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Scientific background
The experience of pain is multidimensional and constructed through a combination of sensory inputs,
expectations, memories, and other context information. Coordinating such an experience is the central
nervous system, from sensory neurons that send information to the spinal cord and brainstem, to regions
of the brain and cortex which process more abstract dimensions of pain. Because of this complexity, pain
cannot be localized to one brain region, say the insula, but instead relies on pathways that connect the
insula to other regions. This results in a cross-talk between distributed brain regions, systems, and
networks.

Mapping this pattern of neural responses to pain can be achieved by functional magnetic brain imaging
(fMRI) and modeling approaches capable of summarizing the resulting high dimensional spatial data. An
example of this comes from (Woo et al. 2017), “Quantifying cerebral contributions to pain beyond
nociception.” Here, the authors used machine learning to develop a multivariate pattern
biomarker–termed the stimulus intensity independent pain signature (SIIPS)–that accurately predicts
trial-by-trial pain ratings independent of the stimulus intensity. The sensitivity and specificity of this
biomarker was demonstrated in the paper through cross-validation in four fMRI training datasets and two
independent test sets. The SIIPS pattern shows activity in lateral prefrontal cortex and parahippocampal
cortices, nucleus accumbens, and other brain regions involved in pain processing. This brain map,
registered to a standard coordinate space, is the outcome variable of our multiple regression analysis.

Objectives
The research question we are trying to answer is how this spatial pattern of pain-evoked activation fits
into the broader context of brain organization by bridging types of neural data. Over the past decade in
neuroscience, researchers have measured the human brain with increasing spatial and temporal
resolution–using imaging, recording, tracing and sequencing technologies. This has allowed for depth in
understanding the structure and function of the brain, including its myelination, gray matter morphometry,
gene expression, cytoarchitecture, metabolism, intrinsic dynamics, and other measures. A curated library
of more than 40 of these brain maps has been collected into a software tool, Neuromaps (Markello et al.
2022). This open-access resource allows us to contextualize the pain signature (SIIPS) map with respect
to existing structural and functional annotations. In the context of multiple regression, we will statistically
compare the spatial topographies of the SIIPS to a linear combination of Neuromaps predictors to identify
map-to-map similarities.

Data description
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A: Pain Signature. The stimulus intensity independent pain signature, described by Woo et al., 2017, is a
measure of pain evoked activation. The image shows prediction weights in arbitrary units (A.U.). Regional
averages based on the 444-region parcellation in (c) were extracted to represent the outcome variable as
a column vector.

B: Neuromaps. A representative subset of the Neuromaps images (Markello et al., 2022) were used as
predictors in the regression model. We only considered brain maps that had whole brain coverage
(including sub-cortex and cortex), as most regions important for pain processing are located below the
cortical surface. All maps were spatially transformed into the same coordinate space before regional
averages were extracted using the parcelation in (c). This allowed us to create an initial design matrix that
included 34 columns vectors for each map, with rows representing each of the 444 brain regions.

These 34 brain maps represent various functions of the brain, as well as the physiological processes that
underlie these functions. The images can be divided into four main categories: cognitive activation,
cerebral blood flow, synaptic density, and neurotransmitter densities. Each category incorporates data
from different publications and imaging modalities, including (functional) magnetic resonance imaging,
arterial spin labeling, and positron emission tomography.

The cognitive activation map comes from the Neurosynth meta-analysis platform for neuroimaging and
represents the principal component direction of brain activations elicited across hundreds of cognitive
experiments (Yarkoni and Westfall 2017). Cerebral blood flow describes the perfusion of blood through
arteries in the brain, and the rate of flow to different regions (Satterthwaite et al. 2014). The synaptic
density map approximates the number of neuron-to-neuron connections across the brain, which indicate
where densities of neurotransmitters are located in the brain (Finnema et al. 2016). Lastly, individual
classes of neurotransmitters have been imaged using PET and molecule-specific radiotracers. In our
analyses we used maps of neurotransmitter densities for endogenous opioids (Kantonen et al. 2020;
Turtonen et al. 2021), dopamine (Dukart et al. 2018; Jaworska et al. 2020; Sandiego et al. 2015; Kaller et
al. 2017; Sasaki et al. 2012; Smith et al. 2017), serotonin (Fazio et al. 2016; Gallezot et al. 2010;
Radhakrishnan et al. 2018), acetylcholine (Aghourian et al. 2017; Bedard et al. 2019; Hillmer et al. 2016;
Naganawa et al. 2021), glutamate (DuBois et al. 2015), GABA (Dukart et al. 2018), cannabinoids
(Laurikainen et al. 2019; Normandin et al. 2015), norepinephrine (Gallezot et al. 2011), and histamine
(Gallezot et al. 2017).

