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Supplementary Material 1

1. Search methods
The search for literature for the systematic review was performed in Pubmed MEDLINE on the 21st of September 2023. The terms included in the search query were previously used in different systematic reviews of drug repurposing using EHR and systematic reviews of drug repurposing using real-world data. 1,2 The search query is described in table 1.
2. Eligibility criteria
We assessed observational studies, meta-analyses, and clinical trials that utilized EHRs for drug repurposing. Only studies with full-text available in the English language were deemed eligible. Abstracts submitted to international or national conferences, letters to the editor, and case reports/series were considered ineligible. Additionally, we conducted a screening of the reference lists in narrative and systematic reviews obtained through our MEDLINE query to identify any potentially overlooked records.
3. Selection of studies
In the first screening title and abstracts of retrieved articles were screened. Articles that were considered eligible after the first screening, underwent a second title and abstract screening, and sometimes full text evaluation, so they could be grouped based on similar approaches used in the study. 
Supplementary Table 1. MEDLINE research query.
	MEDLINE Research Query – performed on 21/9/2023 at 12:08

	Blocks
	Query
	N. of articles
	References

	Final research block
	("Drug repositioning"[tiab] OR reposit* [keyword] OR "Drug Repositioning" [MeSH] OR repurpos* [keyword] OR "drug repurpose"[tiab: ~3] OR "drug repurposing" [tiab] or "drug reprofiling"[tiab] OR "new therapeutic indication"[tiab] OR "medication repositioning"[tiab] OR "medication repurposing" [tiab] or “drug discovery”[tiab] or “drug development”[tiab] or “drug re-profiling”[tiab] or “drug redirect*”[tiab] or “drug recycl*”[tiab] or “drug rediscover*”[tiab] or “drug retask*”[tiab] or “novel indication”[tiab] or “alternative indication”[tiab] or “new indication”[tiab] or “new use”[tiab] or “novel use”[tiab] or “alternative use”[tiab]) 
AND 
("Medical Records Systems, Computerized"[Mesh] or "health register"[tiab] or "multi-register"[tiab] or "healthcare database"[tiab] or "nationwide database"[tiab] or "nationwide cohort"[tiab] or "health registers"[tiab] or "healthcare databases"[tiab] or "nationwide databases"[tiab] or "administrative database" [tiab] or "administrative databases" [tiab] or "administrative data"[tiab] or EMR[tiab] or EHR[tiab] or EMR[keyword] or HER[keyword] or EMRs[tiab] or EHRs[tiab] or "electronic medical record*"[tiab] or "Electronic Heath Record*"[tiab] or "electronic medical record*"[keyword] or "Electronic Heath Record*"[keyword] or "Electronic Patient Record*"[tiab] OR "computerized medical record system"[tiab] or ˝computerized medical record˝[tiab] or ˝computerized medical record systems˝[tiab] or ˝computerized patient record˝[tiab] or “medical record”[tiab] or “medical records”[tiab] or “registry data”[tiab] or “health record”[tiab] or “health records”[tiab])

	419
	

	[bookmark: _Hlk145926605]Block 2 – drug repositioning
	("Drug repositioning"[tiab] OR reposit* [keyword] OR "Drug Repositioning" [MeSH] OR repurpos* [keyword] OR "drug repurpose"[tiab: ~3] OR "drug repurposing" [tiab] or "drug reprofiling"[tiab] OR "new therapeutic indication"[tiab] OR "medication repositioning"[tiab] OR "medication repurposing" [tiab] or “drug discovery”[tiab] or “drug development”[tiab] or “drug re-profiling”[tiab] or “drug redirect*”[tiab] or “drug recycl*”[tiab] or “drug rediscover*”[tiab] or “drug retask*”[tiab] or “novel indication”[tiab] or “alternative indication”[tiab] or “new indication”[tiab] or “new use”[tiab] or “novel use”[tiab] or “alternative use”[tiab]) 

