Supplementary Materials
Sensitivity Analyses 
To bolster confidence in our outcomes, we ran a series of additional analyses. These analyses tested for possible differences due to sample selection, for systematic differences in data completeness, and for possible effects of post-surgery recovery.    
Subgroup Comparison
Given the reduction in potential records seen in the selection flow (Figure 1 of the main body), we first conducted a subgroup comparison to ensure that patients missing postoperative scores were not different from patients with postoperative scores. To this end, we compared preoperative pain scores between patients with and without a postoperative pain score to test for the possibility that patients without postoperative data had worse baseline scores (and therefore, were qualitatively different). Pain scores at preoperative visits did not differ between the group with complete scores (Mean = 7.42) and the group missing their postoperative score (Mean = 7.35), t(203) = 0.25, P = .81. This supports our supposition that missing data was not due to pain severity. 
Full versus Complete Cases Analysis
Our second series of sensitivity analyses compared the “full” data set (i.e., patients with a preoperative or a postoperative score that satisfied all other criteria, N = 535) against a smaller data set restricted to only “complete cases” (i.e., only patients with both preoperative and postoperative scores, N = 251). Analyses replicated the trends in significance across all 12 outcomes. See Supplementary Table 1, column “No Covariates.” Moving forward, we compared the “full” and “complete cases” data sets in all subsequent analyses. 

Data Completeness Over Time Analysis 
Our third series of sensitivity analyses was based on operational knowledge that record keeping tended to improve over time. To evaluate whether variation in data completeness introduced systematic bias into our primary findings, we ran a sensitivity analysis using a linear mixed-effects model. Analyses were run on both “full” and “complete cases” data sets. Date of the appointment was added as a fixed effect to the models and tested as an interaction term, giving us the following formula: OUTCOME ~ Visit × Date + (1|PID). (See the “Controlling for date of data collection” column of the Supplementary Table 1.) Only one analysis was significant. In the “complete cases” dataset, there was a statistically significant interaction between the type of visit and the appointment date for NRS pain scores, β = -0.44, t(242.2) = -2.16, P = 0.032. Decomposing this interaction revealed that preoperative scores rose over time while postoperative scores remained relatively flat. Postoperative follow-up scores were heavily right-skewed, clustered predominantly around 0. This confirms a distinct floor effect, indicating that excision surgery successfully eliminated or reduced pain for a substantial portion of patients. In other words, because pain cannot go below 0, patients presenting with increasingly higher preoperative pain scores over time were compressed into the 0-1 baseline postoperatively. We interpret this pattern as suggesting a steady referral creep in the baseline severity of our patients, such that our surgeons saw increasingly complex cases over time. Moreover, this pattern demonstrates that our primary analysis (which did not include appointment date) was actually a conservative approach and that it underestimated the size of the effects. 
Lag in Postoperative Visits Analysis 
Our fourth and final series of sensitivity analyses probed for differences due to variability in postoperative durations: the median lag in postoperative visits was 55 days after surgery (IQR = 46 – 87 days). These analyses were done to test for the possibility that improvement in outcomes could be due to post-surgery recovery. The presumption was that if improvements reflect post-surgery recovery, then patients with even longer lag times in their postoperative visit would demonstrate even greater improvements. To this end, we re-ran analyses limiting the data to postoperative visits and using “lag time,” a variable which calculated the number of days between surgery and postoperative visit, as a predictor. (Note that the initial cut-off of postoperative visits at least 6 weeks post-surgery was still enforced.) Lag time did not significantly predict scores in any of the 12 outcomes. This confirms that patients had largely plateaued in their surgical recovery.   


Supplementary Table 1. Summary of Sensitivity Analyses 
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Supplementary Table 1 Caption. Complete cases (N = 251) refers to the subset of data cleaned with listwise deletion (i.e., it includes only patients with both a preoperative and postoperative score for said analysis). Full cases (N = 535) refers to the data used in the primary analyses and reported in the main body of the paper (i.e., all patient records, including incomplete records that were missing a preoperative or postoperative score). All models utilized mixed-effects, with a fixed effect of visit type (preoperative, postoperative) and a random effect of patient ID. In the “No Covariates” column, P values represent the effect of visit time (preoperative to postoperative). In the “Controlling for date of data collection” column, P values represent the interaction between date and visit time (preoperative to postoperative). In the final column, P values represent the effect of lag time on outcome scores. LME = Linear Mixed-Effect. CLMM = Cumulative Link Mixed-Effect Model. GLMM = Generalized Linear Mixed-Effect Model with logit link function. 
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NRS ME P <.001 P-.058 P =031 P =381 P-594
FPPS  Bladder CLMM P <.001 P =79 P - 692 P =535 P- 683
Bowel CLMM P <.001 P - 566 P=798 P =065 P- 056
Intercourse  CLMM P <.001 P=073 P =159 P =082 P- 167
Lifting CLMM P <.001 P=071 P =152 P=715 P- 893
Running CLMM P <.001 P = 600 P =799 P-318 P- 389
Sitting CLMM P <.001 P - 556 P=724 P =156 p- 278
Sleeping  CLMM P <.001 P =634 P - 665 P =99 P= 660
Walking CLMM P <.001 P =893 P=785 P =327 P- 344
Absenteeism CLMM P =.008 P - 686 P =969 P =684 P= 980
Presenteeism CLMM P <.001 P =543 P - 857 P =955 P =444
ER Visits GLMM P <.001 P =591 P =359 P =353 P =364