https://www.zotero.org/google-docs/?Xzrhg6
https://www.zotero.org/google-docs/?BumLNp
https://www.zotero.org/google-docs/?gQfcGI
https://www.zotero.org/google-docs/?djB78A
https://www.zotero.org/google-docs/?djB78A
https://www.zotero.org/google-docs/?0nJ9Ew
https://www.zotero.org/google-docs/?0nJ9Ew
https://www.zotero.org/google-docs/?LFN63f
https://www.zotero.org/google-docs/?LFN63f
https://www.zotero.org/google-docs/?yfr9jH
https://www.zotero.org/google-docs/?yfr9jH
https://www.zotero.org/google-docs/?h8erjB
https://www.zotero.org/google-docs/?ZI1azC
https://www.zotero.org/google-docs/?zOkHvD
https://www.zotero.org/google-docs/?lYRGPg
https://www.zotero.org/google-docs/?tmVcDK


c: Brain parcellation. Deterministic brain parcellation of 444 regions generated from a group of 200
subjects (Bellec et al. 2010).

Data preprocessing and variable selection

a: Variable distribution plot. From the predictors, a histogram of each was plotted to identify those with
skewed distributions that were then log transformed. Because some of the predictors had negative
values, and the majority had arbitrary units, we normalized them to a range of 0-1 through the function

. This was also done to make the logarithmic transformation possible. Plotted here is an𝑥−𝑚𝑖𝑛(𝑥)
𝑚𝑎𝑥(𝑥)−𝑚𝑖𝑛(𝑥)

example where the log of the predictor, dopamine.flb457, helped reduce its skew. The distribution of the
response variable, on the other hand, is approximately Gaussian.

b: Dimensionality reduction. The 34 initial predictors can be grouped into 12 categories based on
similarities between brain maps. These categories include cognitive activation, cerebral blood flow,
synaptic density, and nine neurotransmitter subtypes. To reduce the set of explanatory variables in our
model, we grouped each neurotransmitter subtype into a lower dimensional space using principal
component analysis. For instance, the variables turtonen2020.carfentanil and kantonen2020.carfentanil
both measure the density of opioid receptors and were grouped together. We selected the first component
of each category which represented the most variability across brain maps. This allowed us to reduce the
number of predictors to 12 without losing important information about the distribution of each
neurotransmitter throughout the brain.

c: Variable selection. To further reduce the number of predictors, we used an all subsets regression
approach to find the combination of predictor variables that results in the maximum adjusted R-squared
value (Subset Selection in Regression 2002). This method of variable selection considers all possible
combinations of predictor variables (2^12), allowing us to identify the combination that results in the best
model fit. The graph shows that increasing the number of variables in the multiple regression model
increases the variance explained in the pain signature map, while increasing past seven predictors gives
the model no additional explanatory power. The final subset includes the seven predictor variables that
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explain the most variance in the pain signature, while accounting for the number of predictors in the
model.

Qualitative description

a: Pairs plot. A total of seven predictors from the variable selection stage were plotted against the pain
signature (SIIPS) response variable. In a few of the graphs, the data seems to be normally distributed
whereas some other variables such as serotonin.pc1 and acetylcholine.pc1 are observed to have a
bimodal distribution. This is especially notable in the graphs where there are two clusters of data points,
one for each peak. In other instances, the plots display nonlinearities within the data such as in the plot
graphing mu.opioid.pc1 and histamine which shows an exponential trend. Collinearity is also a problem
within the predictors as many of them, such as serotonin.pc1 and gaba.pc1, have a high degree of
correlation with each other.

Naive model and diagnostics
The naive model is an OLS regression of the response variables (SIIPS) as a function of each of the
seven predictors above, with no higher order terms.



a: Residual plots. The residual errors in the naive model were plotted against each regressor in the
model, as well as against the fitted values. From these plots we identified non-linearity between the pain
signature maps and the regressors for cognitive activation (row 1, col 1) and mu opioids (row 1, col 2).
The downward bending blue curve indicates that there is an approximate quadratic relationship between
these predictors and the response. This was confirmed by a formal test for nonadditivity in (b).

