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Abstract—Diagnosis and stratification of chronic pain
patients is difficult due to a lack of sensitive biomarkers for
altered nociceptive and pain processing. Recent developments
enabled to preferentially stimulate epidermal nerve fibers and
simultaneously quantify the psychophysical detection
probability and neurophysiological EEG responses. In this
work, we study whether using one or a combination of both
outcome measures could aid in the observation of altered
nociceptive processing in chronic pain. A set of features was
extracted from data from a total of 66 measurements on 16 failed
back surgery syndrome patients and 17 healthy controls. We
assessed how well each feature discriminates both groups.
Subsequently, we used a random forest classifier to study
whether psychophysical features, EEG features or a
combination can improve the classification accuracy. It was
found that a classification accuracy of 0.77 can be achieved with
psychophysical features, while a classification accuracy of 0.65
was achieved using only EEG features.

Clinical Relevance—This study shows which combined features
of nociceptive detection behavior and evoked EEG responses are
most sensitive and specific to altered nociception in failed back
surgery syndrome.

I. INTRODUCTION

Clinical assessment, diagnosis and stratification of chronic
pain patients is difficult due to a lack of objective pain
biomarkers [1]. Current diagnostic guidelines largely rely on
the identification of structural abnormalities using imaging,
and assessment of the perceived pain using questionnaires.
However, it remains unclear to which extent these structural
abnormalities contribute to the perceived pain as these
abnormalities are often observed in both painful and non-
painful conditions [2,3]. Furthermore, if no structural
abnormality could be identified, one is left without objective
information about the underlying alterations in nociceptive
processing that cause the pain. Development of methods to
measure a composition of various sensitive biomarkers to
observe altered nociceptive processing could aid clinicians
with monitoring and diagnosis of chronic pain patients.

Recently, we developed a method with the aim of
improving monitoring of chronic pain patients by measuring
the sensitivity to electro-nociceptive stimuli and brain evoked
potentials in response to those stimuli [4]. The method uses
intra-epidermal electric stimulation around the detection
threshold to preferentially active nociceptive afferents in the
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skin [5,6]. An adaptive procedure is used to continuously
center stimulation intensities around the detection threshold.
The scalp EEG is measured simultaneously to analyze the
brain activity evoked by nociceptive stimulation. The results
of this procedure is a large heterogeneous collection of
stimulus-response and stimulus-EEG pairs which can be used
to effectively assess input-output relations of that patients
nociceptive system.

Using this heterogeneous dataset, the effects of stimulus
amplitude, stimulus types (i.e., single-pulse and double-pulse
stimuli) and the number of administered stimuli (i.e.,
habituation) on the EEG can be quantified using linear (mixed)
models [7]. Simultaneously, effects of the same stimulus
properties on the detection probability can be quantified using
generalized linear (mixed) models. A recent study [8] used this
method to show that the various steps of processing a
nociceptive stimulus, including peripheral nerve fiber
recruitment, central synaptic summation, and habituation to a
repeated stimulus are reflected by these effects of stimulus
properties on detection probability and the evoked potential.

As a next step, we want to know whether we could use this
method to observe altered nociceptive processing in individual
chronic pain patients. We recently started combined sensitivity
and brain activity measurements in patients suffering from
failed back surgery syndrome (FBSS). In this work, we use
individual features of detection probability and EEG obtained
in this study to determine if a combination of these features
could aid future monitoring and diagnosis of FBSS patients.

II. METHOD

The experimental procedures described in this paper were
approved by the local Medical Review and Ethics Committee.

A. Participants

Psychophysical and brain activity features were extracted
from a larger dataset of 16 FBSS patients (9 males; age: 50.1
+ 9.1 years; NRS: 7.0 £ 2.1; CSI: 44.6 + 13.9) and 17 healthy
controls (3 males, age: 35.9 + 11.9 years; NRS: 0.0 £ 0.0; CSI:
14.6 + 8.8) measured at the St. Antonius Hospital in
Nieuwegein.

B. Procedure

Participants were seated in a comfortable chair and
instructed to focus their gaze at a fixed point on the wall. Intra-
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epidermal electric stimuli were applied to the back of the hand
via a custom made electrode with 5 microneedles [9] and
centered around the detection threshold using an adaptive
psychophysical procedure [10]. Participants were instructed to
release a response button whenever they detected a stimulus.
Each stimulus was randomly chosen from an equidistant
vector of 5 amplitudes. When a stimulus was reported as
detected, all amplitudes were decreased by 0.025 mA. When a
stimulus remained undetected, all amplitudes were increased
by 0.025 mA. This procedure continued until a total of 450
stimuli was applied (Fig. 1). The total procedure had a duration
of 35-45 minutes, and was repeated on each hand.
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Figure 1. Simultaneous measurement of the nociceptive detection threshold
(NDT) and evoked potential (EP), referred to as the NDT-EP method. In this
method, the detection probability and threshold of multiple stimulus types
(here with one or two pulses, 10 or 40 ms inter-pulse interval) is tracked using
an adaptive algorithm while recording EEG. The effect of stimulus properties
on the detection probability is quantified using a generalized linear model
(GLM) and on the EEG using a linear model (LM). In this way, one might
observe altered nociceptive processing (e.g. in FBSS patients) through a
change of the relation between stimulus properties, detection probability and
brain activity.

