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‭MODELS TO PREDICT DRUG SIDE EFFECTS‬

‭Vyas Koduvayur‬‭1‬‭, Jenna Jabourian‬‭1‬‭, Melody Mao‬‭1‬‭, Flicka Zhang‬‭1‬‭, Abeni Liu‬‭1‬

‭1‬‭Department of Computational and Systems Biology,‬‭University of California, Los Angeles‬

‭Keywords‬‭: Machine Learning, Pharmacovigilance, Adverse‬‭Drug Reactions, Predictive Modeling, Model‬
‭Optimization, Feature Selection, Regularization‬

‭ABSTRACT‬
‭Predicting‬ ‭drug‬ ‭side‬ ‭effects‬ ‭is‬ ‭crucial‬ ‭for‬
‭drug‬ ‭safety‬ ‭and‬ ‭development.‬ ‭In‬ ‭our‬ ‭study,‬
‭we‬ ‭extend‬ ‭the‬ ‭work‬ ‭of‬ ‭previous‬ ‭literature‬
‭that‬ ‭utilized‬ ‭machine‬ ‭learning‬ ‭(ML)‬
‭approaches‬‭that‬‭integrate‬‭domain‬‭knowledge‬
‭features—drug‬ ‭targets‬ ‭(DT),‬ ‭Anatomical‬
‭Therapeutic‬ ‭Chemical‬ ‭(ATC)‬ ‭classification‬
‭codes,‬ ‭and‬ ‭PathFX‬ ‭protein-protein‬
‭interaction‬‭networks—to‬‭enhance‬‭side‬‭effect‬
‭prediction.‬ ‭Building‬ ‭on‬ ‭a‬ ‭prior‬ ‭study‬ ‭that‬
‭identified‬ ‭logistic‬ ‭regression‬ ‭(LR)‬ ‭as‬ ‭the‬
‭best-performing‬ ‭model,‬ ‭we‬ ‭investigate‬ ‭two‬
‭key‬ ‭extensions:‬‭(1)‬‭evaluating‬‭the‬‭impact‬‭of‬
‭higher-resolution‬‭ATC‬‭levels‬‭(levels‬‭3-5)‬‭on‬
‭predictive‬‭accuracy‬‭and‬‭(2)‬‭exploring‬‭how‬‭to‬
‭optimize‬ ‭the‬ ‭LR‬ ‭model‬ ‭for‬ ‭improved‬
‭performance.‬

‭Our‬ ‭approach‬ ‭involves‬ ‭replicating‬ ‭the‬
‭original‬ ‭study’s‬ ‭workflow‬ ‭by‬ ‭conducting‬
‭quality‬‭control.‬‭We‬‭then‬‭test‬‭higher‬‭levels‬‭of‬
‭ATC‬ ‭codes‬ ‭and‬ ‭modify‬ ‭model‬ ‭parameters.‬
‭Results‬ ‭show‬ ‭that‬ ‭ATC‬ ‭levels‬ ‭2,‬ ‭3,‬ ‭and‬ ‭4‬
‭have‬‭comparable‬‭performance,‬‭while‬‭level‬‭5‬
‭underperforms‬ ‭substantially,‬ ‭likely‬ ‭due‬ ‭to‬
‭overfitting.‬ ‭Additionally,‬ ‭fine-tuning‬ ‭the‬
‭logistic‬ ‭regression‬ ‭model,‬ ‭such‬ ‭as‬ ‭making‬
‭decision‬ ‭threshold‬ ‭adjustments‬ ‭and‬
‭optimizing‬ ‭regularization‬ ‭types,‬ ‭showed‬
‭promise regarding accuracy improvement.‬

‭Our‬ ‭findings‬ ‭ultimately‬ ‭highlight‬ ‭a‬ ‭tradeoff‬
‭between‬ ‭feature‬ ‭granularity‬ ‭and‬ ‭model‬
‭generalizability.‬ ‭By‬ ‭demonstrating‬ ‭how‬
‭careful‬ ‭feature‬ ‭selection‬ ‭and‬ ‭parameter‬
‭tuning‬ ‭can‬ ‭enhance‬ ‭drug‬ ‭side‬ ‭effect‬
‭prediction,‬ ‭our‬ ‭study‬ ‭emphasizes‬ ‭the‬
‭importance‬ ‭of‬ ‭balancing‬ ‭specificity‬ ‭and‬
‭model‬ ‭robustness‬ ‭in‬ ‭ML-based‬ ‭approaches‬
‭to‬ ‭advance‬ ‭drug‬ ‭side‬ ‭effect‬ ‭prediction.‬ ‭Our‬
‭findings‬‭can‬‭ultimately‬‭inform‬‭future‬‭efforts‬
‭that‬‭integrate‬‭computational‬‭approaches‬‭into‬
‭pharmacological research.‬

‭INTRODUCTION‬
‭Drug‬ ‭side‬ ‭effect‬ ‭prediction‬ ‭is‬ ‭a‬ ‭critical‬
‭component‬ ‭of‬ ‭pharmacology‬ ‭and‬ ‭drug‬
‭development,‬ ‭as‬ ‭unforeseen‬ ‭toxicity‬ ‭and‬
‭intolerable‬ ‭side‬ ‭effects‬ ‭continue‬ ‭to‬ ‭be‬‭some‬
‭of‬ ‭the‬ ‭primary‬ ‭causes‬ ‭of‬ ‭drug‬ ‭failure‬ ‭and‬
‭drug‬ ‭withdrawal‬ ‭once‬ ‭reaching‬ ‭the‬ ‭market‬
‭[1]‬‭.‬ ‭For‬ ‭instance,‬ ‭retinoids,‬ ‭a‬ ‭class‬ ‭of‬
‭medication‬ ‭that‬ ‭is‬ ‭used‬ ‭to‬ ‭treat‬ ‭severe‬
‭recalcitrant‬ ‭nodular‬ ‭acne‬ ‭and‬ ‭also‬ ‭induce‬
‭remission‬ ‭of‬ ‭leukemia‬ ‭[2]‬‭,‬ ‭are‬ ‭associated‬
‭with‬ ‭causing‬ ‭meibomian‬ ‭gland‬‭dysfunction,‬
‭ultimately‬ ‭leading‬ ‭to‬ ‭eye‬ ‭discomfort‬ ‭and‬
‭acute transient refractive changes‬‭[3]‬‭.‬

‭Traditional‬ ‭methods‬ ‭for‬ ‭identifying‬ ‭side‬
‭effects‬ ‭rely‬ ‭on‬ ‭preclinical‬ ‭studies,‬ ‭clinical‬
‭trials,‬ ‭and‬ ‭post-market‬ ‭surveillance‬ ‭[4]‬‭.‬
‭However,‬‭these‬‭approaches‬‭have‬‭limitations,‬
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‭such‬ ‭as‬ ‭small‬ ‭sample‬ ‭sizes,‬ ‭lack‬‭of‬‭accrual,‬
‭and‬ ‭time-consuming‬ ‭regulatory‬ ‭processes‬
‭[5]‬‭.‬ ‭As‬ ‭a‬ ‭result,‬‭machine‬‭learning‬‭(ML)‬‭has‬
‭emerged‬ ‭as‬‭a‬‭powerful‬‭tool‬‭to‬‭address‬‭these‬
‭challenges‬ ‭and‬ ‭predict‬ ‭individual‬ ‭drug‬ ‭side‬
‭effects‬ ‭by‬ ‭leveraging‬ ‭large-scale‬ ‭datasets‬ ‭to‬
‭identify‬ ‭patterns‬ ‭that‬ ‭may‬ ‭not‬ ‭be‬ ‭apparent‬
‭through‬ ‭conventional‬ ‭methods‬ ‭[6,7]‬‭.‬
‭ML-based‬‭approaches‬‭hold‬‭great‬‭potential‬‭in‬
‭advancing‬ ‭drug‬ ‭safety‬ ‭assessment,‬ ‭but‬
‭previous‬ ‭studies‬ ‭have‬ ‭faced‬ ‭significant‬
‭hurdles,‬ ‭especially‬ ‭due‬ ‭to‬ ‭a‬ ‭lack‬ ‭of‬
‭standardized‬ ‭datasets‬ ‭that‬ ‭classify‬ ‭side‬
‭effects‬ ‭based‬ ‭on‬ ‭the‬ ‭clinical‬ ‭trial‬ ‭stage‬ ‭at‬
‭which‬ ‭they‬ ‭were‬ ‭identified‬ ‭[7]‬‭.‬ ‭This‬ ‭results‬
‭in‬ ‭limitations‬ ‭in‬ ‭interpreting‬ ‭results‬ ‭due‬ ‭to‬
‭data‬ ‭sparsity,‬ ‭and‬ ‭ultimately,‬ ‭makes‬ ‭it‬
‭difficult to fully analyze adverse effects.‬

‭To‬ ‭address‬ ‭this‬ ‭issue,‬ ‭researchers‬ ‭in‬ ‭the‬
‭scientific‬‭community‬‭created‬‭the‬‭Side‬‭Effect‬
‭Resource‬ ‭(SIDER)‬ ‭database,‬ ‭which‬ ‭uses‬
‭Natural‬ ‭Language‬ ‭Processing‬ ‭to‬ ‭document‬
‭results‬ ‭from‬ ‭free‬ ‭public‬‭sources‬‭[8]‬‭.‬‭SIDER‬
‭integrates‬ ‭data‬ ‭on‬ ‭drugs,‬ ‭targets,‬ ‭and‬ ‭side‬
‭effects‬ ‭into‬ ‭a‬ ‭powerful‬ ‭dataset‬ ‭that‬ ‭can‬ ‭be‬
‭utilized‬ ‭to‬ ‭better‬ ‭predict‬ ‭adverse‬ ‭effects.‬
‭Additionally,‬ ‭another‬ ‭group‬ ‭of‬ ‭researchers‬
‭compiled‬ ‭DrugBank,‬ ‭a‬ ‭data‬ ‭resource‬ ‭that‬
‭contains‬ ‭comprehensive‬ ‭drug‬ ‭target‬
‭information‬‭with‬‭over‬‭4000‬‭drug‬‭entries‬‭and‬
‭over‬‭14,000‬‭target‬‭sequences‬‭associated‬‭with‬
‭those‬ ‭drugs‬ ‭[9]‬‭.‬ ‭The‬ ‭database‬ ‭also‬ ‭includes‬
‭domain‬ ‭knowledge‬ ‭for‬ ‭each‬‭drug,‬‭including‬
‭its‬‭Anatomical‬‭Therapeutic‬‭Chemical‬‭(ATC)‬
‭classification‬ ‭as‬ ‭well‬ ‭as‬ ‭its‬ ‭drug‬
‭development‬ ‭group‬ ‭status,‬ ‭offering‬ ‭an‬
‭alternative‬ ‭feature‬ ‭representation‬ ‭by‬
‭categorizing‬‭drugs‬‭based‬‭on‬‭both‬‭therapeutic‬
‭use‬ ‭and‬ ‭chemical‬ ‭properties‬ ‭[10]‬‭.‬ ‭This‬
‭structured‬‭classification‬‭could‬‭strengthen‬‭the‬
‭predictive‬ ‭power‬ ‭of‬ ‭ML‬ ‭models‬ ‭by‬
‭integrating‬ ‭pharmacological‬ ‭context‬ ‭into‬
‭side effect prediction.‬

‭Such‬ ‭models‬ ‭can‬ ‭be‬ ‭especially‬ ‭powerful‬
‭when‬ ‭enriched‬ ‭with‬ ‭a‬ ‭combination‬ ‭of‬
‭domain‬ ‭knowledge‬ ‭features‬ ‭such‬ ‭as‬ ‭drug‬
‭targets,‬ ‭drug‬ ‭classifications,‬ ‭and‬
‭protein-protein‬ ‭interaction‬ ‭(PPI)‬ ‭networks.‬
‭For‬ ‭instance,‬ ‭a‬ ‭previous‬ ‭study‬ ‭that‬
‭incorporated‬ ‭several‬ ‭domain‬ ‭knowledge‬
‭features—including‬ ‭drug‬ ‭targets,‬ ‭PPI‬
‭networks,‬ ‭and‬ ‭ATC‬ ‭codes—into‬ ‭an‬ ‭ML‬
‭model‬ ‭achieved‬ ‭a‬ ‭high‬ ‭performance‬ ‭with‬
‭0.975‬ ‭accuracy‬ ‭[11]‬‭.‬ ‭These‬ ‭successes‬
‭suggest‬‭that‬‭it‬‭may‬‭be‬‭useful‬‭to‬‭evaluate‬‭the‬
‭relative‬ ‭predictive‬ ‭power‬ ‭of‬ ‭the‬ ‭various‬
‭domain knowledge features.‬

‭In‬ ‭this‬ ‭project,‬ ‭we‬ ‭build‬ ‭upon‬ ‭a‬ ‭study‬ ‭that‬
‭utilized‬ ‭the‬ ‭SIDER‬ ‭database,‬ ‭drug‬ ‭targets‬
‭(DT),‬ ‭ATC‬ ‭codes,‬ ‭and‬ ‭PathFX‬ ‭(a‬ ‭pathway‬
‭modeling‬ ‭tool‬ ‭developed‬ ‭by‬ ‭the‬‭researchers‬
‭that‬ ‭can‬ ‭identify‬ ‭drug-induced‬ ‭phenotypic‬
‭effects)‬‭to‬‭predict‬‭the‬‭top‬‭30‬‭most‬‭frequently‬
‭appearing‬ ‭drug-induced‬ ‭side‬ ‭effects‬ ‭[12]‬‭.‬
‭The‬ ‭study‬ ‭evaluated‬ ‭five‬ ‭different‬ ‭domain‬
‭knowledge‬ ‭feature‬‭sets‬‭utilizing‬‭several‬‭ML‬
‭models—including‬ ‭the‬ ‭Random‬ ‭Forest‬
‭Classifier‬ ‭and‬ ‭Logistic‬ ‭Regression‬ ‭(LR)‬
‭models—and‬ ‭sought‬ ‭to‬ ‭identify‬ ‭the‬ ‭most‬
‭optimal‬ ‭combinations‬ ‭for‬ ‭accurate‬ ‭side‬
‭effect‬ ‭prediction‬ ‭[13]‬‭.‬ ‭Their‬ ‭principal‬
‭conclusion‬‭was‬‭that‬‭LR‬‭models‬‭using‬‭level‬‭2‬
‭ATC‬ ‭codes‬ ‭combined‬ ‭with‬ ‭DT‬ ‭performed‬
‭most‬ ‭optimally‬ ‭for‬ ‭a‬ ‭majority‬ ‭of‬ ‭the‬ ‭side‬
‭effects,‬ ‭although‬ ‭there‬ ‭were‬ ‭some‬
‭exceptions.‬ ‭Their‬ ‭conclusion‬ ‭serves‬ ‭to‬
‭reinforce‬ ‭the‬ ‭importance‬ ‭of‬ ‭using‬ ‭domain‬
‭expertise in prediction models.‬

‭However,‬ ‭several‬ ‭key‬ ‭areas‬ ‭remain‬
‭unexplored.‬‭For‬‭instance,‬‭although‬‭the‬‭study‬
‭predominantly‬ ‭focused‬ ‭on‬ ‭analyzing‬ ‭the‬
‭predictive‬ ‭value‬ ‭of‬ ‭level‬ ‭2‬ ‭ATC‬ ‭codes,‬ ‭the‬
‭use‬ ‭of‬ ‭higher-resolution‬ ‭ATC‬ ‭levels‬ ‭(levels‬
‭3-5)‬ ‭could‬ ‭improve‬ ‭the‬ ‭model’s‬ ‭ability‬ ‭to‬
‭differentiate‬ ‭between‬ ‭drugs‬ ‭with‬ ‭similar‬
‭broad‬ ‭classifications‬ ‭but‬ ‭distinct‬
‭pharmacological‬ ‭effects‬ ‭[14]‬‭.‬ ‭Additionally,‬
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‭the‬ ‭default‬ ‭parameters‬ ‭for‬ ‭their‬ ‭LR‬ ‭model‬
‭were‬ ‭not‬ ‭optimized‬ ‭for‬ ‭this‬ ‭specific‬ ‭task,‬
‭suggesting‬ ‭an‬ ‭avenue‬ ‭to‬ ‭adjust‬ ‭certain‬
‭parameters‬ ‭and‬ ‭utilize‬ ‭additional‬ ‭data‬ ‭to‬
‭enhance‬ ‭prediction‬ ‭performance‬ ‭by‬
‭balancing sensitivity and specificity.‬

‭This‬ ‭study‬ ‭expands‬ ‭on‬‭the‬‭original‬‭research‬
‭by‬ ‭addressing‬ ‭two‬ ‭key‬ ‭questions:‬ ‭(1)‬ ‭How‬
‭does‬‭increasing‬‭ATC‬‭code‬‭granularity‬‭(from‬
‭level‬ ‭2‬ ‭to‬ ‭5)‬ ‭affect‬ ‭predictive‬ ‭power?‬ ‭(2)‬
‭Can‬ ‭the‬ ‭parameters‬ ‭of‬ ‭the‬ ‭Logistic‬
‭Regression‬ ‭model‬ ‭(LR)‬ ‭be‬ ‭fine-tuned‬ ‭for‬
‭better‬ ‭prediction‬ ‭accuracy?‬ ‭We‬ ‭hypothesize‬
‭that‬ ‭adjusting‬ ‭model‬ ‭parameters‬ ‭(‬‭e.g.‬‭,‬
‭decision‬ ‭thresholds‬ ‭and‬ ‭regularization‬
‭strength)‬ ‭can‬ ‭calibrate‬ ‭a‬
‭sensitivity-specificity‬ ‭trade-off‬ ‭for‬ ‭better‬
‭accuracy‬ ‭[15,16]‬‭.‬ ‭Additionally,‬ ‭we‬ ‭expect‬
‭that‬ ‭higher-level‬ ‭ATC‬ ‭codes‬ ‭will‬ ‭provide‬
‭more‬ ‭informative‬ ‭drug‬ ‭information,‬
‭potentially‬ ‭improving‬ ‭predictive‬ ‭power‬ ‭but‬
‭also‬ ‭increasing‬ ‭the‬ ‭risk‬ ‭of‬ ‭overfitting‬ ‭[17]‬‭.‬

‭To‬ ‭address‬ ‭these‬‭questions,‬‭we‬‭replicate‬‭the‬
‭original‬‭study,‬‭explore‬‭higher‬‭levels‬‭of‬‭ATC‬
‭codes,‬ ‭and‬ ‭refine‬ ‭the‬ ‭Logistic‬ ‭Regression‬
‭model‬ ‭to‬ ‭identify‬ ‭the‬ ‭optimal‬ ‭feature‬
‭selection‬‭and‬‭model‬‭parameters‬‭for‬‭drug‬‭side‬
‭effect‬‭prediction,‬‭with‬‭the‬‭goal‬‭of‬‭increasing‬
‭the‬‭model’s‬‭predictive‬‭power‬‭and‬‭ultimately‬
‭working‬ ‭to‬ ‭improve‬ ‭drug‬ ‭safety‬ ‭and‬
‭development.‬

‭METHODS‬
‭At‬ ‭a‬ ‭high‬ ‭level,‬ ‭our‬ ‭project‬ ‭involved‬
‭obtaining‬ ‭the‬ ‭necessary‬ ‭datasets,‬ ‭mapping‬
‭drug‬ ‭names‬ ‭to‬ ‭their‬ ‭drug‬ ‭bank‬ ‭IDs,‬
‭replicating‬‭the‬‭original‬‭results,‬‭testing‬‭higher‬
‭level‬‭ATC‬‭codes,‬‭and‬‭finally,‬‭fine-tuning‬‭the‬
‭model.‬‭The‬‭workflow‬‭process‬‭is‬‭summarized‬
‭above‬‭(Figure 1).‬
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‭Obtaining‬ ‭Datasets‬ ‭and‬ ‭Replicating‬ ‭Initial‬
‭Study‬
‭The‬ ‭first‬ ‭step‬ ‭of‬ ‭our‬ ‭project‬ ‭was‬ ‭to‬ ‭obtain‬
‭the‬ ‭main‬ ‭code‬ ‭(written‬ ‭in‬ ‭Python)‬ ‭and‬
‭datasets‬ ‭from‬ ‭the‬ ‭lab’s‬ ‭GitHub‬ ‭repository.‬
‭Datasets‬ ‭from‬ ‭SIDER‬ ‭included‬ ‭the‬‭Medical‬
‭Dictionary‬ ‭for‬ ‭Regulatory‬ ‭Activities‬
‭(MedDRA)‬ ‭file‬ ‭containing‬ ‭side‬ ‭effects‬ ‭of‬
‭Food‬ ‭and‬ ‭Drug‬ ‭Administration‬ ‭approved‬
‭drugs.‬ ‭A‬ ‭file‬ ‭called‬ ‭“drug_names.tsv”‬ ‭was‬
‭also‬ ‭included‬ ‭and‬ ‭contained‬ ‭all‬ ‭drug‬‭names‬
‭and‬ ‭their‬ ‭unique‬ ‭SIDER‬ ‭drug‬ ‭IDs.‬ ‭Several‬
‭DrugBank‬ ‭(DB)‬ ‭datasets‬ ‭were‬ ‭included‬ ‭in‬
‭the‬ ‭repository‬ ‭as‬ ‭well.‬ ‭The‬ ‭file‬
‭“drugbank_vocabulary.csv”‬ ‭contained‬
‭common‬ ‭names‬ ‭and‬ ‭synonyms‬ ‭of‬ ‭drugs‬
‭along‬ ‭with‬ ‭their‬ ‭associated‬ ‭DrugBank‬
‭identifier‬ ‭(DBID).‬‭To‬‭access‬‭the‬‭ATC‬‭codes‬
‭associated‬‭with‬‭DBIDs,‬‭access‬‭to‬‭DrugBank‬
‭release‬ ‭version‬ ‭5.1.6‬ ‭was‬ ‭requested‬ ‭and‬
‭approved‬ ‭for‬ ‭this‬ ‭project‬ ‭[10]‬‭.‬ ‭Included‬ ‭in‬
‭the‬ ‭repository‬ ‭was‬ ‭a‬‭PathFX‬‭file‬‭containing‬
‭a‬ ‭pickled‬ ‭dictionary‬ ‭of‬ ‭all‬ ‭DB‬ ‭drugs‬ ‭and‬
‭associated‬‭targets.‬‭Lastly,‬‭several‬‭Excel‬‭files‬
‭were‬ ‭included‬ ‭with‬ ‭a‬ ‭summary‬ ‭of‬ ‭the‬
‭original study’s results.‬

‭Once‬ ‭all‬ ‭datasets‬ ‭were‬ ‭obtained,‬ ‭the‬ ‭next‬
‭step‬ ‭was‬ ‭to‬‭process‬‭and‬‭map‬‭the‬‭data.‬‭First,‬

‭SIDER‬ ‭drug‬ ‭names‬‭were‬‭mapped‬‭to‬‭DBIDs‬
‭to‬ ‭match‬ ‭drug‬ ‭names.‬ ‭Drug‬ ‭names‬ ‭were‬
‭standardized‬ ‭to‬ ‭a‬ ‭single‬ ‭ID‬ ‭to‬ ‭ensure‬
‭accurate‬ ‭mapping.‬ ‭A‬ ‭subset‬ ‭of‬ ‭the‬‭file‬‭with‬
‭mapped‬ ‭drug‬ ‭names‬ ‭is‬ ‭displayed‬ ‭in‬ ‭tabular‬
‭form‬ ‭(Table‬ ‭1)‬‭.‬ ‭From‬ ‭SIDER,‬ ‭the‬ ‭30‬ ‭most‬
‭common‬ ‭side‬ ‭effects‬ ‭and‬ ‭their‬ ‭associated‬
‭drug names were extracted.‬

‭After‬ ‭standardization‬ ‭and‬ ‭mapping‬ ‭were‬
‭completed,‬‭the‬‭third‬‭step‬‭was‬‭to‬‭replicate‬‭the‬
‭original‬ ‭results‬ ‭using‬ ‭the‬ ‭best-performing‬
‭model‬‭(LR).‬‭To‬‭fully‬‭highlight‬‭the‬‭effects‬‭of‬
‭using‬ ‭level‬ ‭2‬ ‭ATC‬ ‭codes‬ ‭(first‬ ‭three‬
‭characters‬ ‭in‬ ‭ATC‬ ‭code)‬ ‭and‬ ‭DT,‬ ‭PathFX‬
‭feature‬ ‭sets‬ ‭were‬ ‭omitted.‬ ‭Replication‬
‭involved‬ ‭finding‬ ‭the‬ ‭LR‬ ‭mean‬ ‭accuracy‬‭for‬
‭three‬‭feature‬‭combinations:‬‭(1)‬‭DT‬‭only,‬‭(2)‬
‭ATC‬ ‭codes‬ ‭only,‬ ‭and‬ ‭(3)‬ ‭ATC‬ ‭codes‬ ‭with‬
‭DT.‬ ‭To‬ ‭compare‬ ‭the‬‭performance‬‭of‬‭the‬‭LR‬
‭model‬ ‭for‬ ‭these‬ ‭three‬ ‭feature‬ ‭sets,‬ ‭an‬
‭analysis‬ ‭of‬ ‭variance‬ ‭(ANOVA)‬ ‭was‬
‭conducted‬ ‭along‬ ‭with‬ ‭paired‬ ‭T-Tests‬ ‭to‬
‭compare‬ ‭ATC‬ ‭codes‬ ‭only‬ ‭with‬ ‭ATC‬ ‭codes‬
‭with DT.‬

‭Increasing Level of ATC Codes‬
‭The‬‭first‬‭main‬‭extension‬‭for‬‭this‬‭project‬‭was‬
‭to‬ ‭perform‬ ‭a‬ ‭similar‬ ‭analysis‬ ‭using‬ ‭higher‬
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‭level‬‭ATC‬‭codes,‬‭particularly‬‭levels‬‭3,‬‭4,‬‭and‬
‭5,‬ ‭by‬ ‭increasing‬ ‭the‬ ‭number‬ ‭of‬ ‭characters‬
‭included‬ ‭in‬ ‭the‬ ‭whole‬ ‭ATC‬ ‭code.‬ ‭For‬ ‭all‬
‭additional‬ ‭ATC‬ ‭code‬ ‭levels,‬ ‭accuracy‬
‭comparisons‬‭were‬‭made‬‭using‬‭the‬‭ATC-only‬
‭model.‬ ‭ANOVA‬ ‭was‬ ‭used‬ ‭to‬ ‭compare‬ ‭the‬
‭performance‬ ‭of‬ ‭each‬ ‭extended‬ ‭ATC‬ ‭code‬
‭level‬ ‭(levels‬ ‭2-5).‬ ‭For‬ ‭deeper‬ ‭analysis,‬ ‭a‬
‭pairwise‬‭comparison‬‭was‬‭conducted‬‭on‬‭each‬
‭ATC‬ ‭level‬ ‭to‬ ‭determine‬ ‭the‬ ‭effects‬ ‭of‬
‭individual‬ ‭ATC‬ ‭levels.‬ ‭Based‬ ‭on‬ ‭this‬
‭pairwise‬ ‭comparison,‬ ‭the‬ ‭two‬ ‭ATC‬ ‭code‬
‭levels‬‭with‬‭the‬‭most‬‭notable‬‭results,‬‭levels‬‭2‬
‭and‬ ‭4,‬ ‭were‬ ‭compared‬‭using‬‭a‬‭T-test‬‭for‬‭(1)‬
‭level‬ ‭2‬ ‭ATC-only‬ ‭versus‬ ‭level‬ ‭4‬ ‭ATC-only‬
‭and‬‭(2)‬‭DT‬‭with‬‭level‬‭2‬‭ATC‬‭versus‬‭DT‬‭with‬
‭level‬ ‭4‬ ‭ATC.‬ ‭The‬ ‭use‬ ‭of‬ ‭a‬ ‭T-test‬ ‭was‬
‭justified‬ ‭after‬ ‭performing‬ ‭a‬ ‭Shapiro-Wilk‬
‭Test‬ ‭to‬ ‭prove‬‭normality‬‭and‬‭a‬‭Levene's‬‭Test‬
‭to‬ ‭prove‬ ‭equal‬ ‭variance.‬ ‭Additionally,‬ ‭the‬
‭mean‬ ‭difference‬ ‭in‬ ‭prediction‬ ‭accuracy‬ ‭for‬
‭ATC‬ ‭only‬ ‭and‬ ‭ATC‬ ‭with‬ ‭DT‬ ‭for‬‭the‬‭top‬‭30‬
‭side‬ ‭effects‬ ‭was‬ ‭compared‬ ‭for‬ ‭level‬ ‭2‬ ‭and‬
‭level‬ ‭4‬‭ATC‬‭codes.‬‭This‬‭extension‬‭provided‬
‭a‬ ‭deeper‬ ‭exploration‬ ‭into‬ ‭differences‬
‭associated‬ ‭with‬ ‭ATC‬ ‭level‬ ‭choice‬ ‭and‬
‭specific side effects.‬

‭Fine-tuning LR Model Parameters‬
‭Since‬ ‭the‬ ‭original‬ ‭study‬ ‭used‬ ‭default‬
‭parameters‬‭for‬‭the‬‭LR‬‭model,‬‭the‬‭final‬‭phase‬
‭of‬ ‭this‬ ‭project‬ ‭focused‬ ‭on‬ ‭fine-tuning‬ ‭these‬
‭parameters‬ ‭to‬ ‭improve‬‭model‬‭accuracy.‬‭The‬
‭first‬ ‭adjustment‬ ‭made‬ ‭was‬ ‭to‬ ‭the‬ ‭decision‬
‭threshold‬ ‭of‬ ‭the‬ ‭model‬ ‭due‬ ‭to‬ ‭its‬ ‭ability‬ ‭to‬
‭improve‬ ‭sensitivity‬ ‭and‬ ‭specificity.‬ ‭By‬
‭default,‬ ‭a‬ ‭threshold‬ ‭of‬ ‭0.5‬ ‭classifies‬
‭probabilities‬ ‭below‬ ‭0.5‬ ‭as‬ ‭"no‬ ‭side‬ ‭effect"‬
‭and‬ ‭those‬ ‭above‬ ‭0.5‬ ‭as‬ ‭"side‬ ‭effect‬
‭occurrence”.‬ ‭To‬‭determine‬‭the‬‭most‬‭optimal‬
‭decision‬ ‭threshold,‬‭we‬‭maximized‬‭Youden’s‬
‭J‬ ‭Statistic,‬ ‭calculated‬ ‭as‬ ‭the‬ ‭difference‬
‭between‬‭True‬‭Positive‬‭Rate‬‭(TPR)‬‭and‬‭False‬
‭Positive‬ ‭Rate‬ ‭(FPR).‬ ‭This‬ ‭approach‬
‭ultimately‬ ‭finds‬ ‭the‬ ‭best‬ ‭balance‬ ‭between‬
‭false‬ ‭positives‬ ‭and‬ ‭false‬ ‭negatives,‬

‭contributing‬ ‭to‬ ‭improving‬ ‭the‬ ‭overall‬
‭accuracy.‬ ‭TPR‬ ‭and‬ ‭FPR‬ ‭values‬ ‭were‬
‭obtained‬ ‭using‬ ‭the‬ ‭Receiver‬ ‭Operating‬
‭Characteristic (ROC) curve.‬

‭Additionally,‬ ‭we‬ ‭adjusted‬ ‭the‬‭regularization‬
‭strength‬ ‭(C)‬ ‭parameter‬ ‭of‬ ‭the‬ ‭LR‬ ‭model,‬
‭which‬ ‭has‬ ‭a‬ ‭default‬ ‭value‬ ‭of‬ ‭1.‬ ‭This‬
‭parameter‬‭controls‬‭how‬‭the‬‭model‬‭penalizes‬
‭large‬ ‭coefficients.‬ ‭A‬ ‭higher‬ ‭C‬ ‭value‬
‭corresponds‬ ‭to‬ ‭less‬ ‭regularization‬ ‭and‬ ‭a‬
‭more‬ ‭complex‬ ‭model,‬ ‭with‬ ‭the‬ ‭risk‬ ‭of‬
‭overfitting,‬ ‭while‬ ‭a‬ ‭lower‬ ‭C‬ ‭value‬
‭corresponds‬ ‭to‬ ‭more‬ ‭regularization‬ ‭and‬ ‭a‬
‭simpler‬ ‭model,‬ ‭with‬ ‭the‬ ‭risk‬ ‭of‬‭underfitting‬
‭[18]‬‭.‬ ‭To‬ ‭automate‬ ‭the‬ ‭optimization‬ ‭of‬ ‭this‬
‭parameter,‬ ‭Grid‬ ‭Search,‬ ‭an‬ ‭exhaustive‬
‭hyperparameter‬ ‭tuning‬ ‭method‬ ‭that‬
‭evaluates‬ ‭multiple‬ ‭values‬ ‭to‬ ‭identify‬ ‭the‬
‭best-performing‬‭one,‬‭was‬‭used.‬‭As‬‭higher‬‭C‬
‭values‬ ‭can‬ ‭make‬ ‭it‬ ‭harder‬ ‭for‬ ‭the‬ ‭model‬ ‭to‬
‭converge,‬‭the‬‭maximum‬‭iterations‬‭parameter‬
‭was‬ ‭also‬ ‭increased‬ ‭from‬ ‭100‬ ‭to‬ ‭300‬ ‭to‬
‭accommodate longer training times.‬

‭Improvement‬ ‭in‬ ‭model‬ ‭performance‬ ‭was‬
‭assessed‬‭using‬‭the‬‭DT-only‬‭feature‬‭set.‬‭Once‬
‭the‬ ‭parameter‬ ‭modifications‬ ‭were‬
‭determined‬ ‭to‬ ‭correspond‬ ‭with‬ ‭an‬
‭improvement‬‭in‬‭the‬‭accuracy‬‭of‬‭predictions,‬
‭the‬ ‭ultimate‬ ‭prediction‬ ‭model‬ ‭for‬ ‭drug‬ ‭side‬
‭effects‬ ‭was‬ ‭formulated.‬ ‭This‬ ‭involved‬ ‭the‬
‭use‬ ‭of‬ ‭the‬ ‭fine-tuned‬ ‭LR‬ ‭model‬ ‭applied‬ ‭to‬
‭the‬‭DT/ATC‬‭feature‬‭combination,‬‭which‬‭was‬
‭determined‬ ‭in‬ ‭the‬ ‭original‬ ‭paper‬ ‭to‬
‭demonstrate‬ ‭the‬ ‭highest‬‭performance.‬‭Level‬
‭4‬ ‭ATC‬ ‭codes‬ ‭were‬ ‭used‬ ‭as‬ ‭they‬ ‭were‬
‭determined‬ ‭previously‬ ‭in‬‭our‬‭first‬‭extension‬
‭to‬ ‭perform‬ ‭generally‬ ‭on‬ ‭par‬ ‭with,‬ ‭if‬ ‭not‬
‭better‬ ‭than,‬ ‭level‬ ‭2‬ ‭(used‬ ‭in‬ ‭the‬ ‭original‬
‭study) for all top 30 side effects.‬

‭Code and Figures‬
‭Data‬ ‭mapping‬ ‭and‬ ‭model‬ ‭evaluation‬ ‭code‬
‭were‬ ‭run‬ ‭in‬ ‭Python,‬ ‭and‬ ‭figures‬ ‭were‬
‭generated with R.‬
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‭RESULTS‬
‭LR‬ ‭Models‬ ‭with‬ ‭Level‬ ‭2,‬ ‭3,‬ ‭4,‬ ‭and‬ ‭5‬ ‭ATC‬
‭Codes‬
‭The‬ ‭model‬ ‭performance‬ ‭by‬‭ATC‬‭levels‬‭was‬
‭analyzed‬ ‭using‬‭ANOVA,‬‭with‬‭all‬‭thirty‬‭side‬

‭effects‬ ‭indicating‬ ‭significant‬ ‭differences‬
‭across‬ ‭models.‬ ‭The‬ ‭impact‬ ‭of‬ ‭higher‬ ‭ATC‬
‭code‬ ‭levels‬ ‭(levels‬ ‭3-5)‬ ‭on‬ ‭predictive‬
‭accuracy‬ ‭was‬ ‭recorded‬ ‭in‬ ‭tabular‬ ‭form‬
‭(‬‭Table‬ ‭2‬‭).‬ ‭Additionally,‬ ‭models‬ ‭were‬



‭analyzed‬ ‭using‬ ‭multiple‬ ‭visualizations.‬
‭Violin‬ ‭plots‬ ‭showed‬ ‭that‬ ‭ATC‬ ‭levels‬ ‭2,‬ ‭3,‬
‭and‬ ‭4‬ ‭were‬ ‭found‬ ‭to‬ ‭have‬ ‭comparable‬
‭performance,‬‭whereas‬‭level‬‭5‬‭underperforms‬
‭greatly‬‭(Figure 2)‬‭.‬

‭Next,‬ ‭pairwise‬ ‭comparisons‬ ‭between‬ ‭each‬
‭ATC‬ ‭model‬ ‭were‬ ‭visualized‬ ‭in‬ ‭scatter‬ ‭plot‬
‭form‬ ‭and‬ ‭a‬ ‭correlation‬ ‭heatmap.‬
‭Comparisons‬ ‭showed‬ ‭a‬ ‭strong‬ ‭linear‬
‭correlation‬ ‭between‬ ‭levels‬ ‭2‬ ‭and‬ ‭3.‬‭Level‬‭5‬
‭exhibited‬ ‭a‬ ‭weak‬ ‭or‬ ‭non-linear‬ ‭relationship‬
‭with‬‭all‬‭other‬‭levels,‬‭suggesting‬‭a‬‭significant‬
‭difference‬ ‭in‬ ‭performance‬‭.‬ ‭Level‬ ‭4‬ ‭was‬
‭found‬ ‭to‬ ‭have‬ ‭a‬ ‭linear,‬ ‭albeit‬ ‭weaker,‬
‭relationship‬‭with‬‭level‬‭2‬‭and‬‭level‬‭3‬‭(Figure‬
‭3A)‬‭.‬ ‭A‬ ‭correlation‬ ‭heat‬ ‭map‬ ‭further‬
‭confirmed‬ ‭that‬ ‭levels‬ ‭2‬ ‭and‬ ‭3‬ ‭were‬ ‭very‬
‭similar‬ ‭(correlation‬ ‭coefficient‬ ‭of‬ ‭0.92),‬
‭whereas‬ ‭level‬ ‭5‬ ‭had‬ ‭weak‬ ‭correlations‬‭with‬
‭all‬ ‭other‬ ‭levels‬ ‭(Figure‬ ‭3B).‬ ‭Level‬ ‭4‬ ‭and‬
‭level‬‭2‬‭had‬‭a‬‭correlation‬‭of‬‭0.77,‬‭indicating‬‭a‬
‭moderately‬ ‭strong‬ ‭linear‬ ‭relationship‬ ‭but‬

‭also‬ ‭suggesting‬ ‭some‬ ‭differences‬ ‭between‬
‭the‬ ‭models,‬ ‭prompting‬ ‭a‬ ‭need‬ ‭for‬ ‭further‬
‭analysis comparing level 4 to level 2.‬

‭When‬ ‭investigating‬‭this‬‭relationship‬‭further,‬
‭a‬ ‭mean‬ ‭difference‬ ‭bar‬ ‭chart‬ ‭showed‬ ‭that‬
‭level‬ ‭4‬ ‭performed‬ ‭significantly‬ ‭better‬ ‭than‬
‭level‬ ‭2‬ ‭for‬ ‭several‬ ‭side‬ ‭effects,‬ ‭particularly‬
‭musculoskeletal‬ ‭discomfort,‬ ‭anaphylactic‬
‭shock,‬ ‭and‬ ‭infection,‬ ‭which‬ ‭had‬ ‭a‬ ‭>2%‬
‭difference‬ ‭(Figure‬ ‭4A)‬‭.‬ ‭Likewise,‬ ‭level‬ ‭2‬
‭performed‬‭better‬‭for‬‭a‬‭little‬‭less‬‭than‬‭half‬‭of‬
‭the‬ ‭top‬ ‭30‬ ‭side‬ ‭effects,‬ ‭particularly‬
‭tachycardia,‬ ‭vomiting,‬ ‭and‬ ‭hypertension,‬
‭with a mean difference >2%.‬

‭Next,‬ ‭side-by-side‬ ‭box‬ ‭plots‬ ‭comparing‬ ‭the‬
‭distributions‬ ‭of‬ ‭model‬ ‭accuracy‬ ‭for‬ ‭level‬ ‭2‬
‭and‬ ‭level‬ ‭4‬ ‭were‬ ‭also‬ ‭generated,‬ ‭but‬ ‭the‬
‭mean‬ ‭values‬ ‭were‬ ‭very‬ ‭similar.‬ ‭A‬ ‭T-test‬
‭found‬ ‭no‬ ‭significant‬ ‭difference‬ ‭between‬‭the‬
‭two‬ ‭(Figure‬ ‭4B)‬‭.‬ ‭We‬ ‭repeated‬ ‭the‬ ‭analysis‬
‭by‬‭reintroducing‬‭DT‬‭along‬‭with‬‭ATC‬‭codes,‬



‭as‬ ‭this‬ ‭feature‬ ‭combination‬ ‭was‬ ‭shown‬ ‭to‬
‭perform‬ ‭best‬‭in‬‭the‬‭study‬‭done‬‭by‬‭Liu‬‭et‬‭al‬‭.‬
‭The‬ ‭mean‬‭difference‬‭plot‬‭showed‬‭that‬‭when‬
‭coupled‬ ‭with‬ ‭DT,‬ ‭LR‬ ‭models‬ ‭using‬ ‭level‬ ‭2‬
‭ATC‬ ‭codes‬ ‭seem‬ ‭to‬ ‭perform‬ ‭better‬ ‭for‬ ‭a‬
‭greater‬ ‭number‬ ‭of‬ ‭side‬ ‭effects‬‭(Figure‬‭4C)‬‭,‬
‭but‬‭a‬‭side-by-side‬‭boxplot‬‭and‬‭another‬‭T-test‬
‭reaffirm‬ ‭that‬ ‭this‬ ‭difference‬‭isn’t‬‭significant‬
‭(Figure‬ ‭4D)‬‭.‬ ‭Overall,‬ ‭the‬ ‭results‬ ‭indicate‬
‭that‬ ‭models‬ ‭using‬ ‭level‬ ‭2,‬ ‭3,‬ ‭and‬ ‭4‬ ‭ATC‬
‭codes‬ ‭have‬ ‭comparable‬ ‭performance‬
‭patterns‬ ‭when‬ ‭explaining‬ ‭the‬ ‭top‬ ‭30‬ ‭side‬
‭effects,‬ ‭while‬ ‭the‬ ‭model‬ ‭with‬ ‭level‬ ‭5‬ ‭codes‬
‭vastly underperform.‬

‭Optimizing‬ ‭LR‬ ‭Model‬ ‭Shows‬ ‭Improved‬
‭Performance‬
‭The‬ ‭performance‬ ‭of‬ ‭parameter‬ ‭adjustments‬
‭in‬ ‭the‬ ‭LR‬ ‭model‬ ‭was‬‭initially‬‭benchmarked‬

‭with‬ ‭the‬ ‭DT-only‬ ‭model.‬ ‭Observing‬ ‭the‬
‭difference‬ ‭in‬ ‭mean‬ ‭accuracy‬ ‭between‬ ‭the‬
‭original‬ ‭and‬ ‭tuned‬ ‭LR‬ ‭model‬ ‭(Figure‬ ‭5)‬
‭shows‬ ‭that‬ ‭the‬ ‭mean‬ ‭accuracy‬ ‭of‬ ‭the‬ ‭tuned‬
‭LR‬ ‭model‬ ‭increased‬ ‭across‬ ‭all‬ ‭30‬ ‭side‬
‭effects,‬ ‭with‬ ‭the‬ ‭highest‬ ‭improvements‬
‭observed‬ ‭for‬ ‭infection‬ ‭(0.0352),‬ ‭nervous‬
‭system‬ ‭disorder‬ ‭(0.0338),‬ ‭and‬ ‭insomnia‬
‭(0.0291).‬ ‭On‬ ‭average,‬ ‭the‬ ‭accuracy‬ ‭of‬ ‭the‬
‭fine-tuned‬‭LR‬‭model‬‭improved‬‭by‬‭0.0186.‬‭A‬
‭T-test‬ ‭comparing‬ ‭the‬ ‭tuned‬ ‭and‬ ‭untuned‬
‭DT-only‬‭model‬‭confirmed‬‭that‬‭the‬‭difference‬
‭was statistically significant (p = 0.000535).‬

‭Next,‬ ‭the‬ ‭fine-tuned‬ ‭LR‬ ‭model‬ ‭was‬‭applied‬
‭to‬ ‭the‬ ‭best-performing‬ ‭domain‬ ‭knowledge‬
‭feature‬ ‭combination‬ ‭(DT/ATC),‬
‭incorporating‬ ‭level‬ ‭4‬ ‭ATC‬ ‭codes‬ ‭to‬ ‭create‬
‭the‬ ‭highest-performing‬ ‭model.‬ ‭This‬ ‭model‬



‭achieved‬ ‭a‬ ‭mean‬ ‭accuracy‬ ‭of‬ ‭0.7016,‬ ‭with‬
‭the‬ ‭highest‬ ‭accuracies‬ ‭observed‬ ‭for‬
‭thrombocytopenia‬ ‭(0.7316),‬ ‭urticaria‬
‭(0.7263),‬‭and‬‭somnolence‬‭(0.7262).‬‭The‬‭full‬

‭results‬‭are‬‭shown‬‭in‬‭the‬‭supplementary‬‭data.‬
‭The‬‭mean‬‭decision‬‭threshold‬‭used‬‭was‬‭0.46,‬
‭indicating‬ ‭that‬ ‭a‬ ‭slightly‬ ‭more‬ ‭stringent‬
‭decision‬ ‭threshold‬ ‭optimized‬ ‭model‬



‭performance.‬ ‭The‬ ‭distribution‬ ‭of‬ ‭C‬ ‭values‬
‭favored‬‭lower‬‭values,‬‭suggesting‬‭that‬‭higher‬
‭regularization‬ ‭was‬ ‭beneficial‬ ‭to‬ ‭prevent‬
‭overfitting.‬

‭Looking‬ ‭across‬ ‭three‬ ‭specific‬ ‭side‬
‭effects—infection,‬ ‭dizziness,‬ ‭and‬
‭insomnia—even‬ ‭the‬ ‭tuned‬ ‭DT-only‬ ‭model‬
‭outperformed‬ ‭the‬ ‭original‬ ‭DT/ATC‬ ‭model‬
‭(previously‬ ‭identified‬ ‭as‬ ‭the‬
‭highest-performing‬ ‭model‬ ‭in‬ ‭the‬ ‭original‬
‭study)‬ ‭for‬ ‭dizziness‬ ‭and‬ ‭insomnia‬ ‭(Figure‬
‭6).‬ ‭This‬ ‭indicates‬ ‭that‬ ‭fine-tuning‬ ‭the‬ ‭LR‬
‭model‬ ‭alone‬ ‭has‬ ‭the‬ ‭potential‬ ‭to‬ ‭improve‬
‭accuracy‬ ‭beyond‬ ‭any‬ ‭domain‬ ‭feature‬
‭combination tested in the study.‬

‭DISCUSSION AND CONCLUSION‬
‭Supervised‬ ‭machine‬ ‭learning‬ ‭models‬ ‭for‬
‭side‬‭effect‬‭prediction‬‭have‬‭gained‬‭increasing‬
‭attention‬ ‭in‬ ‭recent‬ ‭years‬ ‭as‬ ‭a‬ ‭promising‬
‭alternative‬ ‭to‬ ‭clinical‬ ‭or‬ ‭animal‬ ‭testing.‬
‭Beyond‬ ‭broad‬ ‭safety‬ ‭evaluations,‬ ‭they‬ ‭also‬
‭hold‬‭potential‬‭in‬‭personalized‬‭side‬‭effect‬‭risk‬
‭analysis‬ ‭using‬ ‭patient-specific‬ ‭data‬ ‭[19]‬‭.‬
‭Our‬ ‭project‬ ‭extended‬ ‭the‬ ‭existing‬ ‭study‬ ‭of‬
‭predicting‬ ‭drug‬ ‭side‬ ‭effects‬ ‭and‬ ‭focused‬
‭specifically‬ ‭on‬‭the‬‭predictive‬‭power‬‭of‬‭ATC‬
‭codes‬‭and‬‭fine-tuning‬‭the‬‭logistic‬‭regression‬
‭model.‬ ‭Through‬ ‭extensive‬ ‭analysis‬ ‭and‬
‭model‬ ‭evaluation,‬ ‭we‬ ‭found‬‭several‬‭notable‬
‭trends‬ ‭that‬ ‭highlight‬ ‭the‬ ‭tradeoffs‬ ‭required‬
‭when‬ ‭focusing‬ ‭on‬ ‭specificity‬ ‭and‬
‭granularity.‬

‭One‬ ‭of‬ ‭the‬ ‭primary‬ ‭research‬ ‭questions‬ ‭was‬
‭to‬ ‭evaluate‬ ‭whether‬ ‭increasing‬ ‭the‬
‭specificity‬‭of‬‭ATC‬‭codes‬‭would‬‭improve‬‭the‬
‭predictive‬‭power‬‭of‬‭ML‬‭models.‬‭Our‬‭results‬
‭showed‬ ‭that‬ ‭while‬ ‭ATC‬ ‭levels‬ ‭2,‬ ‭3,‬ ‭and‬ ‭4‬
‭performed‬ ‭comparably,‬ ‭level‬ ‭5‬ ‭showed‬
‭significant‬ ‭underperformance‬ ‭due‬ ‭to‬
‭overfitting.‬ ‭This‬ ‭is‬ ‭likely‬ ‭due‬ ‭to‬ ‭level‬ ‭5‬
‭codes‬‭being‬‭too‬‭specific,‬‭leading‬‭to‬‭a‬‭lack‬‭of‬
‭sufficient‬ ‭data‬ ‭points‬ ‭for‬ ‭certain‬ ‭drug‬
‭classifications.‬ ‭As‬ ‭a‬ ‭result,‬ ‭the‬ ‭model‬ ‭may‬
‭begin‬ ‭learning‬ ‭noise‬ ‭or‬ ‭irrelevant‬ ‭details‬

‭specific‬ ‭to‬ ‭the‬ ‭training‬‭set‬‭rather‬‭than‬‭being‬
‭able‬ ‭to‬ ‭generalize‬ ‭patterns‬‭that‬‭can‬‭apply‬‭to‬
‭data‬ ‭it‬ ‭doesn’t‬ ‭see.‬ ‭This‬ ‭phenomenon,‬
‭known‬ ‭as‬ ‭overfitting,‬ ‭is‬ ‭a‬ ‭common‬ ‭issue‬‭in‬
‭machine‬ ‭learning‬ ‭when‬ ‭feature‬ ‭granularity‬
‭increases‬ ‭but‬ ‭the‬ ‭amount‬ ‭of‬ ‭available‬
‭training‬‭data‬‭is‬‭limited‬‭[20]‬‭.‬‭As‬‭a‬‭result,‬‭it‬‭is‬
‭vital‬ ‭to‬ ‭carefully‬ ‭identify‬ ‭and‬ ‭include‬ ‭only‬
‭the‬ ‭optimal‬ ‭factors‬ ‭rather‬ ‭than‬ ‭every‬ ‭single‬
‭available‬ ‭one,‬ ‭as‬ ‭redundant‬ ‭factors‬ ‭can‬
‭potentially‬ ‭negatively‬ ‭affect‬ ‭the‬ ‭model‬ ‭as‬
‭seen with our results for level 5 ATC codes.‬

‭Our‬ ‭detailed‬ ‭comparisons‬ ‭between‬ ‭level‬ ‭2‬
‭and‬ ‭level‬ ‭4‬ ‭ATC‬ ‭codes‬ ‭showed‬ ‭that‬ ‭the‬
‭performance‬ ‭difference‬ ‭was‬ ‭not‬ ‭statistically‬
‭significant.‬ ‭This‬ ‭suggests‬ ‭that‬ ‭while‬ ‭more‬
‭detailed‬ ‭ATC‬ ‭classifications‬ ‭can‬ ‭provide‬
‭additional‬ ‭pharmacological‬ ‭context,‬ ‭they‬
‭may‬ ‭not‬ ‭necessarily‬ ‭translate‬‭into‬‭improved‬
‭predictive‬‭power.‬‭This‬‭finding‬‭highlights‬‭the‬
‭importance‬ ‭of‬ ‭balancing‬ ‭feature‬ ‭specificity‬
‭and‬ ‭generalizability‬ ‭in‬ ‭ML‬ ‭models‬ ‭when‬
‭working‬ ‭with‬ ‭hierarchical‬ ‭classification‬
‭systems‬‭like‬‭ATC‬‭codes.‬‭The‬‭difference‬‭was‬
‭still‬ ‭not‬ ‭statistically‬ ‭significant‬ ‭even‬ ‭after‬
‭combining‬ ‭DT‬ ‭features‬ ‭with‬ ‭ATC‬ ‭codes,‬
‭reinforcing‬ ‭the‬ ‭idea‬ ‭that‬ ‭the‬ ‭relative‬
‭contributions‬ ‭of‬‭domain‬‭knowledge‬‭features‬
‭depend‬‭on‬‭the‬‭complexity‬‭of‬‭the‬‭dataset‬‭and‬
‭the structure of the model.‬

‭The‬‭second‬‭major‬‭aspect‬‭of‬‭the‬‭study‬‭was‬‭to‬
‭fine-tune‬ ‭the‬ ‭parameters‬ ‭of‬ ‭the‬ ‭LR‬ ‭model,‬
‭namely‬ ‭through‬ ‭optimizing‬ ‭decision‬
‭thresholds‬ ‭and‬ ‭adjusting‬ ‭the‬ ‭regularization‬
‭strength.‬ ‭Through‬ ‭modifying‬ ‭these‬ ‭factors,‬
‭we‬ ‭achieved‬ ‭an‬ ‭improvement‬ ‭in‬ ‭model‬
‭accuracy‬ ‭across‬‭all‬‭side‬‭effects,‬‭with‬‭certain‬
‭side‬ ‭effects‬ ‭having‬ ‭especially‬ ‭substantial‬
‭gains‬ ‭(‬‭e.g‬‭.,‬ ‭infection,‬ ‭nervous‬ ‭system‬
‭disorder, and insomnia).‬

‭This‬ ‭improvement‬ ‭observed‬ ‭in‬
‭sensitivity-specificity‬ ‭trade-offs‬ ‭suggests‬
‭that‬ ‭threshold‬ ‭optimization‬ ‭is‬ ‭a‬ ‭critical‬‭step‬
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‭in‬ ‭refining‬ ‭ML‬ ‭models‬ ‭for‬ ‭drug‬ ‭safety‬
‭prediction.‬ ‭The‬ ‭default‬ ‭threshold,‬ ‭0.5,‬ ‭may‬
‭not‬ ‭be‬ ‭ideal‬ ‭for‬ ‭every‬ ‭side‬ ‭effect,‬
‭particularly‬ ‭for‬ ‭those‬ ‭that‬ ‭are‬‭rare‬‭or‬‭highly‬
‭specific.‬ ‭Maximizing‬ ‭Youden’s‬ ‭J‬ ‭statistic‬
‭provided‬ ‭a‬ ‭more‬ ‭balanced‬ ‭approach,‬
‭reducing‬ ‭both‬ ‭false‬ ‭positives‬ ‭and‬ ‭false‬
‭negatives‬ ‭and‬ ‭offering‬ ‭the‬ ‭greatest‬
‭diagnostic‬ ‭accuracy‬ ‭[21]‬‭.‬ ‭Similarly,‬ ‭tuning‬
‭the‬ ‭regularization‬ ‭strength‬ ‭(C)‬ ‭showed‬ ‭that‬
‭smaller‬ ‭values,‬ ‭or‬ ‭higher‬ ‭regularization,‬‭led‬
‭to‬‭more‬‭stable‬‭models‬‭with‬‭a‬‭reduced‬‭risk‬‭of‬
‭overfitting.‬ ‭Tuning‬ ‭the‬ ‭LR‬ ‭model‬ ‭led‬ ‭to‬
‭improvements‬ ‭even‬ ‭without‬ ‭introducing‬
‭additional‬ ‭domain‬ ‭knowledge‬ ‭features,‬
‭indicating‬‭that‬‭model‬‭optimization‬‭can‬‭be‬‭as‬
‭impactful‬ ‭as‬ ‭feature‬ ‭selection‬ ‭in‬ ‭enhancing‬
‭predictive‬ ‭strength.‬ ‭Ultimately,‬ ‭combining‬
‭both‬ ‭our‬ ‭feature‬ ‭selection‬ ‭and‬ ‭fine-tuning‬
‭efforts‬ ‭led‬ ‭to‬ ‭the‬ ‭best-performing‬ ‭model‬
‭(tuned DT/ATC level 4).‬

‭This‬ ‭study‬ ‭had‬ ‭several‬ ‭limitations.‬
‭Performing‬‭analysis‬‭on‬‭different‬‭ATC‬‭levels‬
‭and‬ ‭adjusting‬ ‭parameters‬ ‭of‬ ‭the‬ ‭LR‬ ‭model‬
‭were‬ ‭computationally‬ ‭expensive,‬ ‭expending‬
‭significant‬ ‭time‬ ‭while‬ ‭yielding‬ ‭small‬
‭improvements.‬ ‭Further‬ ‭fine-tuning‬ ‭the‬
‭model‬ ‭could‬ ‭yield‬ ‭higher‬ ‭accuracies,‬ ‭but‬
‭these‬ ‭improvements‬ ‭will‬ ‭likely‬ ‭be‬ ‭marginal‬
‭when‬ ‭also‬ ‭considering‬ ‭the‬ ‭model’s‬ ‭runtime‬
‭[22]‬‭.‬ ‭This‬ ‭also‬ ‭makes‬ ‭it‬ ‭difficult‬ ‭to‬‭explore‬
‭the‬ ‭predictive‬ ‭accuracy‬ ‭of‬ ‭side‬ ‭effects‬
‭beyond‬ ