[bookmark: _GoBack]Detailed description of the data analysis
The application of the previously-proposed six-factor risk index for persisting pain was performed according to the instructions in Table A1 in the appendix of [17]. In brief, the six items “age”, “chronic pain of any kind”, “number of previous operations”, “body mass index”, “preoperative pain in the area to be operated on” and “smoking” were weighted according to these instructions. For example, age ≤ 39 years was given a weight of 0, age 40 – 69 years a weight of 8, and age ≥ 70 years a weight of 16. The respective weights for the six parameters were added and a sum ≥ 20 was taken as predicting persistent pain.
In addition, a novel and independently-designed analysis was performed to assess whether the classification performance could be improved from that obtained with the previously proposed diagnostic tool. Data analysis was performed using the MATLAB (MathWorks, Natick, MS, USA) and R (version 3.2.3 for Linux; http://CRAN.R-project.org/ [16]) software packages. We used supervised machine-learning [14] and feature-selection techniques [8] to identify parameters from the data acquired before surgery and up to the sixth month after surgery that could predict the presence or absence of persisting pain in the area operated on during the three-year follow-up available for the present analysis. In this approach, the goal is to learn a mapping from inputs x to outputs y, given a labelled set of input-output pairs . Here, D denotes the so-called “data space[footnoteRef:2]” with a predefined division into an input space X comprising xi as the features (parameters) possibly predicting the diagnosis, and the output space Y comprising yi as the classes or diagnostic groups. [2:  Data space is the space in which the n-dimensional feature vectors can be observed. A particular dimension’s data space may be bound to certain ranges. For example, [0…100]n may be a data space of percentages. Sometimes data space is used synonymously with feature space.
Feature vector is a d-dimensional vector of numerical features (parameters) that represent one data object (case). The complete set of features in a data set forms the so-called “feature space.”
The output space Y consists of possible classes, in a medical context, diagnoses, yi, presently defined as persistent or non-persistent postoperative pain.
] 

The analysis was performed in four main steps (Figure 2 in the main document). First, the so-called “output space” was established by identifying the groups or “classes” of patients with respect to persistent pain. In the following, the term “persisting pain group” and “non-persisting pain group” or “classes” will be used when referring to these groups. Subsequently, the input or feature space was analyzed to identify those parameters that provided a valid assignment of a patient to the classes of persisting or non-persisting pain. This included the second analytical step comprising a “feature” pre-selection, during which all parameters were analyzed with respect to differences between the pain-persistence groups established in the output space. Those parameters that had passed that step were taken into the third analytical step of feature selection, which eliminated all parameters distinguishing between pain persistence groups but not providing additional relevant information justifying their inclusion in a tool (“classifier”) predictive of persisting pain. The remaining parameters, in the following called “features”, were taken into the fourth step of the data analysis in which the predictive tool or “classifier” was constructed and assessed with respect to standard test performance measures. Details of this machine-learned data analysis are described below.
Class identification for persisting pain
The first analytical step addressed the output space (for definition, see previous section), i.e., the identification of the groups or classes of patients with respect to persisting pain. To obtain the output space for machine-learning, a robust classification of the patients into women who develop persisting pain versus those who clearly do not was used (Figure 2 in the main document, left part). This classification was derived from the NRS ratings of pain intensity in the area of surgery at 12, 24, and 36 months. A value of NRS = 3 was used as a clinically-established cut-off for no or mild pain (NRS 0 - 3) versus NRS = 4 – 10 for moderate to severe pain despite analgesic medication [6, 9]. Using these criteria, patients with NRS ≤ 3 at month 36 after surgery  were identified as belonging to the “non-persisting pain” group, while those with  had “persisting pain”. A further criterion for the “non-persisting pain” group was the presence of no to mild pain (NRS ≤ 3) at months 12, 24 and 36 after surgery, i.e., . In order to enhance the contrast between the groups, the “persisting pain” group was further characterized by having rated pain as NRS > 0 at all time points of 12, 24 and 36 months after surgery and with no tendency toward amelioration of pain, i.e. no decrease in NRS ratings. Hence, the “persisting pain” group was observed under the following conditions: . This enabled the classification of 833 patients. The classification of the remaining 167 patients was achieved by applying the following rules: If all available ratings were  then the case was subsumed to the “persisting pain” group (n = 21). By contrast, if the available ratings were  and , i.e. a decrease over time, then the case was subsumed into the “non-persisting pain” group (n = 146). This finally resulted in a binary classification which was then approached by means of machine-learning.
