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Research Paper

Machine-learned analysis of the association of
next-generation sequencing–based genotypes with
persistent pain after breast cancer surgery
Dario Kringela,b, Mari A. Kaunistoc, Eija Kalsod, JörnAQ:1 Lötscha,e,*

Abstract
Cancer and its surgical treatment are among the most important triggering events for persistent pain, but additional factors need to
be present for the clinical manifestation, such as variants in pain-relevant genes. In a cohort of 140womenAQ:4 undergoing breast cancer
surgery, assigned based on a 3-year follow-up to either a persistent or nonpersistent pain phenotype, next-generation sequencing
was performed for 77 genes selected for known functional involvement in persistent pain. Applying machine-learning and item
categorization techniques, 21 variants in 13 different genes were found to be relevant to the assignment of a patient to either the
persistent pain or the nonpersistent pain phenotype group. In descending order of importance for correct group assignment, the
relevant genes comprised DRD1, FAAH, GCH1, GPR132, OPRM1, DRD3, RELN, GABRA5, NF1, COMT, TRPA1, ABHD6, and
DRD4, of which one in the DRD4 gene was a novel discovery. Particularly relevant variants were found in the DRD1 and GPR132
genes, or in a cis-eCTL position of the OPRM1 gene. Supervised machine-learning–based classifiers, trained with 2/3 of the data,
identified the correct pain phenotype group in the remaining 1/3 of the patients at accuracies and areas under the receiver operator
characteristic curves of 65% to 72%. When using conservative classical statistical approaches, none of the variants passed
a-corrected testing. The present data analysis approach, using machine learning and training artificial intelligences, provided
biologically plausible results and outperformed classical approaches to genotype–phenotype association.

Keywords:Data science, Machine learning, Next-generation sequencing, Cancer pain, Persistent pain, Breast cancer, Surgery,
Patients, WomenAQ:5

1. Introduction

Persistent pain is a major health care issue affecting about one-
fifth of the European population.9,28 Cancer and its surgical
treatment figure among the most important triggering events.
However, persistent pain does not develop in every patient72;
indeed, its prevalence among breast cancer survivors has been
reported to vary between 25% and 60%.123 In a more recent
analysis, 13.5% of women operated for breast cancer reported at
least moderate pain 1 year after surgery.99 This variance may be
partly due to the way in which persistent pain was defined in the
respective studies. Nevertheless, it has been shown that many

different individual patient factors make amajor contribution to its
development after breast cancer surgery.85,103,129

A genetic component contributing to the individual risk of
chronic pain has been the subject of research for more than half
a century.36 Current evidence indicates that many gene variants
modulate the individual perception of pain and its progression to
persistence.24,25,81,102,160 The association of these gene variants
with persistent pain after breast cancer surgery is currently an
active research topic ( ½T1�Table 1). Selected functional genetic variants
clearly have been a research focus.32 However, it is only recently
that the broad available next-generation sequencing (NGS)100 has
provided unrestricted access to all genetic information.32

In the present analysis, we assessed whether NGS-derived
genotypes were associated with persistent pain in a subgroup of
patients who had been treated with breast cancer surgery. Next-
generation sequencing allowed us to rank the importance of
candidate genes in this clinical context based on any specific
variant, thereby exceeding most previous approaches in which
preselected variants were used. DNA samples and pain data
were available from a cohort of 1000 women58 among whom 70
had been diagnosed with persistent pain, based on ratings
acquired up to 36 months after surgery.85 A recent data-driven
analytical approachwas used63 inwhichmainlymachine-learning
algorithms for classifier building were used to uncover the genetic
background of persistent pain after breast cancer surgery,
although without explicitly aiming to identify a genetic biomarker
for clinical use. Techniques of feature selection41,119 were used to
rank the genes in terms of the relative importance of genetic
variants, thereby training machine-learned algorithms to perform
genotype vs phenotype associations.
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2. Methods

2.1. Patients and pain phenotype

The study followed the Declaration of Helsinki, and both the
Coordinating EthicsCommittee (journal number 136/E6/2006) and
the Ethics Committee of the Department of Surgery (148/E6/05) of
the Hospital District of Helsinki and Uusimaa approved the study
protocol. Informed written consent was obtained from each
patient. The cohort has been described in detail previously.58,99

In brief, 1000 women aged 28 to 75 years, suffering from unilateral
nonmetastasized breast cancer, were enrolled during the pre-
operative visit. Exclusion criteria were neoadjuvant therapy145 and
immediate breast reconstruction surgery. The patients were
treated with breast-conserving surgery or mastectomy, sentinel
node biopsy, and/or axillary clearance. Postoperative analgesia
was standardized, consisting of oral acetaminophen and in-
travenous oxycodone; no regional anesthesia was used. Adjuvant
treatments (radiation therapy, chemotherapy, and hormonal
therapy) were given according to international guidelines.99

Postsurgical pain intensity was assessed with posted ques-
tionnaires at months 1, 6, 12, 24, and 36 after surgery using the

numerical rating scale (NRS) ranging from 0 (no pain) to 10 (the
most severe pain that can be imagined).35 For the diagnosis of
persistent pain, NRS data acquired 12 to 36 months after the
surgery were used. As discussed previously,129 this more
adequately reflects the clinical setting of breast cancer surgery
than the original definition of persistent postsurgical pain, which
proposes a cutoff at 2 months.90 This seems premature, as
adjuvant therapies after breast cancer surgery continue longer.
Persistent pain was defined on the basis of NRS ratings, as
described in detail previously.85 In brief, patients were assigned to
the “persistent pain” subgroup if the following conditions applied:
NRSmonth36 .3 and NRSmonth12…month36 .0 and (NRSmonth36 2
NRSmonth24) $0, whereas patients were assigned to the “non-
persistent pain” group if NRSmonth36#3 and NRSmonth12…month36

#3. Applying these selection criteria to the cohort of 1000
women, n 5 70 patients were identified with persistent pain.85

2.2. Next-generation sequencing

The association of the patients’ genotype with the pain-related
phenotype was explored in a set of candidate genes, using the

Table 1

Reports of a genetic modulation of persistent pain in the clinical context of breast cancer.

Gene NCBI Variant Clinical association Ref.

