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Using machine learning to predict the intensity of pain from fMRI has attracted rapidly increasing interests.
However, due to remarkable inter- and intra-individual variabilities in pain responses, the performance of existing
fMRI-based pain prediction models is far from satisfactory. The present study proposed a new approach which
can design a prediction model specific to each individual or each experimental trial so that the specific model
can achieve more accurate prediction of the intensity of nociceptive pain from single-trial fMRI responses. More
precisely, the new approach uses a supervised k-means method on nociceptive-evoked fMRI responses to cluster
individuals or trials into a set of subgroups, each of which has similar and consistent fMRI activation patterns.
Then, for a new test individual/trial, the proposed approach chooses one subgroup of individuals/trials, which has
the closest fMRI patterns to the test individual/trial, as training samples to train an individual-specific or a trial-
specific pain prediction model. The new approach was tested on a nociceptive-evoked fMRI dataset and achieved
significantly higher prediction accuracy than conventional non-specific models, which used all available training
samples to train a model. The generalizability of the proposed approach is further validated by training specific
models on one dataset and testing these models on an independent new dataset. This proposed individual-specific
and trial-specific pain prediction approach has the potential to be used for the development of individualized and
precise pain assessment tools in clinical practice.

1. Introduction behaviors, such as facial expression (Bai et al., 2016; Gholami et al.,

2010; Gruss et al., 2015; Zautra et al., 2010; Schulz et al., 2012).

In basic and clinical studies of pain, the foremost question is how
to accurately measure the intensity of pain (Lotsch and Ultsch, 2018;
Prato et al., 2011; Lee et al., 2019). Because pain is a highly subjec-
tive experience and can hardly be perceived by others, self-report is the
golden standard for measuring the presence, absence and intensity of
pain in clinical diagnosis and treatment of pain (Cruccu et al., 2010;
Haanpéa et al., 2011). However, self-report could be biased for people
who deliberately exaggerate or conceal pain or could be unavailable
for people who are with unconsciousness or limited cognitive abilities
(Schnakers and Zasler, 2007; Herr et al., 2004; Buffum et al., 2007).
Therefore, much effort has been devoted to developing objective pain
assessment tools, and these researches have been focused on the uses of
various types of physiological signals, such as electroencephalography
(EEG), skin conductance, respiration rate and blood volume pulse, and

Recently, functional magnetic resonance imaging (fMRI) has been in-
creasingly used to measure the intensity of pain perception (Boly et al.,
2007; Lindquist et al., 2017; Brown et al., 2011). Because blood-oxygen-
level-dependent (BOLD) fMRI can record brain activity with high spa-
tial resolution, it is effective in identifying brain regions that are re-
lated to pain experience (Wager et al., 2013; Woo et al., 2017). Fur-
thermore, various machine learning models have been developed to
learn the relationship between fMRI responses and the intensity of pain
from a set of experimental pain-evoked trials of a cohort of individu-
als (Brodersen et al., 2012; Marquand et al., 2010; Cecchi et al., 2012).
These machine learning models can then be used to predict the intensity
of pain from fMRI activities of new experimental trials or new individ-
uals.

However, because of large inter-individual difference (i.e., different
people have remarkably different pain-related behavioral and fMRI re-
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Fig. 1. Illustration of the proposed approach for designing pain prediction models specific to test samples. First, supervised clustering is used to categorize training
samples into a set of subgroups. Second, a training subgroup is selected based on its similarity to the test samples. Third, a regression model (here, partial least
squares regression) is trained from the selected training subgroup and this model is specific to the test samples.

sponses) (Coghill et al., 2003; Coghill, 2011) and intra-individual dif-
ference (i.e., one individual has different pain-related behavioral and
fMRI responses at different times) (Tracey and Mantyh, 2007), a pain
prediction model trained from certain individuals or trials generally
has lower performance when being applied on new individuals or trials
(Huang et al., 2013; Hu and Iannetti, 2016; Mun et al., 2019). As sum-
marized in (Vijayakumar et al., 2017), cross-individual pain prediction
in general has lower accuracy than within-individual pain prediction.
Therefore, it is important to develop a general and effective approach
to address the problem of individual variability and to establish a pain
prediction model with high accuracy.

To date, there are few studies concerning the development of an
fMRI-based pain prediction model that can handle individual variability.
Lindquist et al. (2017) proposed to incorporate group-level priors into
individual prediction models, but its objective is to address the prob-
lem of insufficient samples for each individual. In our previous EEG
study (Li et al., 2018), an individual’s pain-evoked EEG was normal-
ized by his/her spontaneous EEG to reduce the inter-individual differ-
ence in EEG-based pain prediction models. As for the intra-individual
variability, our previous work (Tu et al., 2016a) showed that including
pre-stimulus brain activities in a pain prediction model could achieve
significantly better performance than conventional models, which only
used post-stimulus pain-evoked brain activities as features, because pre-
stimulus brain activities can largely explain intra-individual variability
of pain-evoked brain activities. Recently, our work (Lin et al., 2018)
showed that, inter-individual differences in the fMRI responses and pain
ratings jointly determine the error of cross-individual pain prediction.
However, because pain ratings of a test individual are unknown, it is not
feasible to improve the accuracy of pain prediction by minimizing the in-
dividual difference of pain ratings. On the other hand, a new individual’s
fMRI activities can be readily recorded, so it is possible to minimize the
difference between fMRI activities of training samples and test samples
for a more accurate and individually tailored model. This study inspired
us to develop a more accurate model by selecting training sample with
similar fMRI activities as test samples.

In the present study, we developed a new pain prediction approach
to combat the adverse influence of both inter- and intra-individual dif-
ferences in fMRI-based pain prediction models. The basic idea of the
proposed approach is to select a subset of training samples (instead of
all available training samples) with the closest fMRI responses to test
samples so that the trained model has minimal difference in fMRI fea-
tures between training and test samples. The proposed approach is in-
spired by the dynamic selection technique (Cruz et al., 2018), which is
an active research topic in the machine learning community. Dynamic
selection techniques are capable of designing a classifier according to
each new sample to be classified and one common method is to train
the classifier based on a local region of the feature space where the test
sample is located (Cruz et al., 2018).

The proposed pain prediction approach has three major steps
(Fig. 1). First, a supervised clustering method is adopted to cluster train-
ing individuals/trials into a small number of subgroups, in which indi-
viduals/trials share similar and consistent pain-related fMRI activation
patterns. Second, for a new individual or trial under test, the new ap-
proach compares the fMRI patterns of the test individual/trial with the
fMRI patterns of those subgroups, and then selects the subgroup with
the closest fMRI patterns to the test individual or trial for training of an
individual- or trial-specific model. Third, a continuous prediction model
(partial least squares regression is used in this study) is trained from the
selected training subgroup so that this model is specific to the test sam-
ples.

We examined the performance of the proposed approach on a
nociceptive-pain-evoked fMRI dataset. To test the robustness of the su-
pervised clustering method, four different features sets (the whole brain,
the pain matrix, pain-activated regions, and pain-predictive regions)
were independently adopted in the supervised clustering method to de-
fine subgroups. A partial least squares regression model was then es-
tablished from selected training samples and applied on test samples.
Results showed that the newly designed individual-specific or trial-
specific models achieved significantly higher prediction accuracy than
conventional non-specific models using all available training samples.
Particularly, the trial-specific model had superior performance over the
individual-specific model, though it used much fewer samples to train
the model. We also identified a set of brain regions exhibiting signif-
icantly different fMRI patterns among those clustered subgroups and
these regions account for the inter- or intra-individual differences in the
fMRI-based pain prediction models. Lastly, we demonstrated the strong
generalizability of the proposed approach by training specific models on
one dataset and testing these models on an independent new dataset.

2. Materials and methods
2.1. Participants and experiments

This study has two independent pain-evoked fMRI datasets. Dataset
L is the primary data used in this study to develop and test the proposed
specific models, and most results are based on this dataset. Dataset II
is only used to examine the generalizability of the proposed approach
by training models from Dataset I and testing models on this Dataset IIL.
Note that, Dataset I has been used in our previous publications (Tu et al.,
2016a, 2016b, 2018; Lin et al., 2018), but Dataset II has not been re-
ported before.

2.1.1. Dataset I

Dataset I included a total of 32 healthy participants (age=22.1+2.0,
20 females). The initial inclusion and exclusion criteria were based
on the general health questionnaire, pain safety screening form, and
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fMRI safety screening form. Participants reported no history of chronic
pain, psychiatric, or neurological disorders. The experimental proce-
dures were approved by the local ethics committee. All participants gave
written informed consent, and they were familiarized with the experi-
ment paradigm before the experiment.

Radiant-heat stimulus energies included four levels (E1: 2.5 J; E2:
3.0 J; E3: 3.5 J; E4:4.0 J), and ten laser pulses at each of the four ener-
gies were delivered in a random order on the dorsum of the left hand,
with a total of 40 pulses per individual. Participants experienced the
laser stimulus and then reported the intensity of pain, using a visual
analog scale (VAS) ranging from 0 to 10 (0: no pain; 10: pain as bad it
could be). Laser stimuli of the four energies elicited graded subjective
pain intensities (E1: 2.9 + 1.5; E2: 3.8 + 1.7, E3: 5.7 + 1.6, and E4:
6.9 + 1.5) (Tu et al., 2016b). Because only using one level of stimulus
energy cannot elicit pain ratings in the whole range from 0 to 10, which
cannot result in a good prediction model, so we used four different lev-
els of stimulus energies with the aim to produce samples which were
suitable for the establishment of a pain prediction model. In addition,
according to our previous studies (Zhang et al., 2012; Huang et al., 2013;
Tu et al., 2016b, 2018) and literature (Gross et al., 2007; Iannetti et al.,
2008; Hu et al., 2014; Hu and Iannetti, 2019), such an experimental de-
sign (4 intensities of energy, each having 10 trials for each participant)
can generate sufficient samples for developing and validating pain pre-
diction models. It should also be noted that, we have elucidated the re-
lationship between stimulus intensities and pain experience (both pain
ratings and pain-evoked fMRI responses were positively correlated with
the stimulus intensity) in our previous publication (Tu et al., 2016b).
We will not discuss the analysis of nociceptive input (including stimu-
lus intensities) in this study because it is outside the scope of this study,
and interested readers can refer to Tu et al. (2016b) for details.

MRI data were collected using a Siemens 3.0 Tesla Trio scanner with
a standard head coil. Functional images were acquired with echo planar
imaging sequence with the following parameters: 255 mm thick slices
and 0.5 mm inter-slice gaps, TR=1500 ms, TE=29 ms, filed of view
=192 x 192 mm, 64 x 64 matrix, 3 X 3 x 3 mm? voxels, flip angle=90°
At the end of the experiment, high-resolution T1-weighted structural
images were collected.

2.1.2. Dataset IT

Dataset II included 49 healthy participants (aged=22.8 + 6.0, 32
females). The initial inclusion and exclusion criteria were based on
the general health questionnaire, pain safety screening form, and fMRI
safety screening form. Participants reported no history of chronic pain,
psychiatric, or neurological disorders. The experimental procedures
were approved by the local ethics committee. All participants gave writ-
ten informed consent, and they were familiarized with the experiment
paradigm before the experiment.

Participants received brief stimuli of three different sensory modali-
ties: nociceptive somatosensory (pain), auditory, and visual. Nociceptive
stimuli were pulses of radiant heat. Auditory stimuli were loud 800 Hz
tones. Visual stimuli consisted of a bright white disk displayed on the
projection screen. Note that we only used nociceptive laser-evoked fMRI
trials in the present study to examine the generalizability of the pro-
posed approach. Nociceptive stimuli included two intensity levels (E1:
3 J; E2: 3.5 J). The experiment consisted of two runs, and within each
run, each type of stimulus was delivered 10 times in a pseudo-random
order, 5 times for each intensity level. As a result, each participant had
20 pain-activated trials. Participants were asked to rate the intensity of
perception for each stimulus using a VAS rating from 0 to 10.

MRI data were collected using a GE 3.0 T MRI scanner with a stan-
dard head coil. Functional images were collected using a standard gradi-
ent echo planar imaging sequence with following imaging parameters:
43 oblique slices, thickness/gap=3/0 mm, acquisition matrix=64 x 64,
TR=2000 ms, TE=29 ms, flip angle=90°, field of view=192 x 192 mm?,
total volume=300. For multi-sensory stimulation task, two sessions with
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454 functional volumes each were administered. At the end of the exper-
iment, high-resolution T1-weighted structural images were collected.

2.2. fMRI data preprocessing and feature extraction

For each subject, structural T1-weighted images were co-registered
to the mean functional image and were then normalized to the Montreal
Neurological Institute (MNI) space using SPM8 (Penny et al., 2007).
fMRI data were slice-timing corrected, head motion corrected, normal-
ized to the MNI space (voxel size =3 x 3 x 3) by mapping T1-weighted
structural images to the MNI template, and then smoothed with an
8 mm FWHM Gaussian kernel. A high-pass filter was applied (cut-off fre-
quency = 1/128 Hz) to the BOLD time-series to remove low-frequency
drifts. Normalization of BOLD responses was performed by subtracting
and then dividing the baseline BOLD signals (at the stimulus onset).
BOLD responses at the 4th scan (for Dataset I with a TR=1.5) or the 3rd
scan (for Dataset II with a TR=2) after stimulus onset were extracted
as features for pain prediction, because BOLD responses at these time
points are normally strong (or even at peaks) and significantly corre-
lated with pain ratings.

To identify nociceptive-evoked fMRI activations, single-subject fMRI
data were analyzed on a voxel-by-voxel basis using the general linear
model (GLM) (Friston et al., 1994). BOLD fMRI responses were mod-
eled as a series of events using a stick function and pain ratings were
included as a parametric modulator of each stimulus, which were then
convolved with a canonical hemodynamic response function. In order
to identify nociceptive-evoked fMRI activations at the group level, sta-
tistical analyses were carried out using a random effects analysis with
one-sample t-test as implemented in SPM8. Considering the problem of
multiple comparisons, family-wise error (FWE) rate (Hochberg, 1988)
was used to correct the significance level (Pgy<0.05).

2.3. Pain prediction model (partial least squares regression)

The trial-by-trial relationship between normalized fMRI features and
pain ratings for each individual was modeled using partial least squares
regression (PLSR), which is a commonly used machine learning method
particularly suitable for multicollinear data (McIntosh et al., 2004;
Krishnan et al., 2011; Hu et al., 2014; Tu et al., 2016a; O’Connell et al.,
2018). For the j-th individual, the PLSR model is formulated as: Y,.(j ) =
XYB9, where Y"is the pain rating of the i th trial, Xis the fMRI
features of the i th trial, and gYis the PLSR model coefficient vec-
tor. Each coefficient in the PLSR coefficient vector gV represents the
predictive capability of the nociceptive-evoked fMRI feature at the
corresponding voxel. The SIMPLS algorithm was used to compute
the PLSR model coefficients (De Jong, 1993). The Matlab function
“plsregress” (https://www.mathworks.com/help/stats/plsregress.html)
was used for the implementation of PLSR in MatlabR2018a (MathWorks;
Natick, MA, US). To identify pain-predictive brain regions at the group
level, we used a one-sample t-test against zero to assess the significance
of PLSR coefficients across individuals.

In the PLSR model, the number of latent components determines
whether the trained model is over-fitted or not. More latent components
lead to a better fitting of the model to the data. But, if too many latent
components are used, the PLSR model may be over-fitted because it
could describe the noise components in the data. On the other hand, if
too few latent components are used, the PLSR model could be under-
fitted for it cannot explain sufficient information of the data. In the
present study, the number of latent components in the PLSR analysis
was estimated using internal cross validation of the coefficient of deter-
mination. The coefficient of determination calculates the percentage of
the variance of the values fitted by the latent components and the total
variance of the dependent variables, and it is a common metric to mea-
sure the fitting performance of a regression model. We used leave-one-
individual-out or leave-one-trial-out cross validation within the training
set for an individual-specific model or a trial-specific model to calculate
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Fig. 2. Schematic representation of the proposed pain prediction approach (individual-specific model and trial-specific model). To build an individual-specific
model, candidate training individuals were grouped into several individual-subgroups by using supervised k-means. The individual-subgroup having the closest fMRI
features to the test individual (as measured by the Euclidean distance between fMRI patterns of the individual-subgroup and the test individual) was selected to
train an individual-specific model. To build a trial-specific model, all trials of the selected individual-subgroups were further grouped into several trial-subgroups by
using supervised k-means. The trial-subgroup having the closest fMRI features to the test trial (as measured by the Euclidean distance between fMRI patterns of the

trial-subgroup and the test trial) was selected to train a trial-specific model.

the coefficients of determination with different numbers of latent com-
ponents (ranging from 10 to 100) and selected the one with the maxi-
mum coefficient of determination as the number of latent components
used in the PLSR model for the test data. Such a method is popularly
used in literature to avoid over-fitting of PLSR models (Faber and Ra-
jko, 2007).

2.4. Proposed individual- and trial-specific model design approach

The basic idea of the proposed individual- and trial-specific fMRI-
based pain prediction approach is to only select a subset of training
samples with similar fMRI activation patterns as test samples. The pro-
cedures of the proposed approach are illustrated in Fig. 2 and detailed
in the following.

2.4.1. Clustering of individuals and trials by supervised k-means

The first step of our proposed fMRI-based pain prediction approach
was to cluster individuals/trials according to their fMRI patterns, so that
one cluster could be selected for training a specific model. More pre-
cisely, a “supervised k-means” method (Gan et al., 2018) was employed
in the proposed approach to cluster individuals/trials into a small num-
ber of subgroups based on their fMRI features. Clustering is usually un-
supervised, which means no label information is used. However, if label
information is available, unsupervised clustering is not the optimal strat-
egy for correctly categorizing samples. Because the label information of
training samples is readily for use in building a pain prediction model,
the proposed approach uses supervised clustering to group individuals
and trials. Compared with unsupervised clustering and semi-supervised
clustering, supervised clustering can identify clusters with high proba-
bility density with respect to a single class while keeping the total num-
ber of clusters small. Supervised clustering has attracted wide attention
in recent years and has been effectively used in many applications, such

as image segmentation (Gan et al., 2018). Generally, supervised cluster-
ing evaluates a cluster based on two criteria: (1) class impurity (which
is measured by the percentage of minority samples in different clusters)
and (2) the number of clusters M (which should be kept small). Sup-
pose C,,was the m-th cluster (m = 1,2, ..., M) obtained by unsupervised
clustering (i.e., k-means used in this study) and N(C,,)was the number
of minority samples in the m-th cluster (C,,), the objective function of
supervised clustering is formulated as:

J(X,M,p)=P(X)+ pL(M)

where P(X)= % Z:f:l N(C,)is the class impurity and L(M)=
V(M —¢)/lwith Ithe size of sample and cthe number of classes.
The value of P(X)is in the range between 0 and 1/c. If samples of one
cluster all belong to the same class, then P(X) = 0. In this study, the
number of classes cwas set to 2 (pain-sensitive or pain-insensitive for
individuals, and low pain or high pain for trials). An individual was
assigned to a pain-sensitive class (mean VAS > 5) or a pain-insensitive
class (mean VAS < 5). A trial was assigned to a high-pain class (VAS>5)
or a low-pain class (VAS <5). To obtain the optimal solution for above
objective function, we can choose different values of Mand calculate
the corresponding J(X, M, f). When J(X, M, f)gets the smallest value,
the corresponding Mis the optimal.

In this study, we used the popular k-means in the framework of
supervised clustering. The supervised k-means method was applied on
individual-level fMRI features (averaged across all trials of one individ-
ual) and single-trial fMRI features in order to divide individuals or trials
into a small number of subgroups. In the following, we introduced two
specifically-designed models, which are respectively established at the
individual level and at the trial level. The individual-specific model can
tailor make a pain prediction model specific to each individual while
the trial-specific model can tailor make a pain prediction model specific
to each trial.
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2.4.2. . Individual-specific pain prediction model

In the individual-specific pain prediction model, we used supervised
k-means to group training individuals into several individual-subgroups
according to their fMRI features (averaged across trials for each individ-
ual). By doing this, the difference of fMRI features of training individuals
within each individual-subgroup is minimized and individuals in one
individual-subgroup have similar and consistent fMRI features. Next,
when predicting the pain intensity of a new individual, we compared the
test individual’s fMRI features with the fMRI features of each individual-
subgroup to find out the most suitable individual-subgroup for training.
More precisely, we determined the optimal training subgroup by com-
paring the Euclidean distance between fMRI features of the test individ-
ual and the center of each individual-subgroup. The individual-subgroup
having the smallest Euclidean distance with the test individual was se-
lected to train a model specific to this test individual. According to our
previous study (Lin et al., 2018), smaller the distance between training
data and test data, smaller the prediction error.

2.4.3. Trial-specific pain prediction model

The individual-specific pain prediction model can effectively miti-
gate the inter-individual variability in pain prediction model. But, the
negative influence of intra-individual variability, or inter-trial variabil-
ity, has not been tackled. Therefore, based on the individual-specific
model, we further developed a trial-specific pain prediction model. Sup-
pose one optimal individual-subgroup is selected to train a model for one
test individual. Next, for each trial of this test individual, we selected
a subgroup of trials (trial-subgroup) from all trials within the selected
individual-subgroup to train a pain prediction model specific to this test
trial. To achieve this, we used supervised k-means again to divide all tri-
als within the selected individual-subgroup into a small number of trial-
subgroups. Similarly, we then calculated the Euclidean distance of fMRI
features between the test trial and the center of each trial-subgroup,
and the trial-subgroup with the smallest difference with the test trial
was selected to train a trial-specific model for this test trial.

2.4.4. Feature sets

To perform a complete and rigorous examination of the proposed
approach, we tested four different types of features (i.e., BOLD fMRI
features within the following four brain regions) separately in the pro-
posed approach. The details of these four feature sets are as follows.

1) Whole Brain: fMRI features of all voxels within the whole brain were
used as features.

2) Pain Matrix: The pain matrix included the primary somatosensory
cortex (SI), the secondary somatosensory cortex (SII), the supple-
mentary motor area (SMA), the prefrontal cortex (PFC), the ante-
rior cingulate cortex (ACC), insula, and thalamus. SI includes Brod-
mann areas 1, 2 and 3, SII includes Brodmann areas 40 and 43, and
other regions of interest (ROIs) are defined based on the AAL atlas
(Tzourio-Mazoyer et al., 2002).

3) Pain-Activated: These pain-activated regions were defined based on
the GLM results during leave-one-individual-out cross validation.
That is, when building a prediction model for one test individual
using all other (N — 1) individuals’ data, we obtained the pain-
activated regions using GLM on (N — 1) individuals. Considering the
problem of multiple comparisons, FWE was used to correct the sig-
nificance level.

4) Pain-Predictive: These pain-predictive regions were defined based
on the PLSR results during leave-one-individual-out cross valida-
tion. That is, when building a prediction model for one test individ-
ual using all other (N — 1) individuals’ data, we obtained the pain-
predictive regions using PLSR on data from each of (N — 1) training
individuals. We further used a one-sample t-test against zero to as-
sess the significance of these model coefficients at the group level,
i.e., (N — 1) training individuals. Considering the problem of multi-
ple comparisons, FWE was used to correct the significance level.
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It is worth mentioning that, Pain-Activated and Pain-Predictive fea-
ture sets used in the new approach were specific for each test individ-
ual in leave-one-individual-out cross validation (see Section 2.4.5): they
were not obtained from all N individuals but obtained from (N — 1)
training individuals. On the other hand, the group-level pain-activated
regions (as revealed by GLM) and the group-level pain-predictive re-
gions (as revealed by PLSR) shown in Fig. 3were obtained from all N
individuals.

All these 4 feature sets have been popularly used in literature to de-
velop pain prediction models: the whole brain (Brodersen et al., 2012;
Tu et al., 2018), the pain matrix (Brodersen et al., 2012), the pain-
activated regions (Duff et al., 2012), and the pain-predictive regions
(Tu et al., 2016a). The main difference between “pain-activated” re-
gions and “pain-predictive” regions is whether these regions are identi-
fied based on subjective pain perception or not. Pain-activated regions
were identified by using GLM, which aims to explain the observed fMRI
time course of a voxel in terms of a linear combination of several refer-
ence functions (in this study, a function representing stimulus presenta-
tion convolved with the hemodynamic response function). On the other
hand, pain-predictive regions were identified by using PLSR, which de-
scribes the perceived pain level (from 0 to 10) as a linear combination of
pain-evoked maximum fMRI responses (the 4th scan after the stimulus
onset) of the whole brain. We can see from above that the key differ-
ence between these two types of regions is that: whether the perceived
pain ratings are taken into consideration when identifying these regions.
Only the time of stimulus presentation was considered when identify-
ing pain-activated regions, so the identified regions were supposed to
be “activated” by the stimulation. On the other hand, subjective pain
ratings are needed to identify pain-predictive regions, so the identified
regions were “predictive” of pain ratings.

It is also important to note that, these four types of features have
two different usages in the proposed model design approach. First, these
features can be used in the supervised clustering method to measure the
distances among samples so that several subgroups of samples can be
defined based on these distances. Second, these features can be used as
independent variables in PLSR models to predict pain intensity.

2.4.5. Cross validation and performance evaluation

The performance of the proposed individual-specific and trial-
specific models was validated on the nociceptive-evoked fMRI dataset
(N =32) using leave-one-individual-out cross validation. More pre-
cisely, a three-step process was used to select the test and the training
individuals.

Step 1. Aleave-one-individual-out cross validation strategy was used to
make one individual as the test individual and (N — 1) individuals as the
candidate training individuals (but only a subgroup of these candidate
training individuals was eventually used for training a model). Such a
cross validation was repeated Ntimes so that each participant acts as the
test individual for once.

Step 2. A supervised k-means method was used to divide the (N —
1) candidate training individuals into a small number of individual-
subgroups, each having a certain number of candidate training individ-
uals, based on these individuals’ fMRI patterns.

Step 3. We compared the fMRI patterns of individual-subgroups with
the fMRI patterns of the test individual. The individual-subgroup having
the closest fMRI feature patterns to the test individual was selected as
the training individuals to train an individual-specific model for the test
individual in this round of cross validation.

Furthermore, a trial-specific model was designed for each trial of the
test individual. That is, all trials in the selected individual-subgroups
were used as candidate training data (but only a subgroup of which
were eventually used for training a trial-specific model). The supervised
k-means method was used to divide all these candidate training trials
into several trial-subgroups, and the trial-subgroup with the closest fMRI
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features patterns to the test trial was selected to train a trial-specific
model. Because one individual had 40 trials, the above procedure for
trial-specific prediction was performed 40 times for each test individ-
ual. It is also worth noting that subgroup formation was independent of
the test samples. Although test samples were indeed used to select one
subgroup for training, but only the samples from the training subgroup
were used for training and the test samples were not involved in the
training.

The conventional cross-individual prediction model, which is not
specific to any individual or any trial, was used as control for the com-
parison with the proposed individual- and trial-specific models. The
conventional non-specific pain prediction model was trained and tested
based on leave-one-individual-out cross validation. That is, 32 individ-
uals were into 31 training individuals and 1 test individual. The same
procedure was repeatedly performed 32 times to make sure that each
individual was used as the test individual once. All trials from training
individuals were used as training trials to build the model, while all tri-
als from the remaining test individual were used as test trials to validate
the model. We can clearly see the main difference between the conven-
tional non-specific model and the proposed specific models is whether
training samples are selected to build a model.

The performance of a pain prediction model was evaluated by us-
ing mean absolute error (MAE), which is the across-trial average of the
absolute values of the estimation error between actual pain ratings and
their estimates. We used one-way repeated measures ANOVA and post-
hoc paired t-test to examine whether there was significant difference
in MAE among different models under comparison (the conventional
non-specific model, the individual-specific model, and the trial-specific
model) for each type of fMRI features (Whole Brain, Pain Matrix, Pain-
Activated, and Pain-Predictive). As mentioned earlier, these four types
of features can be used in supervised k-means as well as in the PLSR
model. Because the main novelty in the proposed approach is the su-
pervised clustering method to define subgroups of training samples, we
used four different types of fMRI features separately in supervised k-
means to examine whether the supervised clustering method is robust
to features used. On the other hand, we consistently used the Whole
Brain features to build the PLSR model for pain prediction in the main
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Fig. 3. (A) Pain-activated brain regions defined by GLM at
the group level. Activated and deactivated regions are shown
in red and blue, respectively (Ppy;<0.05). (B) Pain-predictive
regions defined by PLSR at the group level. Positively and neg-
atively predictive regions are shown in red and blue, respec-
tively (Ppyg<0.05). (C) The pain matrix includes SI, SII, SMA,
PFC, ACC, MCC, insula, and thalamus.

results, because we wanted to make the prediction results comparable
(the number of features varied largely among four feature sets and had
a significant influence on the results). We also did an additional analy-
sis (Additional Analysis 4, as shown below) to examine the prediction
performance of proposed approach by using each type of feature in both
supervised clustering and PLSR modeling.

2.4.6. Additional analyses

We further performed seven additional analyses to examine the per-
formance of the proposed specific models in a more rigorous and com-
plete manner.

Additional Analysis 1 (selection of number of classes in supervised k-
means): We aimed to check how the number of classes influence the
proposed model design approach. Thus, we tested the performance
of the proposed approach using different number of classes (¢ = 2,
3 or 5) in supervised clustering. When ¢ = 2, the cutoff value was 5;
when ¢ = 3, the cutoff values were 4 and 6; when ¢ = 5, the cutoff
values were 2, 4, 6 and 8.

Additional Analysis 2 (selection of cutoff values in supervised k-means):
We further examined the performance of the proposed approach un-
der different cutoff values when ¢ = 2. Five different cutoff values
(2, 4, 5, 6, and 8) were under comparison.

Additional Analysis 3 (performance of using other regression models):
We tested the performance of the proposed approach by using other
regression methods rather than the PLSR model. Two popular regres-
sion models, support vector regression (SVR) and LASSO-principal
component regression (LASSO-PCR), were used in the proposed ap-
proach.

Additional Analysis 4 (performance comparison among different features
used for both supervised k-means and PLSR): We compared the predic-
tion results when each type of feature is used for both clustering
and prediction. More precisely, each type of feature was (1) used in
supervised clustering to measure distances among samples for selec-
tion of samples and (2) used in PLSR models as features to predict
pain ratings.

Additional Analysis 5 (comparison of fitting performance on training
samples): We examined the model performance on selected train-
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ing samples when these selected samples were used to generate a
model for specific test samples. More precisely, for each test indi-
vidual/trial, we used the proposed approach to select a cluster of
training samples to train an individual- or trial-specific model. We
then checked the specific model’s fitting performance on these se-
lected training samples.

e Additional Analysis 6 (correlation between actual and predicted pain rat-
ings): Correlation between actual and predicted values is often used
to evaluate the performance of a prediction model. Thus, we checked
the correlation between actual and predicted values for the proposed
specific models, which used the features Whole Brain for both clus-
tering and prediction. Note that, as pointed out in a recent review
paper (Poldrack et al., 2020), correlation is not an appropriate metric
and should be avoided when evaluating the predictive performance,
because correlation is not sensitive to scaling of the data and could
be biased in the case of leave-one-out cross validation. So, we just
used correlation as an additional metric to evaluate the proposed
approach.

o Additional Analysis 7 (binary classification of high-pain and low-pain):
The proposed approach can also be used to make binary classifica-
tion by categorizing samples into high-pain (VAS>5, positive) and
low-pain (VAS<5, negative). For the binary classification problem,
we used SVM as the classifier, and other procedures were exactly the
same as those in continuous prediction. We also examined and com-
pared the performances of non-specific models, individual-specific
models and trial-specific models.

2.4.7. Inter-individual/trial-subgroup variability of fMRI features

We further explored inter-subgroup difference of whole-brain fMRI
responses at the individual level as well as at the trial level in a
voxel-wise manner, with the aim to identify brain regions showing
significant inter- or intra -individual differences. When training the
individual-specific prediction model, candidate training trials were
divided into several individual-subgroups. Exploring the differences
in fMRI features among these individual-subgroups (called as inter-
individual-subgroup variability) would be useful in understanding the
inter-individual variability in pain-related brain responses. Because of
the leave-one-individual-out cross validation used, different rounds of
cross validation had different individual-subgroups and different num-
ber of subgroups (2, 3, or 4). If there were two individual-subgroups,
two-sample t-test was used to compare the difference of whole-brain
fMRI features between two individual-subgroups in a voxel-wise man-
ner; if the number of individual-subgroups is greater than two, fMRI
features of different individual-subgroups were compared using one-
way ANOVA, followed by post-hoc pairwise comparisons between each
pair of individual-subgroups. The multiple comparison problem was
corrected by using FWE rate. Then, we calculated the probability of
significant inter-individual-subgroup difference for each voxel (i.e.,
the percentage of individuals who have significant inter-individual-
subgroup difference at this voxel). Similarly, we also calculated inter-
trial-subgroup variability to explore differences in fMRI features among
trial-subgroups. To achieve this, we compared the difference of features
between trial-subgroups using two-sample t-test (if there were only two
trial-subgroups) or one-way ANOVA (if there were only more than two
trial-subgroups) for each individual. Subsequently, we calculated the
probability of significant inter-trial-subgroup difference for each voxel
(i.e., the percentage of trials which have significant inter-trial-subgroup
difference at this voxel). Note that, because there were 32 individuals
and each individual had 40 trials, we had in total 1280 trials to calculate
the percentage of trials having significant inter-trial-subgroup differ-
ence. The histograms of the probabilities of significant inter-individual-
subgroup and inter-trial-subgroup differences of all voxels were esti-
mated, and the brain regions exhibiting large inter-individual-subgroup
or inter-trial-subgroup differences were illustrated.
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2.4.8. Validation of the proposed approach on an independent dataset

To check the generalizability of the specific models, we tested the
proposed approach on a new independent dataset. More precisely, train-
ing samples and test samples were from two independent pain-evoked
fMRI datasets, which were acquired at two sites. We evaluated the gen-
eralizability of the proposed approach by training the models using
Dataset I and testing the models using Dataset II. More precisely, for
each individual and each trial in Dataset II, we used the proposed model
design approach to select training samples from Dataset I.

3. Results
3.1. Group-level pain-related fMRI patterns

Fig. 3A shows the brain regions activated (or de-activated) by no-
ciceptive pain stimuli, as revealed by GLM at the group level. Posi-
tively activated regions include SI, SMA, ACC, MCC, thalamus, insula,
while negatively activated region is the ventromedial prefrontal cortex
(vmmPFCQ). Fig. 3B shows the brain regions which are predictive of pain
intensity, as revealed by PLSR at the group level. Positively predictive
regions include S1, SMA and insula, while a negatively predictive re-
gion is vmPFC. Supplementary Table 1 lists the peak coordinates and
cluster sizes of “Pain-activated” and “Pain-predictive” regions. Fig. 3C
shows the “pain matrix”, including SI, SII, PFC, ACC, insula, SMA and
thalamus, which are segmented using the Brodmann and AAL templates.

3.2. Performance of the proposed approach

By using four different sets of fMRI features (Whole Brain, Pain Ma-
trix, Pain-Activated, and Pain-Predictive) for supervised clustering to
select training samples, we compared the prediction accuracy of three
models: the proposed individual-specific model, the proposed trial-
specific model, and the conventional non-specific model, which was
trained on (N — 1) individuals and tested on the remaining one indi-
vidual. Note that, these four different feature sets were only separately
used and compared in the supervised clustering, while the same fea-
ture set, Whole Brain, was used in the PLSR model for pain prediction.
We did this analysis because we aimed to check the robustness of su-
pervised clustering (the core algorithm of the proposed method) by us-
ing different feature sets. Actually, when these features were used for
supervised clustering only and the Whole Brain features were used in
PLSR, there was no significant difference among different feature sets for
individual-specific models (P = 0.309, ANOVA) or trial-specific models
(P = 0.284, ANOVA). Prediction errors (MAE) of the conventional non-
specific model, individual-specific model and trial-specific model were
provided in Table 1and results of ANOVA and post-hoc paired-sample
t-test are listed in Table 2. Fig. 4 provides the prediction performance
in terms of MAE by the three models for each individual. These results
show that, almost all the pair-wise comparisons, except the comparison
between the individual-specific model and the non-specific model by
using Pain Matrix as features (P = 0.077), have significant differences.
Specifically, the trial-specific model has significantly higher accuracy
(lower MAE) than the individual-specific model. Fig. 4 also suggests
that the proposed specific models can improve prediction accuracy con-
sistently for most participants.

The results of seven additional analyses (as introduced in
Section 2.4.6) are mainly shown in the supplementary materials, and
some key results are summarized as below.

o Additional Analysis 1 (selection of number of classes in supervised k-
means): The results in Supplementary Fig. S1 show that the pro-
posed specific models had better performance than conventional
non-specific models. However, we can see from Supplementary Fig.
S1 that individual-specific model and trial-specific model had lower
prediction performance with the increase of ¢, which is explained in
Section 4.5.
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MAE

Table 1
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Prediction errors (MAE, mean+std) of the conventional non-specific model, individual-specific model and
trial-specific model. Four types of fMRI features were separately used for supervised clustering and the

Whole Brain features were used for prediction.

fMRI feature used for supervised k-means

Whole brain P

ain matrix

Pain-activated

Pain-predictive

Non-specific model®
Individual-specific model
Trial-specific model

2.718+0.5922
2.571+£0.525 2
2.445+0.568 2

.586+0.700
.346+0.567

2.542+0.623
2.394+0.592

2.487+0.609
2.357+0.506

#2 Note: For the non-specific model, there was no any selection of training samples, and the supervised
clustering was not used. So, the four feature sets listed were not used and there was only one value for the

non-specific model.

Table 2

Comparison among different pain prediction models based on four different fMRI feature sets used for supervised

k-means.

fMRI feature used for supervised k-means

Whole brai

ANOVA

Post-hoc test (individual-specific vs. non-specific)
Post-hoc test (trial-specific vs. non-specific)
Post-hoc test (individual-specific vs. trial-specific)

P < 0.001
P =0.011
P < 0.001
P =0.014

n Pain matrix Pain-activated Pain-predictive
P < 0.001 P < 0.001 P < 0.001
P =0.077 P = 0.003 P < 0.001
P < 0.001 P < 0.001 P < 0.001
P = 0.009 P =0.010 P = 0.005

5 T T Fig. 4. Comparisons of prediction accuracy
% (in terms of MAE) among the conventional
45" ; ’ i non-specific model, individual-specific model
' and trial-specific model. Four types of fMRI
features (Whole Brain, Pain Matrix, Pain-
ar ?‘ ] Activated, and Pain-Predictive) were used for
| l‘ |:| supervised clustering and the Whole Brain fea-
3.51 .’ 1‘ 7 Non-specific tures were separately used for prediction. Each
" Model red dot denotes the averaged MAE value of one
3k "V,‘\“ﬁ\g 4 participant, and the MAE values of the same
s"i' ““\ participants are connected with thin lines.
o5l };\;!1" | Individual-specific ~ White and gray box shadows indicate 95% con-
’ ) ‘“‘i‘z Model fidence intervals (upper and lower boundaries
Ao of these box shadows are mean+1.96*std, and
2r ] - the red lines are mean values). Significant dif-
Trial-specific ferences obtained by post-hoc paired t-test are

1.5F + Model indicated by asterisks (P < 0.05/3).

1 1

Whole Brain Pain Matrix Pain-Activated

Additional Analysis 2 (selection of cutoff values in supervised k-means):
The results in Supplementary Fig. S2 show that different cutoff val-
ues did not significantly change our observation: the proposed spe-
cific models are more accurate than conventional non-specific mod-
els. Of course, some extreme cutoff values (such as 2 and 8) should
not be used because they make samples highly unbalanced (i.e., the
number of samples in two classes is largely different), which de-
creases the performance of machine learning models (especially for
trial-specific models, as shown in Supplementary Fig. S2-B).
Additional Analysis 3 (performance of using other regression models):
Supplementary Fig. S3 shows that LASSO-PCR, SVR and PLSR can
achieve similar conclusion that the individual-specific model and
the trial-specific model significantly improved prediction accuracy
compared with the performance of the non-specific model, and trial-
specific model had superior performance over the individual-specific
model. However, there is no difference between the results of differ-
ent ML models (PLSR, SVR, LASSO-PCR) (P = 0.48, ANOVA).
Additional Analysis 4 (performance comparison among different features
used for both supervised k-means and PLSR): Supplementary Fig. S4
shows that, there was significant difference in prediction accuracy
among non-specific, individual-specific, and trial-specific models for
Whole Brain (P = 3.95 x 10~%), Pain Matrix (P = 1.97 x 107°), and
Pain-activated (P = 3.03 x 107°) features, but there was no signifi-

Pain-Predictive

cant difference among non-specific and specific models for features
Pain-predictive (P = 0.842). The possible reason for the lower per-
formance of Pain-predictive features is that, the number of Pain-
Predictive features is much smaller than others (the average number
of features for each feature set is, Whole Brain: 55,017, Pain Matrix:
12,453, Pain-Activated: 17,588, Pain-Predictive: 385). Of course,
more features do not guarantee higher accuracy. But in this case,
it is more likely that the number of Pain-Predictive features is too
small so that this feature set contains less predictive information than
other feature sets. In addition, we also compared the prediction accu-
racies of models with different feature sets using ANOVA, and found
no significant difference among four features for non-specific models
(P=0.117) and for individual-specific models (P = 0.475). There was
significant difference among different feature sets for trial-specific
models (P = 0.031, ANOVA). Post-hoc paired t-test showed that, the
prediction errors of using Pain-predictive features were marginally
higher than those of using Whole Brain (P = 0.049), Pain Matrix
(P = 0.035), and Pain-activated (P = 0.019) for trial-specific models.

e Additional Analysis 5 (comparison of fitting performance on training

samples): Supplementary Fig. S5 shows that, there is significant
difference in prediction accuracy among non-specific, individual-
specific, and trial-specific models (P = 2.17 x 10~?). Post-hoc paired
t-test show that, the prediction errors of non-specific model were
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higher than those of individual-specific model (P = 9.54 x 1077),
and trial-specific model (P = 1.14 x 10718), while trial-specific
models were marginally better than individual-specific models and
(P = 0.027>0.05/3). Apparently, the fitting errors on training data
(selected samples) were much smaller than prediction errors on test
data, but they shared a similar pattern (i.e., trial-specific model <
individual-specific model < non-specific model). The possible rea-
son is that, individual- and trial-specific models used training sam-
ples with similar feature distributions, so that these samples may also
share similar model parameters. As a result, the fitting performance
on selected training samples is better for specific models.

o Additional Analysis 6 (correlation between actual and predicted pain
ratings): The correlation results between actual and predicted values
for the proposed specific models were shown in Supplementary Fig.
S6. The Z-transformed correlation coefficients of three models were
0.46+0.075 (mean+std) for non-specific models, 0.49+0.054 for
individual-specific models, and 0.53+0.061 for trial-specific mod-
els, respectively. One-sample t-test showed that correlation values of
non-specific models and specific models are all significantly larger
than zero (P = 1.15 x 10710, 4.57 x 10713, 3.14 x 1073, for non-
specific, individual-specific, and trial-specific models, respectively).
Although the correlation coefficients of different models showed a
similar pattern as the prediction accuracy (i.e., trial-specific model >
individual-specific model > non-specific model), there is no signifi-
cant difference in Z-transformed correlation coefficients among non-
specific, individual-specific, and trial-specific models (p = 0.248,
ANOVA).

¢ Additional Analysis 7 (binary classification of high-pain and low-pain):
The results of binary classification are illustrated in Supplementary
Fig. S7. We have three major observations from this figure. First, the
proposed individual- and trial-specific models were still better than
conventional non-specific models in terms of accuracy, specificity,
and AUC, while trial-specific models had the best results. Second, in
terms of sensitivity, there was no significant difference among three
types of models. Third, the sensitivity of all these models is low,
which means high-pain trials are difficult to be correctly detected.

In the cross-site study, the results in Fig. 5 demonstrate that the
proposed approach has strong cross-site generalizability. The predic-
tion errors (MAE, mean+std) of non-specific, individual-specific, and
trial-specific models were respectively 2.907+0.716, 2.696+0.734, and
2.449+0.844. There was significant difference in prediction accu-
racy among non-specific, individual-specific, and trial-specific models
(P = 8.16 x 107°). Post-hoc paired t-test show that, the prediction
errors of non-specific models were higher than those of individual-
specific models (P = 0.0027) and trial-specific models (P = 1.32 x 10~%),
while individual-specific models had higher prediction errors than trial-
specific models (P = 0.0087). We can see that the proposed approach can
achieve better prediction accuracy for most of individuals. In addition,
by comparing the results on two datasets (Figs. 4 and 5), we can see
that the test performance on Dataset II was relatively lower (as com-
pared with the corresponding results obtained using the Whole Brain
features in Dataset I), which was reasonable because these two datasets
had different feature distributions. However, when we used two-sample
t-test to compare the MAE values of non-specific and specific models
(all of which used the Whole Brain features for supervised clustering
and prediction) between Dataset I and Dataset II, but did not find any
significant difference (P = 0.218 for non-specific models, P = 0.407 for
individual-specific models, P = 0.985 for trial-specific models).

Collectively, all above results validated that the proposed model de-
sign approach is effective, robust, and generalizable.

3.3. Brain regions exhibiting inter-subgroup variability

Fig. 6 shows the histograms of the probabilities of significant inter-
individual-subgroup or inter-trial-subgroup differences of all voxels.
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Fig. 5. Comparisons of prediction accuracy (in terms of MAE) among the con-
ventional non-specific model, individual-specific model and trial-specific model,
which are trained using Dataset I and tested on an independent Dataset II. The
Whole Brain features were used for both clustering and prediction. Each red dot
denotes the MAE value of one participant, and the MAE values of the same par-
ticipants are connected with thin lines. White and gray box shadows indicate
95% confidence intervals (upper and lower boundaries of these box shadows
are mean+1.96*std, and the red lines are mean values). Significant differences
obtained by post-hoc paired t-test are indicated by asterisks (* P < 0.05/3).

It can be seen from Fig. 6 that, there are a large number of voxels
showing significant difference between individual- or trial-subgroups.
A great number of voxels had significant difference between individual-
subgroups with a probability around 50%, while many voxels have sig-
nificant difference between trial-subgroups with a probability ranging
from 10% to 60%. Fig. 7 shows the brain regions with large inter-
individual-subgroup differences and inter-trial-subgroup difference in
the fMRI activation patterns, respectively. It can be seen from Fig. 7 that,
the brain regions exhibiting large inter-individual-subgroup differences
include the pain matrix and the visual cortex, while the brain regions
exhibiting large inter-trial-subgroup differences include S1, MCC, tha-
lamus, precuneus, and visual cortex. More details of brain regions with
significant inter-individual-subgroup difference and inter-trial-subgroup
difference can be found in Supplementary Tables S2 and S3.

4. Discussion

In the present study, we proposed a novel individual-specific and
trial-specific fMRI-based pain prediction approach which can effectively
restrain the adverse influence of inter-individual and intra-individual
differences on pain prediction. The proposed new approach showed
significantly higher prediction accuracy than the conventional method
which used a non-specific model for all individuals or trials under test. In
the following, we will first summarize the relevance and novelty of this
study, and then elucidate why and how the new approach can success-
fully improve the accuracy of pain prediction. The limitation and future
clinical implications of the proposed approach will be also discussed.

4.1. General relevance and methodological novelty

This study is aimed to develop an approach which can produce a
pain prediction model specific to each test individual and even each
test trial, so it is an important step towards solving the problem of in-
dividual variability. Further, because other modalities of data used for
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Fig. 6. Histograms of the probabilities (with respect to all individuals or all trials) of significant inter-individual-subgroup or inter-trial-subgroup differences of all
voxels in the whole brain. A voxel was counted if it had significantly different values between individual-subgroups or trial-subgroups (Pgyy < 1 x 10~7°; two-sample
t-test if the number of subgroups is 2, or one-way ANOVA if the number of subgroups is greater than 2).

Inter-individual-subgroup Difference

Probability 0.1 s 0.8

Fig. 7. Brain regions with significant inter-individual-subgroup difference and inter-trial-subgroup difference in their fMRI activation patterns. Colors indicate the
probabilities (with respect to all individuals or all trials) of significant inter-individual-subgroup or inter-trial-subgroup differences of each voxel.

pain assessment (such as electrocardiogram, electrodermal activity, sur-
face electromyography, facial expression, etc.) also have large individ-
ual variability, this study has a general relevance to the development of
automatic pain assessment techniques. From a broader perspective, ma-
chine learning has been very popularly used in the neuroimaging com-
munity with aims to discover neural signatures and to diagnose brain
diseases, but individual difference is a major source of data heterogene-
ity, which has an adverse effect on the performance of machine learning
models. So, the present study is also relevant to other similar applica-
tions where neuroimaging-based machine learning models are used.
The novelty of the proposed approach is two-fold. First, there are few
studies concerning the development of an fMRI-based pain prediction
model that can handle individual variability. The proposed approach
can design a specific model for each individual and each trial, and thus
it can address both inter-individual variability and intra-individual vari-
ability. Second, to the best of our knowledge, this study is the first at-
tempt to use the dynamic selection technique (Cruz et al., 2018), which
is an active research topic in the machine learning community, for the

design of pain prediction models. The basic idea of dynamic selection
is to design a classifier according to each new sample to be classified
and one common method is to train the classifier based on a local re-
gion of the feature space where the test sample is located (Cruz et al.,
2018). The present study adopted the idea of dynamic selection to train
an individual-specific or trial-specific model for each new test individ-
ual or trial based on their fMRI responses (the feature space). To con-
clude, the novelty of proposed approach includes, (1) it can well address
the problems of two types of individual variability in fMRI-based pain
prediction, (2) it uses the idea of dynamic selection to design a model
specific to each test sample and can achieve better performance.

It is worth mentioning that, the “specific models” are indeed not gen-
eralizable, but the “approach” is generalizable. “Generalizability” means
a well-trained machine learning model can be well used for new samples
without any updating. But, in this study, the generalizability is realized
in a different manner: the model is trained for each new sample. In
another word, the proposed approach (not a model) is generalizable by
designing a new model specific to each new sample. For a new sample in
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a new test dataset, we can use the proposed approach to select training
samples from the training dataset. If there are sufficient training sam-
ples having similar patterns as the test sample in the feature space, the
resultant specific model can achieve good performance on the test sam-
ple. In the present study, we used a cross-site study to demonstrate the
strong generalizability of the proposed approach. Even if the prediction
models are trained from one dataset and applied on another indepen-
dent dataset, the proposed individual- and trial-specific models can still
achieve better performance than conventional non-specific models.

4.2. Principle and interpretability of specific models

From a machine learning point of view, an fMRI-based prediction
model elucidates the relationship between fMRI activation patterns (fea-
tures) and subjective pain intensities (labels), so the model is defined by
the probability distributions of fMRI activation patterns and pain inten-
sities. The rationale behind the proposed specific models is, if training
samples and test samples have similar feature distributions, then the
trained model has good results on test samples. This rationale is based
on our previous work (Lin et al., 2018), which has shown that, the dif-
ference between two individuals’ pain prediction models is determined
by the differences between the probability distributions of their fMRI
features and pain intensities. Hence, if one wants to develop a more ac-
curate pain prediction model, it is of key importance to minimize the
differences in the probability distributions of fMRI activation patterns
and pain intensities between training samples and test samples. Because
it is not possible to know the pain intensities (i.e., class labels) of test
samples in advance, we can only rely on the minimization of the dif-
ference in fMRI activation features between training and test samples.
This inspires us to only use part of training samples, which have similar
fMRI features as the test samples, to design a model.