D. Psychophysical Features

The 450 stimulus-response pairs obtained during each
measurement were used to compute an average detection rate
(R4et), average response time (RT,,,) and the standard
deviation of the response time (RT.;). The generalized linear
model in (1) was fit to the stimulus-response pairs to compute
the effects of stimulus properties on the detection probability.
The model quantified the effects of amplitude of the first pulse
(PU1), amplitude of a second pulse with 10 ms inter-pulse
interval (PU2,,), amplitude of a second pulse with 40 ms
inter-pulse interval (PU2,,), trial number (TRL) a model
intercept (INT) on the log-odds of stimulus detection.
Subsequently, model coefficients were used to compute the
average detection thresholds and slopes of single-pulse and
double-pulse stimuli with inter-pulse intervals of 10 and 40 ms

(Tsp> Tpp10> Tppaos Ssps Sppio and Sppag)-

In (ﬁ) ~1+ PU1+ PU2,o + PU2,0 + TRL (1)

E. Brain Activity Features

The EEG was recorded at 1000 Hz using a 64-channel
Ag/AgCl electrode cap (10-20 system) during the entire
experiment. The signal was divided into epochs -0.5 to 1.0 s
with respect to stimulus onset and bandpass filtered between
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0.1 and 40 Hz using the Fieldtrip toolbox [11] in Matlab.
Latencies of the N1 and P2 component of the evoked potential
were estimated to be 190 and 440 ms respectively based on the
grand average global field power. At both latencies the average
and standard deviation of the evoked potential for each
stimulus type and overall were computed. The linear model in
(2) was fit at both latencies to compute the effects of stimulus
properties on the evoked potential. The model quantified the
effects of amplitude of the first pulse (PU1), amplitude of a
second pulse with 10 ms inter-pulse interval (PU2),
amplitude of a second pulse with 40 ms inter-pulse interval
(PU2,p), trial number (TRL), stimulus detection (D) and a
model intercept (/NT) on the evoked potential amplitude.

Ugpe~1+ PUL + PU2,y + PU2, + TRL * D )

F. Random Forest Classification

A random forest classification model was fit separately on
all psychophysical features, all brain activity features and all
features combined using the ‘Scikit-learn’ toolbox [12] in
Python. Random forests are an accurate classification
technique that is able to use complex nonlinear combinations
of features for classification and is robust to outliers and noise
[13]. As such, this classifier was expected to find an optimal
combination of features for classification with an accuracy
close to the Bayes rate. The number of estimators for random
forest classification was fixed to 1000 estimators. Other
parameters were optimized using grid search with 10-fold
cross-validation. These optimized parameters included a
maximum depth of 3, a minimum number of samples per split
of 15 and a minimum number of samples per leaf of 5.
Classification performance was evaluated using 10-fold cross-
validation in terms of accuracy, sensitivity, specificity, and
area under the curve (AUC). We also added a performance
metric for consistency, which was defined as the percentage of
subjects of which both measurements were assigned the same
class. Minimum redundancy maximum relevance (MRMR)
feature selection based on the F-test correlation quotient was
used to select a subset of all features [14]. Shapley values of
the random forest classifier were computed using the ‘shap’
toolbox [15] to identify the top 6 features of interest in multiple
sets of features.

III. RESULTS

A. Psychophysical Features

All psychophysical features extracted from this dataset
were found to demonstrate a significant difference between
both groups (Fig. 2). The difference between FBSS patients
and healthy controls is most clearly demonstrated by the
logarithm of psychophysical slopes and detection thresholds
(Tsp, Tpp1o> Tppaos Ssp> Sppio and Sppgg), effects of trial
number and amplitude of the second pulse in the
psychophysical model (TRL, PU2,, and PU2,,), the detection
rate (R4,;) and standard deviation of the reaction time (RT;;)
which all were significant with p<0.001.

B. EEG Features

Most EEG features did not demonstrate a significant
difference between both groups. None of the averages or
standard deviations at the N1 or P2 latency were significant.
However, fitting a linear mixed model to the EEG data lead to
the observation of significant effects by successfully



accounting for the multivariate experimental design (Fig. 3).
The difference between FBSS patients and healthy controls is
most clearly demonstrated by the effect of the amplitude of the
second pulse with either a 10 ms or 40 ms inter-pulse interval
(PU24, and PU2,,) on the P2.

features obtained by fitting a linear model: the model intercept
and effect of the first and second pulse amplitudes on the P2
(PU1,PU2,,, PU2,,), the effect of the second pulse amplitude
with 10 ms inter-pulse interval (PU2,,) on the N1, and the
mean P2 amplitude for single-pulse stimuli (1gp). MRMR
feature selection uses a combination of EEG and
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Figure 3. EEG features with a significant difference between FBSS patients
and healthy controls (HC). The average and standard deviation of the evoked
potential for each stimulus type and overall were not significant, and
therefore not included in this figure.