COMT 1312 rs165774 Increased heat pain sensitivity 55

COMT 1312 rs887200 Increased cold pain sensitivity 55

FAAH 2166 rs324420 Decreased cold pain sensitivity 12

OPRM1 4988 rs1799971 Increased analgesic dosing demands 13

P2RX7 5027 rs208294 Development of persistent postsurgical pain 56

IFNG 3458 rs2069718 Development of persistent postsurgical pain 134

IL1R1 3554 rs2110726 Decreased odds of reporting breast pain 92

IL1R2 7850 rs11674595 Development of severe persistent postsurgical pain 134

IL4 3565 rs2243248 Development of persistent postsurgical pain 134

IL10 3586 rs3024498 Development of persistent postsurgical pain 134

IL13 3596 rs1295686 Increased odds of reporting breast pain 92

NFKB1 4790 rs4648141 Development of persistent postsurgical pain 134

KCNS1 3787 rs4499491 Increased odds of reporting breast pain 14,68

KCNJ3 3760 rs7574878 Decreased odds of reporting breast pain 68

KCNJ6 3763 rs2835914 Decreased odds of reporting breast pain 68

KCNK9 51305 rs3780039 Increased odds of reporting breast pain 68

ADRB2 154 rs2400707 Development of mild persistent postsurgical pain 61

HTR3A 3359 rs10160548 Development of mild persistent postsurgical pain 61

SLC6A2 6530 rs1566652 Development of mild persistent postsurgical pain 61

TPH2 121278 rs11179000 Development of mild persistent postsurgical pain 61

HTR2A 3356 rs2296972 Development of moderate persistent postsurgical

pain

61

SLC6A2 6530 rs17841327 Development of moderate persistent postsurgical

pain

61

SLC6A3 6531 rs464049 Development of severe persistent postsurgical pain 61

TNF 7124 rs1800610 Development of mild persistent postsurgical pain 135

IL6 3569 rs2069840 Development of mild persistent postsurgical pain 135

CACNG2 10369 rs4820242 Development of persistent postsurgical pain 105

The list was created based on a PubMed search for (Pain OR hyperalgesia OR allodynia) AND (cancer OR tumor) AND breast AND (genetic OR gene) AND (polymorphism OR SNP ORmodulation), conducted on June 9, 2018. This

search provided 47 hits. After elimination of 31, 16 reports were kept.
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complete information from coding and regulatory parts accessi-
ble by means of NGS. Next-generation sequencing no longer
restricts genotype vs phenotype association assessments to
a few single-nucleotide polymorphisms as had been the standard
a decade ago.80 Specifically, NGSDNA sequencing now refers to
a number of high-throughput technologies that are capable of
parallel analyzes of large numbers of different DNA sequences in
a single reaction.117 Two different commercial NGS platforms are
currently widely used for diagnostic purposes: the MiSeq/HiSeq/
NextSeq (Illumina, Hayward, CA) and the IonTorrent PGM (Life
Technologies, Carlsbad, CA). Although both platforms differ in
the technical implementation of NGS,63,64 multiple studies have
shown that both NGS platforms provide reliable sequencing
results in routine clinical diagnostics.22,94,128

2.3. Gene selection

A computational functional genomics–based approach for
candidate gene selection was used, as the present genetic panel
had been assembled solely based on evidence of the involvement
of the genes in persistent pain or on functional genomic analyses.
The Thomson Reuters Integrity database at https://integrity.
thomson-pharma.com on July 11, 2018, indicated that 75% of
these genes are targets of approved or novel analgesics under
current clinical development.64 The list of genes partially over-
lapped with 2 other proposed gene sets involved in the
modulation of pain102,160 and was in agreement with the genes
listed in the “PainGenes” database (http://www.jbldesign.com/
jmogil/enter.html).67 However, combining all proposals of pain-
relevant genes into a large panel was not an option because of the
technical limitations of the IonTorrent, restricting the panel size to
500 kb (pipeline version 5.6.2).

2.4. Gene sequencing

Next-generation sequencing was performed for the n 5 70
patients assigned to the “persistent pain” group, according to the
above-mentioned NRS-based criteria. In addition, a similarly
sized random sample of age- and body mass index–matched
patients, assigned to the “nonpersistent pain” subgroup based
on the above-mentioned criteria, was included in the analysis
(age: persistent pain group: 57.96 7.9 years, nonpersistent pain
group: 58.1 6 8 years, the Wilcoxon test: W 5 2476.5, P 5
0.9136; body mass index: persistent pain group: 26.6 6 4.8 kg/
m2, nonpersistent pain group: 25.6 6 3.8 kg/m2, the Wilcoxon
test: W 5 2224.5, P 5 0.3483). The matching criteria reflected
the demographic parameters found to be relevant for the
prediction of persistent pain in the complete cohort of 1000
women.85 Additional relevant parameters included psychologicalAQ:6

parameters and acute postoperative pain-related parameters;
however, matching for those made creation of a 70-case-sized
control sample impossible due to too many restrictions.
Furthermore, an earlier analysis of the same cohort performed
at 1 year after the surgery identified, in addition to above-
mentioned demographic or pain-related parameters, smoking as
a risk factor.129 With respect to smoking, the present persistent
and nonpersistent pain subsamples were similar (the x2 test of
smoking behavior: x2 5 0.552, df 5 3, P 5 0.9073).

Sequencing of coding and regulatory parts of the selected
genes in the n 5 140 DNA samples was performed on an
IonTorrent PGM. A multiplex PCR amplification strategy for the
coding gene sequences was established online (Ion Ampliseq
Designer; http://www.ampliseq.com) to amplify the target
regions specified above. All the amplicons were designed with

25 base pair exon padding. After a comparison of several primer
design options, the design providing the maximum target
sequence coverage was chosen. The ordered 1953 amplicons
covered approximately 97.5% of the target sequence. The
Enriched Ion Sphere Particles that carried many copies of the
sameDNA fragment were subjected to sequencing on an Ion 318
Chip to sequence pooled libraries with 7 to 8 samples. The high-
capacity 318 chip was chosen (instead of the low-capacity 314 or
the medium-capacity 316 chip) to obtain a high-sequencing
depth of coverage for a genomic DNA library with.95% of bases
at 30 times base calls (303, ie, 30 unique reads that include
a given nucleotide). Finally, sequencing was performed using the
sequencing kit (Ion PGMHi-Q Sequencing Kit; Life Technologies,
Darmstadt, Germany), with the 200 base pair single-end run
configuration, according to the manufacturer’s instructions. The
samples were split into 16 equal batches of 8 to 10 samples. The
determination of nucleotide variants from the NGS data was
performed using the software plugin “The Torrent Variant Caller”
as provided by the manufacturer of the IonTorrent device.
Specifically, a called variant is defined as a nucleotide that
disagrees with the nucleotide found in the reference sequence
GRCh37/hg19 (https://www.ncbi.nlm.nih.gov/assembly/GCF_
000001405.13/).

2.5. Data analysis

Data analysis was performed using the R software package
(version 3.4.4 for Linux; http://CRAN.R-project.org/)114 on an
Intel Core i9 computer running on Ubuntu Linux 18.04.1 64-bit.
The analytical protocol for NGS-based genotype vs phenotype
association has recently been established in similarly sized
cohorts carrying or not carrying a pain-related phenotype.63 An
overview of the data analysis is shown in ½F1�Fig. 1. The analysis was
performed in 2 main steps comprising (1) feature selection of
most informative genetic variants followed by (2) supervised
machine-learning–based genotype 3 phenotype association
using the selected variants.