Feature pre-selection
Following the above-described establishment of the “output space” consisting of a robust group structure of clinical interest (persisting pain or non-persisting pain), “feature” selection was applied to the “input space” (Figure 2 in the main document, right part) of the 542 parameters, comprising 52 continuous-scaled, 154 discrete and 336 binary variables, that had been acquired preoperatively and during the six months after surgery. This step additionally included the combination (aggregation) of pain-related parameters evaluated at different time points. Supervised “greedy” machine-learning was applied to identify “features” that best distinguished between the persisting and non-persisting pain groups. Secondly, from the candidates (original or aggregated “features”) identified during the first step, “features” that provided the largest contributions to the sensitivity and specificity of the clinical diagnostic tool were allocated to the final classifier. “Feature” pre-selection started with separate analyses of available parameters (continuous/interval scaled, discrete or binary variables), with respect to differences of their distributions between the persisting or non-persisting pain groups. During this process, correlations between variables were not analyzed, except for the closely-related parameters “body weight“ and “BMI,” of which the slightly better performing variable BMI was selected. For each variable type, appropriate statistical or informatics criteria were applied to analyze whether they displayed class differences according to standard approaches in machine learning [5, 18, 20]. This will be described in the following paragraphs.
Feature pre-selection of interval-scaled variables
The 52 variables available as continuous (interval-scaled) vectors  (feature vector) were mapped to the discrete classes  with classes y1 and y2 accounting for the inclusion in or exclusion from the “persisting pain” group of a patient (see above). The classification rule  assigned a class label (persisting or non-persisting pain) to the data on the basis of the observation of its feature vector by partitioning the feature space in two decision regions D1, D2 (yes or no, respectively) such that . The border between the two classes was obtained by applying the Bayesian decision rule as  [12]. For 17 continuous variables, a decision border, i.e. the point where the decision rule changes its value, could be obtained. For the other continuous variables, the distributions among patients belonging to a class and those not belonging to that class were virtually identical, not allowing a separation of the persisting pain and non-persisting pain groups.
Feature pre-selection of discrete variables
Of the 154 variables available as discrete vectors  (feature vector), 41 were not directly related to pain while 113 addressed pain or its impact on the patient’s life. Specifically, pain-related parameters included questions about how much the pain has affected the patient’s life or disturbed the patient’s sleep: these were asked separately for relevant body locations including the operated breast, the axilla, the upper arm, the lower arm, hand/fingers and the associated joints of the same side, and any other body location (“elsewhere”). In the machine-learning approach aimed at identifying the most informative parameters (features) for patient classification, a major focus on pain-related parameters could have led to the selection of many closely-related parameters, disregarding other clinical parameters (features). Therefore, an additional aggregation step was implemented combining several pain-related parameters as shown in Table 1 and described in detail in the following paragraph.
