rc])“:se»;tr::ioz changes) d: source detector distance C: Hb concentration
ges). PPF: partial pathlength factor A: light wavelength
Short distance regression technique
S D, D,
5-15mm
< Extracerebral layers The hemoglobin concentration changes derived from the short
'25_50 o (skin, scalp, skull, CSF) distance detector (D,) may be used to filter out the physiological
' noise (e.g. heart beat, respiration) from the long distance channel

data (D,) for a more accurate estimation of cortical oxygenation
Cortical tissue activity.
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NIRS data pre-processing pipelines

Raw NIRS data

Y

Optical density change calculation

A4

Motion Artifact identification

Vv

Temporal bandpass filtering (0.01-0.50Hz)

Vv

Hemoglobin Concentration change calculation

N

Drift removal

Short distance data
regression

Hemodynamic response
function estimation

4

Hemodynamic response function to painful
and nonpainful events
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fNIRS with electrical stimulus (no pain vs electrical pain VAS7)
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Shadow thickness indicates 0.5xSDEV. Blue represents no pain. Red represents electrical pain VAS 7.
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Features

B-spline coefficients

Statistical features

Coefficients ¢ = [c, ...., ¢;0] such that:

K

S(t) ~ ch¢k(t) = CT¢

k=1

where ¢ = [b,, ..., ;] is the cubic B-spline basis
system.

This is achieved by minimizing a penalized squared
error cost function (PENSSE)

PENSSE =§;[w¢ S(ti)]i+/\/ [di;gt)]z

w
SSE PEN2

These include:
(1) mean
(2) standard deviation
(3) maximum
(4) minimum
(5) range
)

(6) the slope of the linear regression of w in its time

series
(7) the location of maximum in the window w
(8) the location of minimum in the window w
(9) kurtosis
(10) skewness
(11) area under the curve.

I I I EEm [Fre TI
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Results: single-task learning

CROSS-VALIDATION.

CLASSIFICATION PERFORMANCE OF SINGLE-TASK MODELS OVER 10-FOLD

Features & model Accuracy Sen.  Sp. F,

Spline coefficients

Logistic regression (L1) 068 065 0.69 0.57
Logistic regression (L2) 071 067 0.73 0.60
Linear Lasso 0.69 061 0.74 0.57
SVM (linear kernel) 0.70 065 0.73 0.59
SVM (rbf kernel) 0.72 0.81 0.67 0.65
Statistics

Logistic regression (L1) 063 064 062 054
Logistic regression (L2) 063 064 063 0.53
Linear Lasso 0.65 064 0.66 0.54
SVM (linear kernel) 064 064 0.64 0.53
SVM (rbf kernel) 065 0.76 0.60 0.58
All features

Logistic regression 0.70 0.67 071 0.59
Logistic regression (L2) 0.71 0.72 0.70 0.6
Linear Lasso 0.71 070 0.71 0.61
SVM (linear kernel) 0.71 072 0.70 0.62
SVM (rbf kernel) 0.71 0.84 0.65 0.66
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Inter-subject variability calls for subject clutering

No clustering # clusters = 2 # clusters = 3
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Machine learning model: spectral clustering + MT-MKL

Spectral clustering

MT-MKL

Normalized spectral clustering:
1. Generate descriptor vector p

2. construct a fully connected similarity graph

and the corresponding weighted adjacency
matrix W.
1. Use radial basis function.

3. Compute normalized graph Laplacian,

L= I-DW

4. Calculate first T eigenvectors U ¢ RSXT
5. Cluster vectors using k-means algorithm

MT-MKL combines both concepts:
* multiple kernel learning to account for different
fNIRS channels
* multi-task learning to personalize the models
according to different clusters or tasks
Each channel is represented by a kernel k,:

3 (0", 2”)

Max-min optimization problem.

wuwmn

T
minimize maximize  Q({n"}1_;) + Z J) (™) ()
{nmee},_, ({aMeam}, r=1

Vv

On

Two regularizers:

T T T T
(V) =33 @ ((nYL) =YY I —n®
r=1s=1

r=1s=1
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Personalization in the fNIRS heat dataset using mutitask multiple
kernel machines

. _“.__i:-.'...r.:_.
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. * multi-task learning to personalize the 2
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MT-MKL model B-spline coefficients Statistical features All features 1 3 5 7 9 11 13 15 17 19 21 23

T Kernel Reg ACC Sen. Sp. F1 ACC Sen. Sp. F1 ACC Sen. Sp. F1 fNIRS channel
Linear LI 0.68 074 066 0.60 0.65 0.68 063 056 072 077 071 0.64 The model is able to learn the importance of the channels

, Linear L2 070 071 0.70 0.61 066 0.69 0.64 0.6 072 075 0.70 0.63
RBF Ll 074 075 0.74 0.65 070 077 067 0.62 074 076 0.74 0.66
RBF 12 073 079 0.71 0.66 069 072 0.68 0.6l 074 076 0.74 0.65 [ # clusters | Cluster | Acc. | Sen. | Sp. | F1 |
Linear LI 074 077 072 0.66 0.65 070 064 056 071 071 071 0.62 —

, Linear L2 0.74 075 0.73 0.65 064 065 063 054 071 073 070 0.62 [NC(T=D) [ 1 0740750747065 |
RBF LI 077 079 075 0.69 070 076 0.67 0.62 072 079 069 0.65 T=> 1 0.81 | 0.87 | 0.77 | 0.74
RBF L2 076 076 0.75 0.68 070 077 0.67 0.63 073 073 073 0.64 2 0.67 | 0.77 | 0.61 | 0.60
Linear LI 075 0.76 0.74 0.66 0.68 070 067 0.59 0.75 075 075 0.66 1 0.87 | 094 | 0.83 | 0.82

3 Linear L2 075 079 0.74 0.68 0.69 0.67 0.70 0.59 076 076 0.75 0.67 T=3 2 073 | 0.82 1 0.69 | 0.66
RBF LI 080 0.83 078 0.73 072 078 0.68 0.65 0.76 081 0.74 0.69 3 080 1 088 1 077 1 074
RBF 12 079 0.85 076 0.72 073 075 072 0.64 0.77 081 0.75 0.70

Performance of the MT-MLK models for different number of clusters. Model performance for each cluster.
L
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