2.6. Selection of informative genetic variants

AsNGSproducedmany candidate genetic variables, a dimension
reduction procedure was implemented to narrow the focus to the
most relevant variables. Therefore, the data analysis started with
feature selection.41,119 This was performed in 5 steps as
described previously in all detail.63 In brief, first, variants found
in the whole patient cohort at allelic frequencies below 10% were
omitted. Second, variants for which the distribution of homozy-
gous and heterozygous carriers differed from expectation,
according to the Hardy–Weinberg equilibrium,45 were omitted.
Third, noninformative variants, such as those carried by almost all
or only a few subjects, were detected based on the Shannon
information,125 and only the most profitable was retained based
on computed ABC analysis.147 The latter is a categorization
technique for the selection of the most important subset among
a larger set of positive numerical items, dividing on amathematical
basis the set into 3 disjointed subsets “A,” “B,” and “C,”155 of
which set “A”contains “the important few.”54 This was calculated
using our R package “ABCanalysis” (http://cran.r-project.org/
package5ABCanalysis).147 Fourth, further variants unlikely to
provide a suitable basis for phenotype class assignment were
excluded based on effect size estimates quantified using x2

statistics110 and again followed by ABC analysis of the x2 values.
Fifth, random forests combined with computed ABC analysis88

were used for feature selection. Specifically, a random

Copyright © 2019 by the International Association for the Study of Pain. Unauthorized reproduction of this article is prohibited.

Month 2019·Volume 00·Number 00 www.painjournalonline.com 3

https://integrity.thomson-pharma.com/
https://integrity.thomson-pharma.com/
http://www.jbldesign.com/jmogil/enter.html
http://www.jbldesign.com/jmogil/enter.html
http://www.ampliseq.com/
https://www.ncbi.nlm.nih.gov/assembly/GCF_000001405.13/
https://www.ncbi.nlm.nih.gov/assembly/GCF_000001405.13/
http://cran.r-project.org/
http://cran.r-project.org/package=ABCanalysis
http://cran.r-project.org/package=ABCanalysis
www.painjournalonline.com


forest–based classifier8,46 was created to assign a patients based
on the NGS information to a pain phenotype. Genetic variants
were iteratively left out from the classification task, and the
decrease in classification accuracy associated with the omitted
variant was retained. The calculations were done using the R
library “randomForest” (https://cran.r-project.org/package5ran-
domForest).74 Subsequently, computed ABC analysis was
applied to select only variants that, when omitted, produced an
important drop in accuracy, ie, belonged to ABC set “A” in this
calculation. The analyses were performed following the concept
of a nested cross-validation analysis.149 Specifically, using 1000
times Monte-Carlo37 resampling, the original data set was class
proportionally split into disjoint training (2/3 of the data) and test
(1/3 of the data) data subsets. Further measures against
overfitting have been described with previous analogous
analyses.63,82

2.7. Genotype vs phenotype association

After feature selection, the genetic variants selected for further
analysis were included in the genotype vs phenotype association
assessments. The analysis followed the same concept as applied
in a previous analogous assessment previously described in
detail.63 In brief, the relationship between the genotypic and the
phenotypic data structure was first explored using unsupervised
machine learning to identify a genetic marker pattern that is
compatible with the class structure of the phenotypes. Following
establishment that the genetic data contained a structure onto
which the phenotype class structure can be superimposed to
a statistically significant degree, mapping of the genetic
parameters to the phenotype classes was performed. The main
idea was to train an artificial intelligence, implemented as different
types of supervised machine learning, to learn how the genetic
information was associated with the pain-related phenotype, and
to subsequently use the trained intelligence to predict a pheno-
type from new genetic data. Should this application perform
better than guessing, the phenotype can be regarded as being
related to the genotype.

The use of the artificial intelligence algorithms for these 2 main
steps of the genotype vs phenotype association analysis has
been described in detail previously.63 In brief, for pattern
identification in the prepossessed NGS genotypes, possibly
reflected in the phenotype class structure, unsupervisedmachine
learning was implemented as a swarm of intelligent agents called
DataBots.142 A parameter-free focusing projection method of
a polar swarm, Pswarm, was used that exploits concepts of self-
organization and swarm intelligence.63,141 Agents of Pswarm

operate on a toroid polar grid. Following learning, DataBots
carrying items with similar features, ie, DataBots associated with
similar data points, are placed in groups on the projection grid.
The identification of emergent cluster structures was enhanced
by displaying the distances between data points as a third
dimension implemented as a so-called U-matrix.83,87 The
corresponding visualization technique is a topographical map
colored like a geographical map facilitating the recognition of data
structures as “valleys” separated by “mountain ridges.” The
calculations were performed using the R library “DatabionicS-
warm” (M. Thrun, https://cran.r-project.org/package5Databio-
nicSwarm).140 Finally, projected data cluster was detected using
the Ward method.153 The association of the genotype clusters
with the phenotype classes was tested using the Fisher exact
statistics.30

Supervised algorithms were used to map the genetic input
space to the output space, defined by the phenotype class

Figure 1. Flowchart of the data analysis, including a complex feature
selection step and the analysis of whether several machine-learned
algorithms, when trained with the original genetic information, associated
the pain phenotype group better than when trained with nonsense
information consisting of permuted genotypes. Feature selection started
with the full NGS information. Subsequently, variants not in the Hardy–
Weinberg equilibrium45 and those rarer than 10% allelic frequency were
eliminated. The next steps involved analysis of information content using
the Shannon125 information criterion and variants most unequally distrib-
uted among phenotype groups, based on the x2 statistic, selected as the
“A” subset of a computed ABC analysis,147 ie, the “most profitable”
items.109 Finally, the genetic variants were ranked for their importance in
a random forest classifier, and only the most relevant items in ABC set “A”
were maintained. This selection was used for genotype vs phenotype
associations, once as original genotype per patient, and gain with permuted
genetic information. To verify that the random forest step in feature
selection had not led to a feature set biased toward this particular algorithm,
the classification was also performed using the feature set obtained before
the last step of feature selection. HW, Hardy–Weinberg; NGS, next-
generation sequencing.
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information. These methods included: (1) random forests,8,46 (2)
adaptive boosting,121 (3) k-nearest neighbors (kNN20), (4) logistic
regression,152 (5) support vector machines,18 and (6) naive Bayes
classification.2 The methods were chosen heuristically, with the
intention to cover a variety of machine-learned classifiers
previously used in pain research,86 such as prototype-based
learning (eg, kNN) or ensemble-learning–based classifications
(eg, boosting of simple decision trees or random forests), with the
addition of classical methods such as logistic regression included
for its vicinity to statistical approaches, or naive Bayes.

Briefly, random forests were introduced during the de-
scription of the feature selection. Boosting121 is another variety
of ensemble learning that approaches classification through
a set of weak learners that are tuned to provide a single strong
learner.59 In the present analysis, adaptive boosting was used
as a successful algorithm for binary classification.122 These
calculations were made using the R package “ada” (http://cran.
r-project.org/package5ada with the partitioning and classifica-
tion package “rpart” https://cran.r-project.org/package5r-
part).21 K-nearest neighbor classification20 was implemented
as a 5NN classifier, as the default of the R package “KernelKnn”
(Mouselimis L, https://cran.r-project.org/package5Ker-
nelKnn). Standard Bayesian classifiers were obtained using
the R package “e1071” (Meyer D, https://cran.r-project.org/
package5e1071). Support vector machines, which classify
data mainly based on geometrical and statistical approaches
used for finding an optimum decision surface (hyperplane), were
created using the R library “kernlab” (https://cran.r-project.org/
package5kernlab).57 Finally, logistic regression152 was per-
formed using the “glm” command and the “family 5 binomial”
switch, as implemented in the R “stats” package114 provided
with the basic installation of the software core package (http://
www.R-project.org/).