Aggregation for body area was obtained as the arithmetic mean of the ratings of pain-related impact on the patient’s life asked separately for several anatomical regions, which are specified in full detail in Table 1. For example, the average degree to which pain in the upper extremity had influenced the patient’s life at month 1 after surgery was obtained as . Aggregation for time was obtained as the arithmetic mean of the ratings of the pain-related impact on the patient’s life asked for the same anatomical region at several different time points after surgery. For example, the average degree to which pain in the axilla had affected the patient’s life was obtained as the mean of the values obtained at month 1 and month 2 after surgery. In the same manner, averages were calculated for pain in the upper arm, the lower arm, the hand, and the joints and fingers, that influenced the patient’s life. These provided the aggregated variables “AffectingLifeUpperArmMean”, “AffectingLifeLowerArmMean”, “AffectingLifeHandMean” and “AffectingLifeJointsMean”, respectively. Similarly, the average degree to which pain in the axilla had disturbed the patient’s sleep was obtained as the mean ratings of sleep disturbances during month 1 and month 6 after surgery, and further averages were calculated for the pain in the operated breast and the joints, which were inquired about for sleep effects, providing the aggregated variables “SleepDisturbancePainBreast” and “SleepDisturbancePainJoints”, respectively. At one and six months after surgery, patients had been asked to rate the pain during the past week in the breast, the axilla, the upper arm, lower arm, hand or in some other location, which when averaged provided the aggregated variables “MeanPainPastWeekBreast“, “MeanPainPastWeekAxilla”, “MeanPainPastWeekUpperArm”, “MeanPainPastWeekLowerArm”, “MeanPainPastWeekHand” and “MeanPainPastWeeksomewhere”, respectively.
Subsequently, the deviation between the parameter distributions in the n = 779 “non-persisting pain” group (P) and the n = 70 “persisting pain” group (Q) was analyzed. This difference in distributions was expressed using the symmetrized Kullback–Leibler divergence [11]  with . Pain ratings acquired for particular locations were averaged over body locations or over different time points (for details, see Table 1 of the main document). This resulted in 21 possible discrete parameters (features), which passed this feature pre-selection step. Regarding the pain ratings, we asked patients at different time points to rate the pain intensity in different locations (e.g. axilla, upper arm, lower arm etc.; for details, see Table 1 of the main document and the Supplementary Table), using different measures (such as how much the pain affected daily activities or the mean pain intensity during the previous week). The means of the respective measurements at the different time points were calculated for each body location.
Feature pre-selection of binary variables
The 336 variables available as binary (“yes”/”no”) vectors  (feature vector) were mapped to the discrete classes  using the odds ratio combined with prediction accuracy. Specifically, the odds ratio (OR) related the probability, A, of belonging to the “persisting pain” group in the presence of a feature to the probability, B, of belonging to that group in the absence of the same feature, i.e. . None of the binary variables achieved a better accuracy than obtained by chance. Therefore, the binary variables were excluded as effective predictive parameters (features).
Feature (parameter) selection
The third analytical step (Figure 2 in the main document, right part) targeted the selection of those parameters that qualified for inclusion in a predictive tool (classifier) of the pain persistence groups (output space). During this step, those parameters were eliminated that had passed feature (parameter) pre-selection but failed to provide sufficient relevant information justifying their inclusion in the predictive tool. Thus, following the pre-selection of 38 candidate parameters (features) for the classifier for persistent pain after breast cancer surgery (17 continuous and 21 discrete variables), those parameters were selected that provided significant contributions to the classification accuracy while those parameters that lacked such significant contribution were eliminated. Therefore, in this analysis, taking only the most informative parameters, some parameters were excluded, despite their displaying significant differences between pain persistence groups, if they did not provide further improvement of group classification than already obtained with other parameters. Specifically, the aim of the analysis was to identify a parameter set that provided the best classification of patients, as opposed to merely analyzing each parameter with respect to group differences. The selection of the most suitable parameters for the final classifier was achieved by applying a calculated ABC analysis [19]. This is an inventory categorisation technique originally developed for problems in economics to search for a subset with minimum effort that gives the maximum yield [10, 15]. It divides a set of positive (yield) data into three disjoint subsets called “A”, “B” and “C”. Subset “A” comprised "the important few" which promise maximum gain with low effort whereas subset “C” comprises "the trivial many", i.e., non-profitable values. Subset “B” comprises the values where effort and gain are in balance. Its results are visualized in an ABC curve [7] representing the distribution function of effort versus cumulative yield.