The residual plots also indicate a problem of non-constant variance, which we confirmed in a formal test
for heteroscedasticity (d). For instance, the residuals in relation to serotonin (row 1, col 3) and
acetylcholine (row 2, col 1) show a bimodal distribution. This suggests that these neurotransmitters are
not evenly distributed across the brain and tend to cluster in different regions. Since this is likely an
important characteristic of the data, we decided not to alter their distributions and instead bootstrapped
estimates for variance in the next models.

b: Tukey test for nonadditivity. This statistical test is used to determine whether quadratic terms should
be included in the regression model if they are significantly different from zero (Weisberg 2014). From this
test we decided to add quadratic terms for the cognitive activation (p = 0.003) and mu opioid (p = 0.1)
predictors in the next iteration of the model.

c: Collinearity. From the pairs plot above, there is evident correlation between some of the predictors:
serotonin-GABA, serotonin-acetylcholine, etc. Highly correlated predictors are a problem for model
estimation. The variance inflation factor (VIF) of a predictor measures the degree to which it is correlated
with other predictors in the model, and a VIF above five generally indicates a large inflation of the
variance estimates (Fox and Monette 1992). Because of this, serotonin with a VIF of 10.48 was removed
as a predictor as much of its variability can be explained by acetylcholine alone.

d: Heteroscedasticity. A formal test of heteroscedasticity, the score test for non-constant variance,
indicates that we should reject the hypothesis of constant variance for the residuals (Weisberg 2014).

e: Autocorrelation. Since we are working with brain maps that are spatially autocorrelated, i.e. the
observation units are not independent, there is likely to be autocorrelation in the residuals which would
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violate the assumption of independence of the OLS regression model. We tested the degree of correlation
between the residual and lagged version of the residuals, using the Durbin-Watson statistic (Weisberg
2014). The correlation coefficient (0.02) was not statistically significant, so we cannot claim that the
residuals are autocorrelated. We conclude that the degree of spatial autocorrelation is not biasing our
OLS parameter estimates.

Final model and diagnostics
The final model aimed to address the problems of nonlinearity, collinearity, and heteroscedasticity evident
in the naive model. An update to the OLS model removed serotonin as a predictor and added quadratic
terms for cognitive activation and mu opioids. An ANOVA test of the naive model versus the final model
indicates that the updated model fits the data better (F=8.2, p = 0.004).

a: Residual plots. The residual plots show individual predictors and fitted values of the final model
plotted against the Pearson residuals. All of the predictors now show a linear relationship with the
residuals, including cognitive activation (row 1, col 1) and mu opioids (row 1, col 2). A Tukey test for
non-additivity that confirms adding quadratic terms for these variables fixes the non-linearities (ps > 0.05).

Also evident in the residual plots is the previously discussed non-constant variance (p = 0.005). Because
of this, we disregarded the OLS standard errors and recomputed these estimates, and the statistics that
depend on them, using nonparametric bootstrap. We ran 1000 bootstrap iterations, and for each update,
resampled with replacement all 444 observations. For each iteration, we extracted the coefficients using
the formula of the final model, and calculated the standard errors under heteroscedasticity as the
standard deviations of these estimates. T-statistics were then computed by dividing the original OLS
coefficients by the bootstrap estimates of standard errors. P-values were calculated by 2*Pr(-|t-statistic|)
given (444 - 8 = 436) degrees of freedom. Additionally, we used the distribution of bootstrap coefficients to
estimate the 95% confidence intervals for each coefficient. All the values are summaries in table (c).

b: Diagnostics. Taking a look at the diagnostics, we see that there are three points that seem to exert the
most influence on the entire model: 67, 124, and 204 based on Cook’s distance. Likewise, the studentized
residuals have an approximate t-distribution.
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c: Model summary. In this study, we were able to say that the final model with the 6 predictors (8
regressors) accounted for 27% of the variability within the pain signature. The significant regressors from
the model included cognitive activation (0.80, p = 0.002), acetylcholine (-0.47, p = 0), histamine (0.42, p =
0), I(cognitive activation^2) (-0.62, p = 0.018), and I(mu opioid^2) (-0.21, p = 0.02). Only the cognitive
activation and histamine regressors were positive whereas the other regressors all displayed a negative
coefficient. Further work and research will need to be done and looked into this to see if these findings
make sense despite their statistical significance. The nonsignificant predictors include mu opioid (0.09, p
= 0.057), gaba (0.05, p = 0.23), cannabinoid (-0.09, p = 0.089), and likely all of the other predictors that
we removed previously such as serotonin and the ones omitted from the all subsets regression.

Conclusion
In reference to the initial goal of explaining the distributed pattern of brain activation that relates to the
experience of pain, we have narrowed down a set of spatial maps of brain function and physiology that
explain over a quarter of its region-to-region variance. To improve prediction and variance explained,
more research, data gathering, and analysis would need to be completed. For what we have in the model
summary, many of the significant predictors of pain make sense in the broader scientific context. For
example, cognitive activation shows a significant positive association with the pain signature, meaning
their spatial maps are relatively homogeneous while controlling for the other predictors. This makes sense
in context because the experience of pain is constructed through the interaction of sensory, emotional,
and cognitive networks and brain regions. Likewise, mu opioids are important neurotransmitters for the
endogenous modulation of pain, and are located most densely in brainstem regions that process
ascending pain inputs. The other significant predictors, acetylcholine and histamine, have not been
studied much in the context of pain research, but could be avenues for further exploration.
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