The analyses were performed on the original and the
negative control data sets in 1000 cross-validation runs using
Monte-Carlo37 resampling and random splits of the original
training data set into disjoint new training (2/3 of the data) and
test (1/3 of the data) data subsets. The performance of all
classifiers was assessed on the test data subsets created
during cross-validation and is reported as the median of the
resampling runs. The mapping of the feature space (NGS data)
to the output space (pain phenotype groups) was addressed by
training the machine-learning methods on the original data set
and repeated on a negative control data set created by random
permutation of the genetic data in the actual training subset.
The expectation was that the prediction would be consistently
better when using the original genotypes than when using the
permuted genotypes. When trained with permuted data AQ:7,
a classification better than chance, or more precisely, better
than a zeroR classifier that simply assigns every case to the
majority group resulting in 50% in the present sample would
hint at possible overfitting.

Measures to protect against overfitting were implemented as
described elsewhere.82 These included: (1) tuning of available
hyperparameters, (2) the above-mentioned 1000 cross-validation
runs using random splits of the original data set into disjoint
training (2/3 of the data) and test (1/3 of the data) data subsets, (3)
the above-mentioned negative control condition, and (4) the use
of 6 different classifiers to avoid reliance of the analysis on a single
method in which occasionally overfitting may have occurred. The
addition of further classifiers also considered a possible bias in the
features selection that relied on random forests. In addition, the
genotype vs phenotype associations were repeated using the
feature set that had been obtained before random forests
followed by ABC analysis had been performed during feature
selection.

Figure 2. Selection of informative variants using random forest analysis followed by computed ABC analysis: (A) Computed ABC analysis of the forest-based
feature ranking (Supplementary Fig. 1, http://links.lww.com/PAIN/A795) of the importance of the genetic variants for class association of patients to the “persistent
pain” or the “nonpersistent pain” subgroups. The ABC plot (blue line) shows the cumulative distribution function of themean decreases in accuracy, along with the
identity distribution, xi 5 constant (magenta line), ie, each feature contributes similarly to the classification accuracy (for further details about computed ABC
analysis, see Ref. 147). The red lines indicate the borders between ABC sets “A,” “B,” and “C.” Only set “A” containing the most profitable items was selected as
most genes for the identification of patients with persistent pain. (B) Bar plot of the number of genetic variants found in ABC set A during the 1000 runs. (C) Bar plot
of the features’ importance in descending order of their appearance in ABC set “A” during the 1000 runs. As set “A” had most frequentlyAQ:16 a size of d5 21, the 21
variants (blue bars) found most frequently in set “A” were selected as the most relevant lipid mediators for the association with persistent pain. The figure was
created using the R software package (version 3.4.4 for Linux; http://CRAN.R-project.org/).114 In particular, the computed ABC analysis was performed and
plotted using our R package “ABCanalysis” (http://cran.r-project.org/package5ABCanalysis).147
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In addition to the machine-learned approach to genotype–
phenotype association, a classical x2 test analysis was performed
on the variants found at allelic frequencies .10%, without any
further feature selection.

3. Results

Next-generation sequencing data were obtained from n 5 140
patients equally distributed across phenotype classes of “per-
sistent pain” or “nonpersistent pain.” The genetic information
initially comprised d5 4748 loci for which in at least one subject,
an allele was observed that differed from the hg19 reference
genomic sequence and for which the allelic distribution corre-
sponded to the expectation from the Hardy–Weinberg equilib-
rium (the Fisher exact tests: P. 0.05). Most of the variants were
rare, selecting only those found at allelic frequencies $10%
provided d 5 520 variants. Following feature selection based on
the Shannon information criterion, d 5 249 variants passed, and
following application of the criterion based on x2 statistics for
phenotype group differences, d 5 86 genetic features remained
in the data set. The final step of feature selection reduced the set
further to d 5 21 variants (½F2� Fig. 2). The selected variants covered
13 different genes and had different putative molecular functional
consequences (½T2� Table 2). The frequencies of the minor alleles
ranged between 19.3% and 40%, with a median of 31%.
Specifically, variants in the ABC set “A” belonged, in descending
order of importance (Supplementary Fig. 2, available at http://

links.lww.com/PAIN/A795), to the genes DRD1, FAAH, GCH1,
GPR132,OPRM1,DRD3, RELN,GABRA5,NF1,COMT, TRPA1,
ABHD6, and DRD4 (for gene names, see ½T3�Table 3).

Unsupervised machine learning, aiming at data structure
detection, was applied to analyze the 140 3 21-sized matrix
comprising d5 21 genetic variants acquired in n5 140 patients.
Training of a swarm of intelligent data bots provided a structure-
preserving projection of the high-dimensional data space
D5 fxi;d; i5 1;…; ng⊂ℝd onto a 2-dimensional toroid projection
grid ( ½F3�Fig. 3). Following addition of the U-matrix, a cluster structure
emerged from the separation of the data bots carrying the genetic
information into 2 distinct groups as visually indicated by
a “mountain range” on the topographic map analogy (Fig. 3
top). This was verified byWard clustering that indicated 2 clusters
differing with respect to the pattern of genetic variants (Fig. 3).
Finally, the cluster membership was found to be unequally
distributed among the phenotypes (the Fisher exact test: P ,
0.05). This supported further exploration of the genetic in-
formation for relevance for the phenotypic classification.

Supervised machine learning, applied in cross-validation
experiments using 1000 Monte-Carlo random resamplings of 2/
3 vs (new training subset) 1/3 (new test) of the data (Supplemen-
tary Fig. 1, available at http://links.lww.com/PAIN/A795), pro-
vided the consistent observation that when using the true NGS
genotypes, the phenotype class assignment was better than
guessing ( ½T4�Table 4). This is indicated by the fact that values for
accuracy exceeded 50%, which would be zeroR expectation

Table 2

Genetic variants (d5 21) that were included in the genotype–phenotype associations following the feature selection step of the

data analysis (Fig. 1).AQ:15

Gene Variant DNA change Molecular consequence dbSNP ID

DRD1 X5.174870196.SNV C.T UTR5 variant rs5326

FAAH X1.46879562.SNV T.G UTR3 variant rs2295632

FAAH X1.46870761.SNV C.A Missense variant rs324420

GCH1 X14.55310003.SNV T.C UTR3 variant rs45454691

GPR132 X14.105516226.SNV C.G UTR3 variant rs12890396

OPRM1 X6.154449850.SNV C.A UTR3 variant rs613355

DRD3 X3.113890815.SNV C.T Missense variant rs6280

RELN X7.103136102.SNV C.A Intronic variant rs2528873

GABRA5 X15.27188459.SNV C.T Synonymous coding variant rs140685

GPR132 X14.105532002.SNV T.C UTR5 variant rs3809469

GPR132 X14.105531945.SNV A.G UTR5 variant rs3809470

NF1 X17.29703438.SNV C.G UTR3 variant rs1800845

GPR132 X14.105522201.SNV C.T UTR5 variant rs7157567

COMT X22.19956781.SNV G.A UTR3 variant rs165599

TRPA1 X8.72938359.SNV T.C Intronic variant rs2305019

TRPA1 X8.72938332.SNV G.A Intronic variant rs2305017

GABRA5 X15.27182656.SNV A.G Intronic variant rs61999613

GPR132 X14.105523663.SNV G.A Intronic variant rs7147439

ABHD6 X3.58270963.SNV T.C Intronic variant rs6774235

ABHD6 X3.58280061.SNV T.C UTR3 variant rs6924

DRD4 X11.640860.Del delG UTR3 variant —

Their potential biological functions were queried from several publicly available databases (NCBI gene index database at http://www.ncbi.nlm.nih.gov/gene; GeneCards at http://www.genecards.org, Short Genetic Variations

database (dbSNP) at https://www.ncbi.nlm.nih.gov/snp, and the “1000 Genomes Browser” at https://www.ncbi.nlm.nih.gov/variation/tools/1000genomes; all accessed on June 2018). The order of the variants corresponds to

their importance for phenotype association shown in Supplementary Figure 2, http://links.lww.com/PAIN/A795.