To obtain a robust selection of parameters (features), the process was repeated using Monte Carlo resampling. Specifically, for the 17 continuous parameters the best possible Bayesian decision limits were identified iteratively. For the discrete parameters, all possible decision thresholds were used. Subsequently, a preliminary classification obtained with all parameters was analyzed to test specificity versus sensitivity. The contribution of each candidate factor to the area under the specificity versus sensitivity plot (area under the curve, AUC) [13] was subjected to ABC analysis, which identified the parameters belonging to set “A”, i.e., those features that promise the most gain in terms of correct clinical diagnosis. During resampling, this procedure was repeated 1,000 times with 50% of the patients randomly (group-wise) drawn from the complete data set, i.e., a class-size proportional subsample of 50 % of the cases was randomly chosen and the feature selection was performed using this data subset. Only parameters that always belonged to ABC set “A” (mean and confidence interval of the placement from the set “A” threshold) were selected for further consideration as components of the desired classifier. Six continuous and 15 discrete parameters passed this feature selection step.
Establishment of a predictive classifier
Creation of the classifier
In the forth analytical step (Figure 2 in the main document, bottom right), from the 21 single or aggregated variables (Table 1 in the main document; 6 continuous, 15 discrete variables; see also Figure 2 in the main document) that had passed the two-step process of feature selection and therefore qualified as candidate predictors of persisting pain group membership, a diagnostic instrument consisting of a rule-based classifier [21] was built, forming a questionnaire with “yes/no” items (decision rules) and used the decision borders established as described above, i.e., Bayesian limits for continuous data, Kullback–Leibler divergence-based for ordinal data and odd ratio-based for binary data.
Specifically, applying a “brute force” approach, all possible combinations of the identified rules were tried, with 1 to 21 rules. For every combination, the product of sensitivity and specificity of the obtained prediction was calculated. That is, the test performance parameters were calculated if any one of the 21 rules applied, any two of the 21 rules applied and so on. The sensitivity and specificity of the test for assignment to a group were calculated using standard equations [2], i.e., sensitivity [%] = 100 · true positives / (true positives + false negatives) and specificity [%] = 100 · true negatives / (true negatives + false positives) [2]. This identified specific “yes/no” thresholds for each of the 21 parameters (single or aggregated variables) and an optimum threshold for patient classification. Hence, the classifier consisted of a set of questions from which the sum score of the positive responses served as the diagnostic tool.
Validation of the classifier
The classifier was subsequently analyzed for test performance. In addition, to test sensitivity (calculated as described above), the negative predictive value, indicating how unlikely it was that the patient would develop persisting pain when the test was negative, was calculated as NPV [%] = 100 · true negative / (true negative + false negative) [1], the test accuracy was obtained as accuracy [%] = number of correct diagnoses / total number of diagnoses [13], and the balanced test accuracy was obtained as balanced accuracy [%] = (sensitivity + specificity) / 2 [3].
The generalizability of the classifier was assessed using (i) a cross-validation approach in the learning data subset, i.e. the data set comprising the n = 853 women included in classifier construction, and (ii) by applying it on the n = 147 patients with complete data who were excluded from the model building because of not satisfying the strict criteria of persisting versus non-persisting pain. In the learning data subset, the classifier’s performance was tested in a Monte Carlo approach [4] running 1,000 times on a randomly-picked 50% of the total sample. Specifically, (i) in each run, a class-size proportional subsample of 50 % of the cases was randomly chosen as a new training data subset. The rules were reestablished on this sample in the same manner as described above and the classifier performance was tested on the remaining 50 % of the sample that served as the test data subset. In the patients excluded from classifier establishment (ii), the classifier’s performance was tested by classifying these patients only according to the first criterion of the NRS-based classification, i.e.,  versus .
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