The new individual-specific and trial-specific prediction models
were proposed based on the idea of the dynamic selection technique
(Cruz et al., 2018). That is, only a subset of training samples, which
have similar fMRI activation patterns as the test sample, should be used
to train a model for one individual or one experimental trial. To achieve
this, we clustered training samples into several subgroups based on their
fMRI activation patterns and then selected one subgroup with the clos-
est fMRI patterns to that of the test sample. The clustering method we
used is a new supervised k-means method. As compared with the con-
ventional clustering methods, such as k-means, the new supervised k-
means method is able to identify clusters with high probability density
with respect to one single class (pain-sensitive vs. pain-insensitive at
the individual level, or high-pain vs. low-pain at the trial level), be-
cause class information is used in clustering. According to our previous
study (Lin et al., 2018), the distance of fMRI features between training
samples and test samples is positively correlated with the prediction ac-
curacy. That is, if training samples and test samples are similar in their
feature patterns, the model should have a higher accuracy, which was
validated in this study.

It is necessary to note that, “individual-specific” and “trial-specific”
models do not simply mean the models are different for each indi-
vidual or trial. Even in the conventional design of models using cross
validation, the models are different for individuals/trials because dif-
ferent training samples are assigned by cross validation. Here in the
proposed approach, “individual/trial-specific” means these models are
specifically designed for each individual/trial by selecting training sam-
ples in an individual/trial-specific manner.

Because the prediction model is specific to each sample, it is hard to
illustrate and interpret all specific models for all individuals and trials
(32 individual-specific models and 1280 trial-specific models for Dataset
D) in a straightforward way. However, the designed specific model itself
is still simple and has good interpretability because of the following
reasons.

First, the PLSR model (no matter whether it is specific or non-
specific) itself is not difficult to interpret: the magnitude of the model

Neurolmage 225 (2021) 117506

coefficient indicates the predictability of the BOLD signal at the corre-
sponding voxel. For example, we can rank the PLSR coefficients to find
the most predictive regions. PLSR is widely used for fMRI decoding and
it has very good interpretability (McIntosh et al., 2004; Krishnan et al.,
2011; O’Connell et al., 2018). In Fig. 3, we have shown that, by using
the PLSR model, we can find pain-predictive regions. Because the iden-
tified pain-predictive regions (including S1, SMA, insula and vmPFC,
etc.) are highly consistent with literature, we did not discuss these pain-
related regions in this manuscript. Of course, each individual and even
each trial may have some specific fMRI response patterns, but it is hard
to interpret each specific model. However, we still take a deep look at
these models and find brain regions that contribute to the inter-subgroup
variability (see Section 4.4).

Second, the flexibility and researchers’ degrees-of-freedom in model
selection are not high. Subgroups are not arbitrary defined, and they
are defined based on similarity of training samples in the feature space
(i.e., fMRI responses). Subgroups cannot be defined based on arbitrary
variables (such as some demographical and behavioral parameters), es-
pecially if they are not related to pain and are not included in the model
as features to predict pain. In the present study, fMRI responses are well
known to be related to subjective pain intensity and are used as fea-
tures for pain prediction, so we use fMRI responses to define subgroups.
Thus, the specific models are not arbitrarily defined and they are defined
based on similarity of pain-related features.

To conclude, the proposed model design approach is not complicated
and the designed specific model is not difficult to interpret. The PLSR
model is neither nonlinear not complex, and it is just a multivariate lin-
ear model with fMRI signals as features. We have a strong rationale be-
hind the proposed model design approach: the approach is based on our
observation that prediction performance is positively correlated with the
similarity between training samples and test samples and is also based
on the common dynamic selection technique. To understand why the
pain prediction models have large inter-subject or inter-trial variability,
we identified and discussed the brain regions contributing to the indi-
vidual difference in the prediction models (as discussed in Section 4.4).

4.3. “Less is more”: quality of training samples matters

This basic idea of the proposed approach is different from the com-
mon viewpoint that more samples should be used to produce a more gen-
eral and accurate prediction model. In general, it is true that a model
trained from more data has better desired properties, which explains
why the number of samples in neuroimaging study has gradually in-
creased in recent years (Lindquist et al., 2017). However, the quality of
data is as important as the amount of data (if not more so). To build a
machine learning model, data should be clean, complete and correctly
labeled, so data cleansing is a crucial step. More importantly, training
data and test data should be homogeneous so that the trained model
can be well applied on test samples. However, in the study of fMRI-
based pain prediction, training data and test data may be largely differ-
ent in their distributions of features and labels, because of the remark-
able inter- and intra-individual differences in pain. As a result, we have
to carefully screen the training data by only keeping a subset of training
data that are similar to test data in their fMRI feature patterns.

Our results clearly showed that, the model trained from a subset of
selected samples had better performance than the model trained from
all samples. In this study, the number of samples used for training a
pain prediction model was ordered as: non-specific model > individual-
specific model > trial-specific model, while the prediction accuracy
was ordered as: non-specific model < individual-specific model < trial-
specific model. These results convincingly proved that a large number
of training samples do not guarantee good performance of a machine
learning model. Training samples should be carefully selected to match
the properties of test samples so that the trained model can obtain sat-
isfactory performance on test samples.
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It must be emphasized that, this study did not imply that we should
not collect more data when building a machine learning model. Actually,
large amount of data is crucial for any machine learning application.
We only argue that, the amount of data used to train a model for any
specific test individual could be small if the properties of data match the
test individual well. Even in our study, the performance of our proposed
approach also greatly depends on the amount of candidate training data.
Only if the amount of candidate training data is large, we can have
more accurately-clustered individual/trial-subgroups and enough data
samples from selected individual/trial-subgroups to train a more precise
model.

4.4. Brain regions exhibiting inter-subgroup variability

In the study, we identified a set of brain regions showing large differ-
ence among individual-subgroups or trial-subgroups. Inter-individual-
subgroup difference of fMRI patterns is mainly located in the pain matrix
and visual cortex, while inter-trial-subgroup difference of fMRI patterns
is mainly located in S1, MCC, precuneus, thalamus and visual cortex.

As for the brain regions showing inter-individual-subgroup differ-
ence, it is not surprising to identify that the pain matrix has significantly
different fMRI activation patterns among individual subgroups. But, it is
interesting to observe the visual cortex showing large inter-individual-
subgroup difference, though the visual cortex was not a pain-activated
or pain-predicative region (as seen from Fig. 3). This observation sug-
gests that the visual cortex also plays a functional role in pain percep-
tion. Conventionally, visual cortex is not considered as a core region of
pain perception, but a series of studies have shown that it may also be
directly or indirectly involved in the processing of nociceptive stimuli
(Sava et al., 2014). For example, visual regions might modulate network
of inhibitory interneurons in early somatosensory regions, which is an
important region perceiving the pain (Cardini et al., 2011).

As for the brain regions showing inter-trial-subgroup difference, the
observed brain regions within the pain matrix include S1, MCC, and
thalamus. Similarly to the observations in the inter-individual-subgroup
difference, the visual cortex also showed inter-trial-subgroup differ-
ence. It is reasonable because visual perception has considerable within-
individual moment-to-moment variability. Besides, the precuneus is
also identified to exhibit large inter-trial-subgroup difference. Some
studies have shown that precuneus is predictive of pain perception
(Mouraux et al., 2011; Wager et al., 2013), but, as discussed in (Lin et al.,
2018; Goffaux et al., 2014), the modulation effect of the precuneus ac-
tivity on pain may not be specific to pain, because precuneus plays an
important role in salience processing.

4.5. Methodological considerations and alternatives

The proposed approach is based on the idea of dynamic selection,
which is a widely-used machine learning technique to design more spe-
cific models for test samples. As shown in Fig. 1, two crucial steps in the
proposed approach are supervised clustering and the machine learning
model. In the following, we will discuss and examine how different pa-
rameters in supervised clustering and different machine learning models
influence the performance of the proposed approach.

In the operation of supervised clustering, the subgroups (clusters)
were primarily determined based on fMRI patterns, while class labels
(pain perception) helped make subgroups more homogeneous (i.e., the
samples in one cluster belong to the same class). In this work, we set the
number of classes c in the objective function of supervised clustering to 2
(pain-sensitive or pain-insensitive for individuals, and low pain or high
pain for trials), and M (the number of subgroups) was calculated as 2, 3,
or 4, depending on the data. Suppose the number of classes c is larger,
the number of clusters M will also be larger, leading to a smaller number
of samples per one cluster (subgroup). As a result, the number of sam-
ples in the subgroup used to train a model becomes smaller, which could
decrease the performance of the model. We tested the performance of
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the proposed approach using other values of ¢ (3 and 5). The results (see
Supplementary Fig. S2) also showed that the proposed specific models
had better performance than conventional non-specific models. How-
ever, we can see from Supplementary Fig. S2 that individual-specific
model and trial-specific model had lower prediction performance with
the increase of ¢, which agreed with our inference. We further found
that the performance of the proposed approach was not significantly in-
fluenced by different cutoff values (as shown Supplementary Fig. S3).
Since it is impossible to exhaust all possible combinations of these pa-
rameters to find the optimal settings, we adopted the current setting
(c = 2, cutoff value = 5) in this study. The proposed approach can also
use other regression methods rather than the PLSR model, but, as shown
in Supplementary Fig. S4, different regression methods did not have sig-
nificantly performance, while they can all approve that the individual-
specific model and the trial-specific model are more accurate than the
non-specific model.

It is necessary to discuss the fMRI features we extracted for pain
prediction. We used the fourth scan after the stimulus onset as fea-
tures, because the fourth scan is normally the peak activation of BOLD
signals and its magnitude is strongly correlated with the intensity of
pain. BOLD responses at discrete time points (especially at the activation
peaks) are often used as features for pain prediction, such as (Marquand
et al., 2010; Brown et al., 2011). Our previous papers (Tu et al., 2016a,
2016b, 2018; Lin et al., 2018; Anter et al., 2020) also extracted the
peak BOLD responses as features to predict the intensity of pain and
achieved satisfactory results. On the other hand, beta-series coefficients
(Rissman et al., 2004; Mumford et al., 2012) are also widely used as
features in pain prediction (Wager et al., 2013; Lindquist et al., 2017).
We checked the correlation between the BOLD magnitudes at the fourth
scan and beta-series coefficients at the single-trial level for the pain-
activated regions, and found they are very strongly correlated (R = 0.95,
P =2 x 107%). Hence, we believe both types of features could result in
reasonable prediction performance.

Further, although the main results in this study are based on continu-
ous prediction, the proposed approach can be used to make binary clas-
sification as well. As shown in Supplementary Fig. S5, the specific mod-
els still can achieve better results than conventional classifiers in terms
of accuracy, specificity, and AUC when classifying high-pain and low-
pain trials. However, there was no significant difference among three
types of models in terms of sensitivity. It can be seen from confusion
matrices that, the major improvement of the proposed specific mod-
els stemmed from the increased number of correctly classified low-pain
samples. Because the number of low-pain samples was much larger than
high-pain samples (665 vs. 535), so the classification performance in
classifying true low-pain samples had a larger influence on the over-
all performance. Also, the sensitivity of all these models is low, which
means high-pain trials are difficult to be correctly detected. One pos-
sible reason is that, high-pain trials have relatively large variability in
their pain-evoked BOLD responses, and some of them are overlapped
with low-pain trials in the feature space. As shown in Supplementary
Fig. S5-D, features of high-pain trials have fewer samples but larger dis-
persion. Hence, some high-pain samples are overlapped with low-pain
trials in the feature space and it is not easy to achieve high sensitivity
in such a circumstance.

In addition, we used the pain ratings and fMRI responses of the
first two energy levels (E1 and E2) as baseline to normalize the pain
ratings and fMRI responses of the other two energy levels (E3 and
E4), and then predict the changes in pain perception observed in E3
and E4 energy levels. Still, we used the PLSR model and the proposed
individual-specific and trial-specific models to make prediction. The
prediction accuracies (mean+SEM) for non-specific model, individual-
specific model, and trial-specific model were respectively 2.05+1.3,
2.04+1.4, and 1.79+1.1. The results showed that, the proposed trial-
specific models had significantly better performance than non-specific
models (P = 7.5050 x 10—, paired t-test) and individual-specific mod-
els (P = 0.0033, paired t-test), but individual-specific modes were only
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slightly (not significantly) better than non-specific models (P = 0.74,
paired t-test). Overall, the results suggest that the proposed approach
can still achieve better performance in this scenario (to predict the
changes in perception observed in E3 and E4 energy levels using E1
and E2 as baselines).

In summary, the proposed approach has robust and consistent perfor-
mance. Although different parameters in supervised clustering and dif-
ferent machine learning models could influence the performance of the
proposed approach, the resultant individual-specific and trial-specific
models normally have higher accuracy than non-specific models in dif-
ferent testing scenarios.

4.6. Limitations and future work

The advantages of the proposed approach have been demonstrated
and discussed in previous sections, but the present study still has some
limitations to overcome before it can be applied in practice. First, the
approach was proposed for and validated on a nociceptive pain dataset,
and it could be extended to be used on other sensory (visual, auditory,
somatosensory, etc.) event-related fMRI data and resting-state fMRI,
which is more popularly used especially in translational study of pain.
It is not difficult to apply the basic idea of the proposed approach on
resting-state fMRI data for an individual-specific prediction model. We
can cluster individuals into a small number of subgroups based on their
resting-state fMRI features, such as the amplitude of low frequency fluc-
tuations (Zang et al., 2007) and resting-state networks (Greicius et al.,
2003), and then select a training subgroup with the closest fMRI pat-
terns with the test individual to train an individual-specific model. Note
that, the trial-specific model is not applicable for resting-state fMRI data,
which does not contain any event-related trials.

Second, the number of participants used in this study was still small
and only one dataset was tested. It is always necessary to rigorously val-
idate a machine learning model on multiple datasets and large-sample
datasets. Also, if more information about the participants (such as de-
mographic variables, behavioral parameters, co-morbidities, and con-
ditions affecting perception) could be recorded and used as indepen-
dent variables in the pain prediction model, the model’s prediction per-
formance could be improved, because such information could also be
related to participants’ perceived levels of pain. However, we did not
record much information during subject recruitment and experiments,
and hence could not do further analyses. It will be definitely useful to
record this information in future. If more information (such as some
demographic and behavioral variables) of participants is available, we
can check whether such information is predictive of pain ratings and
how such information is related to fMRI responses. Some variables that
can provide more predictive capability than fMRI could be considered
as new features, and a new type of pain prediction model based on the
feature space defined by both fMRI activities and these predictive vari-
ables can be established. For example, participants having different co-
morbidities may be clustered into different subgroups for the training
of individual-specific models.

Third, although the proposed pain prediction model only uses fMRI
responses as features, it does not mean the prediction model is only
based on pain-related neural signals. fMRI signals generally contain
many confounding factors, which may have an important influence on
the prediction model. To make clear whether a confounding factor, such
as head motion, contributes to a machine learning model, we can exam-
ine whether this confounding factor alone (if it can be estimated or mea-
sured) is correlated with the variables to be predicted and has any pre-
dictive power in the model. For example, to check the potential effects
of head motion on the pain prediction results, we computed the frame-
wise displacement (FD) of head motion per trial (at the same time as
the fMRI features were extracted, i.e., the 4th scan after stimulus onset).
Then, we calculated the correlation coefficient between FD values and
pain ratings per participant and found that the correlation coefficients
(after Fisher Z-transformation) of all participants were not significantly
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different from zero (correlation coefficients=0.03+0.20, P = 0.47, one-
sample t-test). This result implied that head motion was not correlated
with pain ratings and thus was not predictive of pain ratings. In a recent
paper (Tu et al., 2020) which classified migraine patients and healthy
controls based on fMRI functional connectivity, we used a similar way to
check possible influence of two confounding factors: head motion and
drowsiness. We found that, neither head motion nor drowsiness was
significantly different between migraine patients and healthy controls
and they did not provide significant predictive power for the classifier.
Thus, the influence of head motion or drowsiness on the migraine clas-
sification model was excluded (Tu et al., 2020). However, because fMRI
signals may contain many confounding factors, some of which cannot be
measured or estimated, it is almost impossible to examine whether all
possible confounding factors have an influence on the fMRI-based pre-
diction model. Therefore, the proposed specific pain prediction model
may not depend on neural signals only, even the features used are fMRI
signals only. Future studies should investigate the possible influence of
other confounding factors on pain prediction, which will be helpful in
designing a more accurate and reliable pain prediction model.

Fourth, the computational complexity of the proposed approach
could be high because it needs to train a new model for each test indi-
vidual and even for each trial. However, on the other hand, because the
proposed approach selectively used training samples to train a model,
it can effectively reduce the sample size of the training set and shorten
the training time of the model.

Last but not the least, we still need to explore the applicability of
the proposed approach on pain datasets recorded from clinical prac-
tices. The proposed individual-specific and trial-specific pain prediction
approach could be executed reliably and automatically and could po-
tentially address existing problems of cross-individual pain prediction,
so it has the potential to meet the requirements of clinical applications.
Successful validation of the proposed method on clinical pain data is a
key step towards a precise and individualized pain assessment tool.

5. Conclusions

Remarkable inter- and intra-individual differences in pain experi-
ence and pain-related brain greatly decrease the accuracy of fMRI-based
pain prediction models. It is desired to design more accurate and indi-
vidualized pain prediction models, which are not sensitive to individual
difference in pain, based on advanced machine learning techniques. To
this end, we developed new individual-specific and trial-specific mod-
els to estimate the intensity of pain from single-trial fMRI data. Different
from the common belief that more data samples should be used to train
a more accurate model, the proposed models only selected a small sub-
set of training samples, which have similar features to test samples, to
train a specific model for test individuals or even trials. The superior
performance of the proposed new models over the conventional non-
specific models was validated on a nociceptive-evoked fMRI dataset.
The proposed new individual-specific and trial-specific fMRI-based pain
prediction models could be potentially used to develop more a precise
and objective pain assessment tool.
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