Del, nucleotide deletion; Ins, nucleotide insertion; SNV, single-nucleotide variation.
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(Supplementary Fig. 3, available at http://links.lww.com/PAIN/
A795). Specifically, accuracies obtained with random forests,
adaptive boosting, kNN, naive Bayes, support vector machine,
and regression-based classifiers were 71.7, 71.7, 65.2, 67.4,
71.7, and 65.2, respectively; the values of the areas under the
receiver operator characteristic were similar as those of the
accuracies (Table 4). The above-mentioned obtained balanced
accuracies exceeded the balanced accuracies that were
obtained when training the algorithms with d 5 86 variants that

Table 3

Genes included in the NGS panel of persistent pain.

Gene symbol NCBI Gene description Ref.

ABHD12 26090 Abhydrolase domain containing 12 60

ABHD16A 7920 Abhydrolase domain containing 16A 60

ABHD6 57406 Abhydrolase domain containing 6 60

ADCY1 107 Adenylate cyclase 1 148

ADRB2 154 Adrenoceptor beta 2 47

BDNF 627 Brain-derived neurotrophic factor 106

CACNG2 10369 Calcium voltage-gated channel auxiliary subunit

gamma 2

105

CDK5 1020 Cyclin-dependent kinase 5 158

CHRNB2 1141 Cholinergic receptor, nicotinic, beta 2 26

CNR1 1268 Cannabinoid receptor 1 (brain) 131

COMT 1312 Catechol-O-methyltransferase 29

CSF1 1435 Colony-stimulating factor 1 143

DLG4 1742 Discs, large homolog 4 (Drosophila) 31

DRD1 1812 Dopamine receptor D1 108

DRD2 1813 Dopamine receptor D2 108

DRD3 1814 Dopamine receptor D3 112

DRD4 1815 Dopamine receptor D4 11

EGR1 1958 Early growth response 1 62

ESR1 2099 Extrogen receptor 1 116

FAAH 2166 Fatty acid amide hydrolase 53

FKBP5 2289 Fk506-binding protein 5 33

FOS 2353 Cellular oncogene FOS 1

FYN 2534 Src family tyrosine kinase 76

GABRA5 2558 GABA A receptor, alpha 5 6

GALR2 8811 Galanin receptor 2 50

GCH1 2643 GTP cyclohydrolase 1 139

GDNF 2668 Glial cell–derived neurotrophic factor 120

GFRA1 2674 GDNF family receptor alpha 1 157

GPR132 29933 G-protein-coupled receptor 132 48

GRIN1 2902 Glutamate receptor, NMDA 1 111

GRIN2A 2903 Glutamate receptor, NMDA 2A 111

GRIN2B 2904 Glutamate receptor, NMDA 2B 111

GRM5 2915 Glutamate receptor, metabotropic 5 151

HCN2 610 Hyperpolarization-activated cyclic nucleotide-gated 146

HLA-DQB1 3119 Major histocompatibility complex, class II, DQ beta

1

27

HLA-DRB1 3123 Major histocompatibility complex, class II, DR beta 1 27

HRH3 11255 Histamine receptor H3 49

HTR1A 3350 5-hydroxytryptamine (serotonin) receptor 1A 75

HTR2A 3356 5-hydroxytryptamine (serotonin) receptor 2A 104

IL10 3586 Interleukin 10 134

IL1B 3553 Interleukin 1B 78

IL1R2 7850 Interleukin 1 receptor type 2 134

IL4 3565 Interleukin 4 136

IL6 3569 Interleukin 6 127

Table 3 (continued)

Gene symbol NCBI Gene description Ref.

KCNS1 3787 Potassium voltage-gated channel, modifier

subfamily S, member 1

19

KIT 3815 Tyrosine kinase KIT 137

LTB4R 1241 Leukotriene b4 receptor 65

LTB4R2 56413 Leukotriene b4 receptor 2 65

NF1 4763 Neurofibromin 1 156

NGF 4803 Nerve growth factor 66

NTF4 4909 Neurotrophin 4 66

NTRK1 4914 Neurotrophic tyrosine kinase 1 66

OPRD1 4985 Opioid receptor delta 1 71

OPRK1 4986 Opioid receptor kappa 1 40

OPRM1 4988 Opioid receptor mu 1 79

OXT 5020 Oxytocin prepropeptide 38

P2RX7 5027 Purinergic receptor P2X7 133

PLCB1 23236 Phospholipase C, beta 1 126

PRKCG 5582 Protein kinase C, gamma 130

PRNP 5621 Prion protein 34

PTN 5764 Pleiotrophin 39

PTPRZ1 5803 Protein tyrosine phosphatase Z 1

RELN 5649 Reelin 10

RET 5979 RET receptor tyrosine kinase 132

RUNX1 861 Runt-related transcription factor 1 16

S100B 6285 S100 calcium-binding protein B 159

SCN9A 6335 Sodium voltage-gated alpha subunit 9 115

SLC6A4 6532 Serotonin transporter 107

SOD2 6648 Superoxide dismutase 2 124

TH 7054 Tyrosine hydroxylase 7

TLR4 7099 Toll-like receptor 4 51

TNF 7124 Tumor necrosis factor 73

TRPA1 8989 Transient receptor potential cation channel,

subfamily A, member 1

5

TRPM8 79054 Transient receptor potential cation channel,

subfamily M, member 8

5

TRPV1 7442 Transient receptor potential cation channel,

subfamily V, member 1

5

TRPV4 59341 Transient receptor potential cation channel,

subfamily V, member 4

5

TSPO 706 Translocator protein 77

The selection of the genes has been described previously in more detail,64 including evidence for the

involvement of the respective gene in persistent pain.

NGS, next-generation sequencing; NMDA, N-methyl-D-aspartate.
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had been identified before the last step of feature selection
(67.4%, 67.4%, 64.1%, 65.2%, 67.4%, and 56.5%, respectively),
emphasizing the utility of a dimension reduction before training
machine-learning algorithms. By contrast, class assignment
using the permuted, and therefore meaningless, genotype
information used as the negative control was 50%, thus,
corresponding to chance. The best median classification
accuracy with the true genotypes was obtained with random
forests, adaptive boosting, and support vector machines
(Table 4). The use of random forests already in feature selection
did not produce a bias toward this particular algorithm, as
indicated by the similar classification performance of all algo-
rithms. This was true either with the set of 21 variants included in
the final result or with the set of 86 variants that had been obtained
during feature selection before random forests had been
included.

