Detailed description of data analysis
In lack of functional information about the whole exomic genetics of the human opioid receptors, the power calculation for the present assessments was based the OPRM1 118A>G SNP of the µ-opioid receptor as one of the best studied functional human variants [1], which also had been proposed to be a genetic cause of high opioid demands [2]. With an observed frequency of the variant G allele of 14 % in pain patients not requiring high opioid doses, obtained for this purpose from available data [3], observing a duplication in this allelic frequency at an a level of 0.05 with a statistical power of 80 % requires the observation of at minimum 36 alleles, i.e., a group size of 18, which was accommodated by the present group size.
Opioid receptor genotype differences between patients with high opioid dosage and controls were analyzed using the SNP and variation suite software (SVS version 8.3.3 for Linux 64-bit, Golden Helix, Inc., Bozeman, USA), the R software package (version 3.0.2 for Linux; http://CRAN.R-project.org/) and the Matlab numerical computing environment (version 8.3.0.532, MathWorks, Natick, MS, USA).
Assessment of group differences in single opioid receptor variant or haplotype frequencies
A first analysis employed the classical approach to pharmacogenetic analyses consisting of 2 statistics with an α-level of 0.05 corrected for multiple testing according to the conservative criterion of Bonferroni [4]. The dominant hereditary model (DD, Dd versus dd, where D denotes the minor allele and d the wild-type allele) was applied. This analyzed the occurrence of carriers versus non-carriers of the minor alleles at each DNA position where a variant allele had been found by means of sequencing. Alternatives such as the recessive (DD versus Dd, dd) or additive (dd > Dd > DD) hereditary models provided no significant results. In addition, they had to be abandoned due to insufficient homozygously mutated cases, making an adequately powered analysis impossible. Furthermore, haplotypes identified in-silico via the minimizing historical recombination algorithm [5], as implemented in SVS software, were analogously assessed for group differences. To employ reasonable statistical power, the analyses included only variants found at a frequency of > 10 % in the cohort as a default setting in the SVS software following previous proposals [6].
Assessment of combined genotypic group classifiers
A second analysis addressed combinations of genetic variants employing two classical and commonly used methods comprising (i) stepwise regression analysis and (ii) classification and regression tree (CART) analysis. Stepwise regression aims at the identification of a subset of variables that can be used for a regression model [7]. Genotypes were encoded as 0, 1 or 2 for the wild-type, the heterozygous and the homozygous variants, respectively, and patient groups were encoded as 0 or 1 for the controls or high opioid dosage patients, respectively. Variables were included “stepwise forward” into the regression, and F-statistics with an α-level of 0.05 for inclusion and of 0.1 for rejection was used to select the variables for the final linear model. This was built from the identified genetic markers by subsequent linear regression that calculated the weights βi (i = 1 .. n), with n denoting the number of genetic identified markers, on these markers such that the weighted sum of the selected markers resulted in a combined biomarker used to distinguish between the two cohorts. As an alternative approach at a combined biomarker, CART analysis [8] was applied to construct a decision tree for prediction of the membership of a case to one of the two cohorts. CART analysis used the Gini index [9] as a so-called impurity measure to construct a hierarchical structured set of conditions, i.e., a decision tree, for assignment to either one of the two cohorts.
Advanced approaches at complex genetic group classifiers
The above described approaches implicitly assumed homogeneity within the two patient cohorts, an assumption that was unlikely to hold, as discussed later. Therefore, cluster analysis was used to reveal subgroups within each cohort. For this analysis, data was preprocessed to obtain the genotypes at each locus that could be expected by chance, which were obtained as the group-size weighted means across all patients, separately for each variant. Subsequently, for each variant and patient the directed deviations were calculated as the difference between the actual observation and the above calculated expectation. These deviations were submitted to cluster analysis. An indispensable prerequisite for clustering is the definition of a valid distance, respectively similarity, measure among the cases. Besides the Euclidian distance often taken as a standard implementation of statistical software, employed for example in pain research [10], the Manhattan (Cityblock) distance, the Hamming distance and the Jaccard distance were evaluated. The selection of the best distance measure was based on Silhouette-plots that provide a graphical interpretation and validation of data clusters [11]. This technique provides a graphical representation of the distances of each case to its own cluster center, which should ideally be small, versus to the centers of neighbored clusters, which should be large. The Silhouette method identified the Jaccard distance as the most suitable for the present purpose of genotype based clustering of patients. The Jaccard distance was calculated as 1 ‑ Jaccard coefficient, the latter being identical to the percentage of nonzero values that differ. Patients were clustered using the Ward hierarchical clustering method [12] as implemented in Matlab, separately for high opioid dosage patients and controls.
In a final step, these clusters served for the training of a k-Nearest Neighbor (kNN) [13] with k = 3. The classifier was trained with the pattern of each cluster per group, which resulted in a number of typical patterns given by the number of clusters per patient group. To classify a patient on the basis of the opioid receptor genetic pattern with respect to the 152 varying loci identified here, the three nearest neighbors were determined. The patient was assigned to the class to which the majority of these neighbors belonged.
The distance function can be optimized using modern approaches of statistically valid selections of most informative variables in multivariate data such as the computed ABC analysis [14]. To this end, those genetic variants had to be identified that promised to provide the best distinction between the two patient groups. As a distinction criterion, the difference in absolute group means of the number of rare type alleles for each variant was chosen, with a higher value promising more useful information for group classification. The informative subset of genetic variants, among all variants, was identified using a computed ABC analysis, which has been introduced recently as a method for a statistically valid selection of most informative variables in multivariate data [14]. The concept was originally developed in economical sciences to search for the minimum possible effort that gives the maximum yield [15, 16] by dividing a set of positive data into three disjoint subsets called “A”, “B” and “C”. Subset A comprises very profitable values ("the important few"), subset B comprises values where the profit equals the effort, and subset C comprises non-profitable values, i.e., "the trivial many". In the present case, variants belonging to set A, i.e., those in which patients displayed large differences to the expectation, were selected as meriting inclusion in a complex biomarker identifying patients with high opioid dosage. Calculations were done using the R package “ABCanalysis” (M. Thrun, Marburg, Germany; freely available at http://cran.r-project.org/web/packages/ABCanalysis/index.html).
Classification performance analyses
[bookmark: _GoBack]For all classifiers, i.e., single variants or more complex classifiers composed of two to several variants, which were all obtained, the utility as a biomarker for high opioid dosage was assessed by calculating cross-validated prediction performances. For this assessment, test data sets (sample size n = 20) were drawn from the study cohort that always included (i) seven additional patients with high opioid dosage, and expanded by (ii) further three patients randomly chosen from the already analyzed group with high opioid dosage to obtain a sufficiently large number for accuracy calculations, and (iii) 10 patients randomly chosen from the control group. This was to account for the possibility that the biomarker tended to predict high opioid dosage, which would appear as correct when including only such patients but a wrong prediction for normal opioid dosage would remain undiscovered. Testing was 100 times repeated. The accuracy of a genetic variant significantly more frequent in the high opioid than in the control group was obtained as the mean of the observed accuracies in each run, which additionally provided a standard deviation of the accuracy. In addition, test sensitivity, specificity and positive predictive value were calculated using standard equations [17].
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