C. Random Forest Classification

Assessment of the random forest classification
performance using 10-fold cross-validation lead to an overall
accuracy of 0.75, with 0.78 sensitivity, 0.72 specificity, 0.82
AUC and 0.72 consistency (Table I). The accuracy improved
to 0.78, with 0.78 sensitivity, 0.76 specificity, 0.89 AUC and
0.72 consistency when using only the top 5 features from
MRMR feature selection. The accuracy also improved to 0.77,
with 0.76 sensitivity, 0.76 specificity, 0.83 AUC and 0.73
consistency when using only the psychophysical features. The
accuracy decreased to 0.65, with 0.63 sensitivity, 0.73
specificity, 0.71 AUC and 0.60 consistency when using only
EEG features.

An overview of the top 6 Shapley values for each model fit
shows the features with the largest contribution to the each
predicted class (Fig. 4). The model fit using all features and
the model fit using only psychophysical features both use the
same psychophysical values as their most important features
for classification: the effect of the first pulse amplitude in the
psychophysical model (PU1), and log-transformed detection
thresholds and slopes (Tsp, Tppio> TppaosSsp» Sppio and
Sppao)- The model fit using only EEG features uses mostly the

oe(s>-.o) |
tog(Tor.c) |

108(Tpp10)

0.00 002 004 006 008 010
mean(|SHAP value|) (average impact on model output magnitude)

MRMR (top 6)

log(Ssp)
og(s) [
st
0.00 0.05 010 0.15 0.20 0.25
mean(|SHAP value|) (average impact on model output magnitude)
Psychophysical Features (top 6)
log(Ssp)
v
og(rs,)  —

oe(Tr- I
tog(sor-c) I
log(Tor.c) |

0.00 0.02 0.04 0.06 0.08 010
mean(|SHAP value|) (average impact on model output magnitude)

EEG Features (top 6)
P2 - PU2,,
r2-puz,, [
r2-pu1 [
2w [
0.00 002 004 0.06 0.08

mean(|SHAP value|) (average impact on model output magnitude)

Figure 4. Shapley values of the 6 most important features for random forest
classification when using all features (top), the top 6 features based on
minimum redundancy maximum relevance (MRMR, middle), only
psychophysical features (middle) and only EEG features (bottom).
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IV. DISCUSSION

In this work, we extracted individual psychophysical and
EEG features of FBSS patients and healthy controls to study
whether a combination of these features could aid the
observation of altered nociceptive processing in chronic pain
patients. Note that the influence of the experimental procedure
parameters on outcomes has been discussed previously by Van
den Berg & Buitenweg [8], and is therefore not studied here.

It was found that all psychophysical features differed
significantly between all FBSS patients, with and without
medication, and healthy controls. As such, stimulus detection
behavior in FBSS patients, was completely different with
respect to healthy controls. Differences included much larger
detection thresholds and much lower slopes of the
psychometric curve. Furthermore, the patients were
characterized by a much lower detection rate and more
variation in their reaction times. Each of these results indicates
that FBSS patients had more trouble distinguishing
nociceptive stimuli. Larger detection thresholds show that a
larger stimulus intensity was required to elicit a detectable
sensation. Lower psychometric slopes show that when a
stimulus was reported as detected, patients were much less
certain about their detection. Larger variation in response
times might also be explained by the extra difficulty patients
experienced in determining whether or not they detected a
nociceptive stimulus.

It was also found that some EEG features obtained by
fitting a linear model differed significantly between all FBSS
patients and healthy controls. However, none of the features
obtained by averaging or computing standard deviation of the
EEG at a single latency differed significantly between both
groups. This demonstrates that the effect of stimulus properties
on the response is more important than the average response.
As such, it was found that the most significant differences of
EEG activity between FBSS patients and healthy controls
were at the effect of the pulse amplitudes on the EEG.

Multiple features were combined into one classifier using
a random forest model. Using all features resulted in an
accuracy of 0.75. Using MRMR feature selection improved
the accuracy towards 0.78. Using only psychophysical features
resulted in a similar accuracy of 0.77, as well as a similar
sensitivity, specificity and consistency. Using only EEG
resulted in a much lower accuracy of 0.65, and a lower score
on all metrics. This suggests that the information included in
the EEG features in this dataset was largely redundant with the
information included in the psychophysical features. As such,
classification using only the psychophysical features led to a
similar accuracy as a classification that also included the
informative but noisy EEG features.

V. CONCLUSION

Combining EEG and psychophysical biomarkers only
leads to minor improvements for the classification of FBSS
patients with respect to healthy controls. For the sole purpose
of monitoring patients, information about the detection
thresholds and slopes might be sufficient. Indeed, all
psychophysical outcome measures were shown sensitive to
FBSS, and some differed between both groups with a high
significance (p<0.001). We also found in this study that EEG
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features could be used separately for identification of altered
nociceptive processing in the FBSS patients, although with a
lower accuracy. As EEG is a measure of brain activity rather
than the resulting behavior, this method might prove beneficial
in situations where a more objective outcome measure is
required. Some of the EEG features differed with a high
significance (p<0.001) between both groups, and are useful to
observe altered nociceptive processing on group level.
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