Finally, a classical x2 test–based genotype vs phenotype
association was performed for comparison. Using the d 5 520
variants observedAQ:8 at allelic frequencies $10% resulted in 24 P
values ,0.05 but only at the uncorrected a-level (½F4� Fig. 4).
However, when corrected according to Bonferroni,4 the resulting
a level of 9.61 3 1025 for the d 5 520 genetic variants was
exceeded for all gene loci.

4. Discussion

The analyses showed that selected genotypesAQ:9 , obtained by NGS
of coding and regulatory parts of genes reported to be involved in
the modulation of pain, are able to correctly assign a patient
phenotype to either pain persistence after breast cancer surgery
or not. This can be concluded from the observations that (1)
machine-learned algorithms trained with the true genetic in-
formation were able to assign an individual to the correct pain
phenotype group better than just guessing, and that (2)
algorithms trained with the random genetic information were
unable to perform this task while not differing from performance
obtained by guessing. Thus, the main result of the preset analysis
is the unequivocal establishment of a genetic background of pain
persistence after breast cancer surgery. Moreover, the present
analysis narrowed the focus from initially 77 candidate genes to
finally 13 genes in which variants were associated with group
differences in the development of pain over the 3 years after
breast cancer surgery.

An interesting result of the present analysis is that the highest-
ranked variants are located in genes involved in dopaminergic
pathways, including the receptor genes DRD1, DRD3, DRD4,
and the tyrosine hydroxylase gene TH, which codes for a rate-
limiting enzyme in dopamine synthesis. So far, variants in these
genes have been implicated in promoting chronic back
pain.42,43,52,91 Their implication in pain after breast cancer
surgery is novel. Variations in genes operating in the catechol-
aminergic and serotonergic pathways (COMT, HTR2A, HTR3A,
SLC6A2, andSCL6A3) are logical candidates thatmay contribute
to the development and severity of persistent pain after breast
surgery. Catecholamine and serotonin serve as principal neuro-
transmitters and play important roles in both the peripheral and
central mechanisms of pain.61 These neurotransmitters activate
peripheral nociceptors during tissue injury and contribute to the
development of central sensitization.96 Dysfunction in both
catecholamine and serotonin neurotransmission is implicated in
the development of persistent pain syndromes.3

Several of the highest-ranking variants (Supplementary Fig. 2,
available at http://links.lww.com/PAIN/A795) are located in the
G-protein-coupled receptor 132 (G2A) gene (GPR132). The G2A

receptor is an antiproliferative cell cycle regulator that can be
induced by several different stimuli, including different classes of
DNA-damaging agents such as hydroxyurea, 59-fluorouracil,
cytosine arabinoside, etoposide, taxol, or doxorubicin.154 Of
note, most of the present patients had received docetaxel in
addition to 5-fluorouracil, epirubicin, and cyclophosphamide.129

The G2A receptor is implicated in chemotherapy-induced
peripheral neuropathic pain, as its activation sensitized the
ligand-gated ion-channel TRPV1 in sensory neurons through
activation of protein kinase C.48 The highest-ranked GPR132
SNP in the present association analysis was rs12890396, which
is a micro-RNA target site that has been implicated among risk
factors for endometriosis.

GABAergic mechanisms play a role in the mediation and
perception of pain, and at least some types of persistent pain
have been associated with a decline in GABAergic tone.93 At the
cellular level, opioids and cannabinoids are thought to activate
descending analgesic pathways indirectly by suppressing in-
hibitory GABAergic inputs into output neurons of these descend-
ing pathways.70 In addition to these roles of GABRA5 in pain, the
receptor has been implicated in the progression of breast cancer
where GABRA5mutations have been found in the primary tumor
and first metastases.97 Within the candidate gene approach, the
appearance of COMT among the genes with the most relevant
variants for the association to the present persistent pain
phenotype groups provides support to the suggestion23 that it
is a key genetic modulator of pain in the average population.
Interestingly, otherCOMT polymorphisms increasing heat or cold
pain sensitivity before breast cancer surgery have already been
detected in the same cohort of women as previously reported.55

Similarly, GCH1 variants have been implicated in protecting
against pain. A pain-protective haplotype has been reported,
which is composed of 15 single-nucleotide polymorphisms in the
GCH1 gene.139 Presently, the X14.55310003.SNV correspond-
ing to the database listed variant rs45454691 was among the
highest-ranked modulators of the risk of persistent pain. This
variant is located in the 39 downstream region of the gene. It was
more frequent in the “persistent pain” group (Supplementary Fig.
1, available at http://links.lww.com/PAIN/A795). However, it is
not included in the “pain-protective”GCH1 haplotype, mentioned
above, and therefore, its higher frequency among patients with
pain does not contradict prior knowledge.

Reelin is a glycoprotein that modulates N-methyl-D-aspartate
receptor function17 and plays a role in sensory processing.101

RELN mutations have been associated with mechanical and
thermal hypersensitivity.150 A direct link to breast cancer may be
based on the role of reelin in the control of cell migration and
tumor invasiveness.15 In addition, a role of neuroinflammation in
persistent pain is increasingly recognized. For example, one of
the sites of interaction of the immune system with chronic pain
has been identified as neuroimmune crosstalk at the glial–opioid
interface.144 In addition, FAAH95 and GCH169 also play a role in
pain-related inflammatory processes. FAAH variants have been
identified in an independent analysis of 9 different pain
phenotypes in the same cohort,12 as well as P2RX7.56 Moreover,
a link between FAAH and breast cancer is supported by reports
that cannabinoid receptor agonists inhibited tumor growth and
metastasis of breast cancer.113

Considering the role of the m-opioid receptor gene OPRM1 in
pain, through both its effect on pain sensitivity and opioid
analgesia, it was not surprising that it was among the highest-
ranking variants. The 118A.G single-nucleotide polymorphism
(OPRM1 rs1799971) is of great scientific interest. It modulates
both the expression and signaling efficiency of the m-opioid
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receptor. However, in the present cohort, rs1799971 was not
associatedwith persistent pain, although an earlier analysis13 had
associated rs1799971 with postoperative oxycodone demands
and several other studies with the demands of other opioids. On
the other hand, OPRM1 rs613355 was among the most relevant
genetic variants. This variant seems to be an expression
quantitative trait locus (eQTL), defined as genomic loci that
explain all or a fraction of variation in expression levels of
mRNAs.118 Specifically, rs613355 is listed as located in a cis-
eQTL locus for OPRM1,44 a locus that maps to the approximate
location of their gene-of-origin. Its association with OPRM1

expression was statistically significant at P 5 0.01.