	103,611
	16

	[bookmark: _Hlk145926622]Block 1 - database
	("Medical Records Systems, Computerized"[Mesh] or "health register"[tiab] or "multi-register"[tiab] or "healthcare database"[tiab] or "nationwide database"[tiab] or "nationwide cohort"[tiab] or "health registers"[tiab] or "healthcare databases"[tiab] or "nationwide databases"[tiab] or "administrative database" [tiab] or "administrative databases" [tiab] or "administrative data"[tiab] or EMR[tiab] or EHR[tiab] or EMR[keyword] or HER[keyword] or EMRs[tiab] or EHRs[tiab] or "electronic medical record*"[tiab] or "Electronic Heath Record*"[tiab] or "electronic medical record*"[keyword] or "Electronic Heath Record*"[keyword] or "Electronic Patient Record*"[tiab] OR "computerized medical record system"[tiab] or ˝computerized medical record˝[tiab] or ˝computerized medical record systems˝[tiab] or ˝computerized patient record˝[tiab] or “medical record”[tiab] or “medical records”[tiab] or “registry data”[tiab] or “health record”[tiab] or “health records”[tiab])

	247,706
	17



4. Results
The search query retrieved 419 articles in MEDLINE. After the first title and abstract screening, 329 articles were excluded. The articles were excluded if the article did not mention drug repurposing, did not use EHRs for drug repurposing or if they were not in English. This left 88 articles for further review. Out of the 88 articles, 22 were review articles, 1 was a commentary, 1 was a perspective article, 1 was an editorial article, and 63 articles were studies that included the use of EHRs in the discovery of new drug candidates for drug repurposing, with one being a preprint. 
41 studies used EHRs only to do a cohort study to validate the drug repurposing candidates, identified using other methods. 3 studies combined EHRs with a biomedical database to discover potential drugs to repurpose, 15 studies only used EHRs to identify the drug repurposing candidates, and in 1 study they used a computational approach to find potential drugs in parallel to using an EHR to identify drugs to repurpose. 
The references of the review, editorial, perspective and commentary articles were looked at, to see if the search query missed any relevant article. From that 1 new article that used only EHR was identified and added to the screening. The now 16 articles that only used EHRs for drug repurposing were selected for full text screening. The different approaches in methodology for drug repurposing using EHRs were identified based on these 16 articles. Figure 1 depicts the PRISMA flowchart. 
[image: Slika, ki vsebuje besede besedilo, posnetek zaslona, številka, vzporedno
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Supplementary Figure 1. PRISMA flowchart. EHR = Electronic Healthcare Record.

In the following section the different methodologies for drug repurposing using EHRs identified during the systematic review are presented. 
4.1 Cohort studies
The most common approach in drug repurposing using EHRs was to do a pharmacoepidemiological cohort study. The general flow of these studies was to first identify the exposure and relevant confounders, followed by effect estimation of the repurposed drug using survival analysis. 3-9 In this group the articles can be further separated into studies that used a traditional pharmacoepidemiological study design 3-6 and the studies that used machine learning approaches. 7-9 
4.1.1 Traditional pharmacoepidemiological studies 
Bejan et al. conducted a study to address the urgent need for novel COVID-19 treatments by employing drug repurposing methodologies. Leveraging real-world data from EHRs, they conduct a drug-wide association study (DrugWAS) to systematically investigate various drug exposures, encompassing prescription drugs and dietary supplements, as potential treatments for COVID-19. Their hypothesis revolves around identifying drug exposures linked to a reduced risk of severe outcomes or death due to COVID-19, thus pinpointing candidates for further therapeutic investigation. The study's design involves a retrospective cohort analysis of data from the Vanderbilt University Medical Center (VUMC) Research Derivative, a comprehensive repository of EHR data. The study population comprises individuals tested for SARS-CoV-2 at VUMC between specific dates and diagnosed with a confirmed infection. The study period considered various COVID-19 outcomes, including hospitalization severity and all-cause mortality, with a focus on associations between drug exposures and these outcomes. Covariates such as age, sex, race, ethnicity, and comorbidity scores were incorporated to account for patient differences. Statistical analysis involved propensity score methods to adjust for observed patient characteristics, ultimately leading to the identification of potential candidates for COVID-19 treatment repurposing. More precisely, the propensity score for drug exposure was calculated through a multivariable logistic regression model that took into account variables such as age, sex, race, ethnicity, and the weighted Elixhauser comorbidity score. Subsequently, this estimated propensity score was employed in a weighted multivariable logistic regression analysis, which adjusted for factors including drug exposure, age, sex, race, ethnicity, and the weighted Elixhauser comorbidity score. This analysis aimed to gauge the impact of drug exposure on the study's outcomes. They did not perform any adjustments for multiple testing.3
Woo et al. investigated the relationship between prescription drugs and mortality in patients diagnosed with colorectal cancer, utilizing the Korean National Health Insurance Service-National Sample Cohort database (KNHIS-NSC). The KNHIS-NSC database, containing comprehensive data on medical institutions and patient demographics, served as the primary source of information. The study focused on colorectal cancer patients, identified through specific diagnostic codes and treatments, with a wash-out period to include newly diagnosed cases. To ensure the reliability of results, cross-validation was conducted, splitting participants into drug discovery and validation sets. Exposure to drugs, categorized using the Anatomical Therapeutic Chemical (ATC) Classification System, was analyzed, considering factors such as prevalent and incident users. Outcomes included all-cause mortality and colorectal cancer-specific mortality, with follow-up data until the end of the KNHIS-NSC follow-up period. Covariates such as sex, age, and comorbidity index were adjusted for, alongside cancer treatments. Statistical analysis employed Cox proportional hazards models, controlling for type I errors using the false discovery rate (FDR). Significant findings were first detected in the drug discovery set with an FDR of 5% and then verified in the drug validation set. Results were visualized using volcano plots, providing insight into the relationships between drugs and outcomes. 4
Wu et al. used a data-driven approach to identify potential drug repurposing opportunities for cancer treatment. The researchers evaluated 146 drugs typically used for noncancerous conditions in the VUMC EHR to assess their impact on cancer patients' survival. The study also aimed to replicate significant associations in the Mayo Clinic's EHR, searched for supporting evidence in the biomedical literature, and checked cancer clinical trials for corroboration. Using a synthetic derivative of VUMC's EHR and extensive patient data, the study defined patients with cancer, selected candidate drugs, and conducted retrospective cohort studies comparing drug-exposed and non-exposed groups. A multivariable Cox proportional hazards regression model was employed, adjusting for various covariates. The study used stringent criteria for detecting survival-associated drugs and underwent validation processes involving data replication, literature search, and clinical trial examination. At the end they also used FDR. Later on they validated their detected signals with a replication using another EHR, searching biomedical literature for supporting evidence, and searching of clinical trials for supporting evidence. 5
Reznikov et al. conducted a comprehensive investigation into the potential repurposing of antihistamines for the treatment of SARS-CoV-2 infection. They analyzed EHRs from over 219,000 patients within the University of California Health System to identify candidate antihistamines. To assess the direct antiviral effects of these antihistamines, the researchers performed in vitro experiments using infectious SARS-CoV-2 cell-based drug susceptibility assays, measuring their impact on virus production over time. Molecular docking techniques were employed to identify possible binding sites for these antiviral antihistamines on ACE2 and the sigma-1 receptor. The study also involved association analysis based on EHRs, taking into account patient demographics and prior antihistamine prescriptions. The results were rigorously analyzed, and statistical significance was determined while correcting for false discovery rate. Specifically, they used an adjusted logistic regression to estimate the treatment effect. They later stratified their analysis based on age. At the end they used FDR. To provide supporting evidence they also conducted a number of in vitro and in in silico experiments. 6
4.1.2 Studies using machine learning 
Lerner er al. aimed to develop and validate a data-driven pipeline to identify potential drug associations with 28-day mortality in adults hospitalized for COVID-19. The research used data from the Entrepôt de Données de Santé (EDS)-COVID database, encompassing information from 39 sites in the Greater Paris area. The study population consisted of patients aged 18 to 95 years hospitalized in conventional wards for at least 48 hours due to COVID-19. Medications prescribed within the first 48 hours after admission were analyzed, and associations with 28-day mortality were investigated while adjusting for various covariates. The pipeline employed an adaptive LASSO 10 procedure and considered multiple measures of association, including conditional odds ratios and propensity score-based analyses. The results were carefully adjusted for multiple testing, and a knowledge-based approach was used to validate the data-driven adjustment sets. Missing data were addressed through multiple imputation, and analyses were conducted using R statistical software. After they used a multivariate logistic regression model to estimate the treatment effect. As secondary analyses they did 2 supplementary measures of association based on propensity scores, they did propensity score matching and inverse probability weighting after trimming. To account for alpha risk inflation caused by multiple testing they used FDR. 7
Ryu et al presents a novel approach using explainable machine learning on electronic medical records to identify potential drug repurposing candidates for Monoclonal Gammopathy of Undetermined Significance (MGUS). The research leveraged clinical data from a large cohort of MGUS patients at the Mayo Clinic, paired with medication data obtained from EHR. The objective was to uncover associations between medications prescribed for other conditions and the progression of MGUS to multiple myeloma, Waldenström macroglobulinemia, or systemic amyloidosis. The study employed a gradient-boosted machines Cox survival model, assessing the time from MGUS diagnosis to disease progression. Results were evaluated using the concordance index and Shapley Additive Explanation values to estimate hazard ratios. After fitting the model they computed the concordance index of test set predictions with the inverse probability weighting. To estimate hazard ratios and their distributions they performed bootstrapping and Shapley Additive Explanation values. Sensitivity analyses were also conducted to explore specific subgroups within the MGUS population. The findings offer valuable insights that could inform further investigations, including synthetic clinical trials or traditional clinical trials, to explore potential drug repurposing strategies for MGUS treatment. 8
Koren et al. presents compelling evidence that alpha 1 (α1)‐adrenoceptor antagonists, when combined with existing antidiabetic drugs, have a notably positive impact on managing type 2 diabetes mellitus (DM-2). Using data extracted from electronic medical records of patients receiving their first-ever drug treatment for DM-2 at Maccabi Health Services in Israel, the study examined factors such as initial blood glucose values, weight, age, BMI, smoking status, and HgA1c levels over a specific time period following diagnosis. Patients with HgA1c levels below 6.5 were considered successfully treated. The research employed machine learning algorithms, including decision trees and neural networks, to assess the effectiveness of various drug groups. They used propensity score matching, and then trained a regression model to predict the treatment effect. During the matching process they used the rate of resampling and Kolmogorov-Smirnof goodness-of-fit tests. To see if the success rates differed among groups, they did the Pearson’s chi-squared test and corrected the P-values according to the Bonferroni correction. The study identified 73 such groups, comparing treatment success rates of patients receiving specific drugs to matched groups of untreated patients. The findings suggest that α1-adrenoceptor antagonists, when integrated into antidiabetic drug regimens, could offer a promising approach to improving DM-2 management. 9
Emulated clinical trials
Based on the articles identified in my systematic review, the second approach used in drug repurposing using electronic healthcare data was to emulate a clinical trial in the dataset. In this group I identified 4 articles. These articles share a similar workflow of the methods used. They all first construct the cohorts, then use inverse probability weighting and at the end apply bootstrapping. The 4 articles differ in the way the calculated the treatment effect. 11-14
Ozery-Flato et al. presented a framework for systematic drug repurposing through the emulation of randomized controlled trials (RCTs) using observational healthcare data. The authors applied this framework to Parkinson's disease (PD), aiming to identify potential drug candidates for slowing disease progression. They conducted emulated RCTs for hundreds of drugs, including those indicated for PD, to estimate their effects on disease progression outcomes. The framework considered various data sources, study designs, eligibility criteria, treatment assignments, outcomes, and hypothesized confounders. It identified major confounders and generated balancing weights to correct for bias, thus enabling the estimation of treatment effects. The study represents an innovative approach to systematically screen drug repurposing candidates using observational data, with a focus on the PD case study. The framework includes procedures for estimating treatment effects and statistical significance. 15 Specifically, they used inverse probability weighting with stabilization and modeled the propensity score with logistic regression. To estimate the treatment effect they used causal inference, either the Kaplan-Meier estimator or the average expected outcome. In the end they used bootstrapping to get the p-value of the computed effect.11 A year later Laifenfeld et al. used the Ozery-flato drug repurposing framework11 in their study.12 
Shahn et al. conducted a study that aims to estimate the effects of antihypertensive drugs on 262 different outcomes. To do this, they follow a target trial emulation framework and specify protocols for the trials they wish they could conduct. Patients are included if they meet certain criteria, such as having hypertension, being over 50 years old, and starting antihypertensive treatment for the first time. They are then randomly assigned to one of five first-line mechanistic classes of antihypertensives. The study uses observational data from over 6.5 million patients in the United States and employs inverse probability weighting to adjust for confounding and informative censoring. Hierarchical models are applied to account for multiple comparisons and interpret the results. The goal is to explore the repurposing potential of antihypertensive drugs and the challenges of screening for repurposing opportunities. Specifically, they constructed their cohorts and then used inverse probability weighting to adjust for confounding and informative censoring. They capped the extreme weights when needed to make sure the cohorts were balanced. For each drug/outcome pair they estimated the counterfactual cumulative incidence curve. To achieve this, they fitted 4 models for each drug/outcome pair. To compute stabilized weights, they used 3 models: a logistic regression model for probability of receiving a specific treatment conditional on the confounders, a Cox hazard model for loss to follow-up given baselined confounders and treatment assignment and another Cox hazard model for loss to follow-up conditional only on treatment assignment. In the end they fit a weighted Cox proportional hazards model to compute the estimated counterfactual cumulative incidence curve. They used bootstrapping to estimate covariance matrices of the incidence curve estimates and confidence intervals. To account for multiple comparisons, share strength across analyses, and use posterior probabilities to help interpret results, they fit hierarchical models to the counterfactual incidence curve and bootstrap covariance matrix estimates.13
Liu et al. presents a computational framework for drug repurposing, employing real-world data to emulate RCTs and estimate drug effects on disease outcomes. Specifically, the framework is applied to a coronary artery disease (CAD) cohort with millions of patients to emulate RCTs for various drug candidates and assess their effects on CAD progression outcomes. The framework defines user and non-user cohorts based on treatment criteria, employs deep learning and causal inference methods to control confounding variables in real-world data, and assesses drug effects using long short-term memory (LSTM) and inverse probability of treatment weighting (IPTW). The study demonstrates the potential of this approach for identifying drug repurposing candidates for CAD and offers a detailed model to estimate average treatment effects (ATE). It presents a novel way of utilizing observational data for drug repurposing and highlights the application of deep learning and causal inference in the healthcare domain. Specifically, the authors developed a framework that first generates user and non-user cohorts. Then they used a deep learning model to calculate the propensity scores to correct for confounding from time sequence data. The model they used consisted of three main components: an embedding module a recurrent neural network and a prediction module. These propensity scores were then used for inverse probability weighting. To estimate the treatment effect, they used the average treatment effect. They also tested their model’s performance by measuring features’ balance between the weighted user and non-user cohorts generated by inverse probability weighting with standardized mean difference. To calculate the confidence intervals and statistical significance of the calculated treatment effect they used bootstrapping.14
Self-controlled case series
A self-controlled case series approach was used in two of the articles. Kuang et al. used a continuous self-controlled case series model for drug repurposing 16 while Cepeda et al. used a self-controlled cohort design.17 
Baseline regularization
Two of the articles by the same first author used baseline regularization for their drug repurposing approach. In the article from 2016 Kuang et al. proposed a baseline regularization model and a variant that extends the one-ways fixed effect model.18 In 2019 Kuang et al. published their protocol that uses baseline regularization in a book about called Computational Methods for Drug Repurposing.19
New algorithm
Kim et al. developed a novel high-throughput data-driven algorithm for drug repurposing using EHRs called large scale EMR-based analytic method for old drugs new uses (LEMON) algorithm.20 
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	Supplementary Figure 1: Enalapril - A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 2: Tramadol - A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 3: Zolpidem- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 4: Paracetamol- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 5: Hydroxocobalamin- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.




	[image: ]
	










A

	[image: ]
	


















B

	[image: ]
	










C

	Supplementary Figure 6: Bendroflumethiazide and potassium- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 7: Furosemide- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 8: Potassium chloride- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 9: Azathioprine- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 10: Zopiclone- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 11: Mesalazine- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 12: Amoxicillin- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.




	[image: ]
	










A

	[image: ]
	


















B

	[image: ]
	










C

	Supplementary Figure 13: Pantoprazole- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 14: Lansoprazole- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 15: Citalopram- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 16: Oxazepam- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 17: Hydrocortisone butyrate- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 18: Metronidazole- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.



	[image: ]
	










A

	[image: ]
	


















B

	[image: ]
	










C

	Supplementary Figure 19: Omeprazole- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.



	[image: ]
	










A

	[image: ]
	


















B

	[image: ]
	










C

	Supplementary Figure 20: Metoclopramide- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 21: Estradiol- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 22: Chloramphenicol- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 23: Codeine- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 24: Ciprofloxacin- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 25: Diazepam- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 26: Indometacin- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 27: Esomeprazole- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 28: Sulfasalazine- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 29: Pivmecillinam- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 30: Betamethasone- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 31: Roxithromycin- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 32: Sulfamethizole- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 33: Erythromycin - A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 34: Levothyroxine sodium- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 35: Metformin- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 36: Fluticasone- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 37: Montelukast - A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 38: Levocabastine - A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.





	[image: ]
	










A

	[image: ]
	


















B

	[image: ]
	










C

	Supplementary Figure 39: Clopidogrel - A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 40: Glyceryl trinitrate - A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 41: Epinephrine- A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 42: Fexofenadine - A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 43: Docusate sodium - A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 44: Isosorbide  - A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 45: Disulfiram - A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 46: Quetiapine- A)Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 47: Glucosamine - A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.
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	Supplementary Figure 48: Tolterodine - A) Propensity score over time B) Cumulative Hazard C) Propensity score density. GettingDrug = 0 means Not exposed. GettingDrug=1 means Exposed.




Supplementary Material 3

Supplementary Table 1.  Median Adherence for drugs associated with increasing or decreasing risk of ileocecal resection
	Drug name
	Median Adherence (MPR)

	Docusate sodium
	82

	Epinephrine
	105

	Bendroflumethiazide and potassium
	87

	Furosemide
	90

	Enalapril
	81

	Estradiol
	85

	Tolterodine
	83

	Levothyroxine sodium
	89

	Indometacin
	87

	Quetiapine
	88

	Diazepam
	84

	Oxazepam
	83

	Zopiclone
	82

	Zolpidem
	88

	Citalopram
	80

	Disulfiram 
	103

	Fluticasone
	87

	Montelukast
	83

	Fexofenadine
	87

	Levocabastine
	80


MPR = Medication Possession Rate.


Supplementary Material 4


Supplementary Figure 1: Hazard ratio of drugs confirmed with the sensitivity analysis associated with a prolonged time interval from the initial diagnosis of CD to the study outcome.
.
Information Classification: General

Information Classification: General
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