In the light of the limitations of the present data, the accuracy of
71% for the prediction of persistent pain seems remarkable. First,
the cohort was small, owing to the ,10% of patients who
developed persistent pain among the originally enrolled 1000
patients,98 and replication of these findings is needed in an
independent and larger sample. Second, this study included
replications using data splits and resampling techniques in cross-
validation experiments. However, a completely independent
control cohort was not available. Nevertheless, some of the
candidate genes were taken from positive reports of an
association of variants with pain-related phenotypes, making
the present analysis, in part, a replication study of earlier

Figure 3.Data structure found in the NGS genotypes and its relation with the phenotypes: (A) Visualization of high-dimensional data consisting of d5 21 variants in
13 different genes analyzed in n5 140 subjects. The data were projected onto a 2-dimensional grid using a parameter-free projection polar swarm, Pswarm.142

During the learning phase, the DataBots were allowed adaptively adjusting their location on the grid close to DataBots carrying data with similar features, with
successively decreasing search radius. When the algorithm ends, the DataBots become projected points. To enhance the emergence of data structures on this
projection, a generalized U-matrix displaying the distance in the high-dimensional space was added as a third dimension to this visualization.141 The U-matrix was
colored to appear as a geographical map with brown (up to snow-covered) heights and green valleys with blue lakes. Watersheds indicate borderlines between
different groups of subjects according to the pattern of repeated cold pain measurements. The data points are colored according to the emerging 2-cluster
structure. (B) Ward clustering of the projected data clearly indicated 2 clusters. (C) Subjects belonging to the different genotype clusters were unevenly distributed
across the pain phenotype groups, ie, assignment to either the nonpersisting pain or the persisting pain group, at a statistical significance level of P, 0.05 (the
Fisher exact test). The mosaic plots represent the contingency table of the genotype vs phenotype class structure (membership size). The figure has been created
using the R software package (version 3.4.4 for Linux; http://CRAN.R-project.org/),114 in particular the libraries “DatabionicSwarm” (https://cran.r-project.org/
package5DatabionicSwarm)142 and “gplots” (Warnes et al., https://cran.r-project.org/package5gplots). NGS, next-generation sequencing.
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Table 4

Performance of classifiers obtained using different machine-learned methods (random forests, adaptive boosting, k-nearest neighbors [kNN], naive Bayes, and support vector

machines [SVM]) that were trainedwith (1) the original genetic information and (2) using training data subsets constructed to provide a negative control by permuting the original

genotypes.

Parameter Random forests Boosting kNN Naive Bayes SVM Regression

(%) Original
data
(d 5 21
variants)

Original
data
(d 5 86
variants)

Permuted
training
data

Original
data
(d 5 21
variants)

Original
data (
d 5 86
variants)

Permuted
training
data

Original
data
(d 5 21
variants)

Original
data
(d 5 86
variants)

Permuted
training
data

Original
data
(d 5 21
variants)

Original
data
(d 5 86
variants)

Permuted
training
data

Original
data
(d 5 21
variants)

Original
data
(d 5 86
variants)

Permuted
training
data

Original
data
(d 5 21
variants)

Original
data
(d 5 86
variants)

Permuted
training
data

Sensitivity,

recall

73.9 65.2 47.8 69.6 69.6 47.8 60.9 69.6 52.2 69.6 60.9 47.8 69.6 69.6 47.8 56.5 56.5 50

Specificity 73.9 69.6 47.8 73.9 69.6 47.8 69.6 56.5 52.2 69.6 65.2 52.2 73.9 65.2 52.2 73.9 56.5 52.2

Positive

predictive

value,

precision

72 66.7 50 71.4 68.4 50 66.7 62.5 50 68.2 65.2 50 71.4 66.7 50 66.7 55.2 50

Negative

predictive

value

72.7 66.7 50 70.8 68.2 50 64.3 66.7 50 68.2 64 50 70.8 66.7 50 62.3 55 50

F1 72.3 66.7 50 70.8 68.1 50 63.9 66.7 51.1 68.2 63.6 50 71.1 66.7 50 60.9 54.5 50

Accuracy 71.7 67.4 50 71.7 67.4 50 65.2 64.1 50 67.4 65.2 50 71.7 67.4 50 65.2 54.3 50

Area under

the ROC curve

71.7 67.4 50 71.7 67.4 50 65.2 64.1 50 67.4 65.2 50 71.7 67.4 50 65.2 56.5 50

Results represent the medians of the test performance measures from 1000 model runs using Monte-Carlo resampling with splits into 2/3 of the data (training data subset) and 1/3 (test data subset).

ROC, receiver operating characteristic.
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evidence. Moreover, the fact that 75% of these genes are targets
of approved or novel analgesics under current clinical de-
velopment supports the relevance of the findings. Of the 13
genes in the final set identified in the present analysis, 10 (77%)
figure among the targets of analgesics, namely ABHD6, COMT,
DRD1, DRD3, DRD4, FAAH, GABRA5, OPRM1, RELN, and
TRPA1. This suggests that the present set of gene variants may
pave the way for future efforts to establish personalized therapy in
persistent pain after breast cancer surgery, when some of the
drugs under development become clinically available. Third,
although this study used a candidate gene approach limited to 77
genes due to technical limitations of the AmpliSeq panel, it
exceeded classical candidate gene approaches by including
a genome-wide selection of genes and, importantly, by including
the complete sequence of exomic and regulatory parts of the
selected genes.

Using a case–control approach in which we compared
a subgroup of patients with persistent pain to a similarly sized
sample of patients who did not have persistent pain has some
limitations. Specifically, it is possible that certain identified variants
would also have been seen in the unsampled members of the
nonpersistent pain subgroup. That the present resultsAQ:10 are an
effect of this samplingmay be contradicted by the reproduction of
variants that have been assessed previously using the full cohort
while not using NGS.12,55 With NGS, the financial effort had to be
limited, and therefore, the present sample was taken to compare
the genotypes of the subjects with the extreme pain phenotypes
of interest, while intermediate phenotypes were omitted. This is
a standard design that has several variants such as using
matched pairs or similar designs. Therefore, the numerical values
of the pain phenotype group association accuracy may require
revision when applied to a nonselected cohort. Hence, the
reported classification performances of the algorithms are not
presented as diagnostic tools but have been used in a knowl-
edge-discovery manner aimed at identifying genetic variants
distinctive between extreme pain phenotypes after breast cancer
surgery. A further limitation of this study is the omission of rare
variants found at allelic frequencies ,10%. Indeed, it is possible
that the development of persistent pain is regulated by some of
the omitted variants and moreover, in each patient by another
variant. This would require another analysis such as proposed
elsewhere.138 However, the present already complex analysis

focused on the group-level differences and was therefore not yet
further extended.

The intensity of pain is the traditional target of research and
therapy concepts. However, it becomes clearer that this may
underestimate the complexity of pain and reflects its clinical
facets only partly. The present group definition may therefore
reflect the clinically relevant phenotype only partially. Further-
more, the present analysis focused on genetic variants while
ignoring other modulators of persistent pain. This partly owes to
the conceptualization as a genetic association study and partly to
the intention to observe nonredundancy to previous analyses of
the same cohort. We know from the previously analyses of this
cohort that demographic, psychological, and early pain-related
parameters are predictive for the development of persistent pain
or the lack of such development.84,85,89 Rather than adding these
parameters again, it would be interesting in the future to combine
several different classifiers to study whether this increases the
overall predictive value.

Finally, this study still used a candidate approach because of
technical and project limitations, and the sample size was also
limited. While providing a hierarchy of candidate genes and
variants in the present clinical context, replication in larger studies
and in studies with unrestricted inclusion of all pain-relevant
genes or the whole genome could be based on the present
positive results.

5. Conclusions

Using NGS-derived genetic information on the coding and
regulatory sequences of 77 candidate genes, machine-learned
analysis indicated that the genotypes provide useful information
for the allocation of the patients to either a “persistent pain” or
“nonpersistent pain” phenotype group in a 3-year follow-up after
breast cancer surgery. Although candidate genes had been
selected on the basis of previous reports in persistent pain, the
present results provided a ranking of genes with respect to their
importance in the clinical context. A particular association with
breast cancer could be observed for most of the highest-ranking
genes. These findings strengthen the specificity of the present
results for the clinical setting of breast cancer surgery. The
involvement of the genes in breast cancer applies to the whole
cohort, while the present analysis identified differences with

Figure 4.Dotplot (Manhattan plot) of the results of the x2 test–based genotype vs phenotype association tests for d5 520 gene loci in 77 genes (Table 2) found at
allelic frequencies $ 10% in the n 5 140 patients after breast cancer surgery. The a levels, without (red) and with (gray/green) correction for multiple testing
according to Bonferroni,4 are indicated as dashed lines. The figure was created using the R software package (version 3.4.4 for Linux; http://CRAN.R-project.org/)
114 and the package “CMplot” (Lilin Yin; https://github.com/YinLiLin/R-CMplot).
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respect to the development of pain. Thus, in addition to
modulation of the clinical course of breast cancer, specific
modulation of pain is provided by certain variants. For example,
an important role of the DRD1 andGPR132 genes, or of a variant
located in a cis-eCTL position of the OPRM1 gene, in the clinical
context of pain after breast cancer surgery, was highlighted as
a novel finding.
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[38] Goodin BR, Ness TJ, Robbins MT. Oxytocin—a multifunctional
analgesic for chronic deep tissue pain. Curr Pharm Des 2015;21:
906–13.

[39] Gramage E, Herradon G. Genetic deletion of pleiotrophin leads to
disruption of spinal nociceptive transmission: evidence for pleiotrophin
modulation of morphine-induced analgesia. Eur J Pharmacol 2010;647:
97–102.

[40] GuerreroM, UrbanoM, Brown SJ, Cayanan C, Ferguson J, CameronM,
Devi LA, Roberts E, Rosen H. Optimization and characterization of an
opioid kappa receptor (OPRK1) antagonist. Probe reports from the NIH
molecular libraries program. Bethesda: National Center for
Biotechnology Information (US), 2010.

[41] Guyon I, Elisseeff A. An introduction to variable and feature selection.
J Mach Learn Res 2003;3:1157–82.

[42] Hagelberg N, Forssell H, Aalto S, Rinne JO, Scheinin H, Taiminen T,
Nagren K, Eskola O, Jaaskelainen SK. Altered dopamine D2 receptor
binding in atypical facial pain. PAIN 2003;106:43–8.

[43] Hagelberg N, Jaaskelainen SK, Martikainen IK, Mansikka H, Forssell H,
Scheinin H, Hietala J, Pertovaara A. Striatal dopamine D2 receptors in
modulation of pain in humans: a review. Eur J Pharmacol 2004;500:
187–92.

[44] Hancock DB, Levy JL, Gaddis NC, Glasheen C, Saccone NL, Page GP,
Hulse G, Wildenauer D, Kelty E, Schwab S, Degenhardt L, Martin NG,
Montgomery GW, Attia J, Holliday EG, McEvoy M, Scott RJ, Bierut LJ,
Nelson EC, Kral A, Johnson EO. Cis-expression quantitative trait loci
mapping reveals replicable associations with heroin addiction in
OPRM1. Biol Psychiatry 2015;78:474–84.

[45] Hardy GH. Mendelian proportions in a mixed population. Science 1908;
28:49–50.

[46] Ho TK. Random decision forests. Proceedings of the Third International
Conference on Document Analysis and Recognition—Volume 1: IEEE
Computer Society, 1995. p. 278.

[47] Hocking LJ, Smith BH, Jones GT, Reid DM, Strachan DP, Macfarlane
GJ. Genetic variation in the beta2-adrenergic receptor but not
catecholamine-O-methyltransferase predisposes to chronic pain:
results from the 1958 British Birth Cohort Study. PAIN 2010;149:
143–51.

[48] Hohmann SW, Angioni C, Tunaru S, Lee S, Woolf CJ, Offermanns S,
Geisslinger G, Scholich K, Sisignano M. The G2A receptor (GPR132)
contributes to oxaliplatin-induced mechanical pain hypersensitivity. Sci
Rep 2017;7:446.

[49] Huang L, Adachi N, Nagaro T, Liu K, Arai T. Histaminergic involvement in
neuropathic pain produced by partial ligation of the sciatic nerve in rats.
Reg Anesth Pain Med 2007;32:124–9.

[50] Hulse RP, Donaldson LF, Wynick D. Peripheral galanin receptor 2 as
a target for the modulation of pain. Pain Res Treat 2012;2012:545386.

[51] Hutchinson MR, Zhang Y, Shridhar M, Evans JH, Buchanan MM, Zhao
TX, Slivka PF, Coats BD, Rezvani N, Wieseler J, Hughes TS, Landgraf
KE, Chan S, Fong S, Phipps S, Falke JJ, Leinwand LA, Maier SF, Yin H,
Rice KC,Watkins LR. Evidence that opioidsmay have toll-like receptor 4
and MD-2 effects. Brain Behav Immun 2010;24:83–95.

[52] Jaaskelainen SK, Lindholm P, Valmunen T, Pesonen U, Taiminen T,
Virtanen A, LamusuoS, Forssell H, Hagelberg N, Hietala J, Pertovaara A.

Variation in the dopamine D2 receptor gene plays a key role in human
pain and its modulation by transcranial magnetic stimulation. PAIN
2014;155:2180–7.

[53] Jayamanne A, Greenwood R, Mitchell VA, Aslan S, Piomelli D, Vaughan
CW. Actions of the FAAH inhibitor URB597 in neuropathic and
inflammatory chronic pain models. Br J Pharmacol 2006;147:281–8.

[54] Juran JM. The non-Pareto principle; Mea culpa. Qual Prog 1975;8:8–9.
[55] Kambur O, Kaunisto MA, Tikkanen E, Leal SM, Ripatti S, Kalso EA.

Effect of catechol-o-methyltransferase-gene (COMT) variants on
experimental and acute postoperative pain in 1,000 women
undergoing surgery for breast cancer. Anesthesiology 2013;119:
1422–33.

[56] Kambur O, Kaunisto MA, Winsvold BS, Wilsgaard T, Stubhaug A, Zwart
JA, Kalso E, Nielsen CS. Genetic variation in P2RX7 and pain tolerance.
PAIN 2018;159:1064–73.

[57] Karatzoglou A, Smola A, Hornik K, Zeileis A. Kernlab—an S4 package
for kernel methods in R. J Stat Softw 2004;11:1–20.

[58] Kaunisto MA, Jokela R, Tallgren M, Kambur O, Tikkanen E, Tasmuth T,
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000 Machine-learned analysis of the association of next-generation sequencing–
based genotypes with persistent pain after breast cancer surgery
Machine-learning methods associated next-generation sequencing–based genotypes in 13 different
genes with pain persistence after breast cancer surgery in a cohort of 140 patients with a 3-year
follow-up.
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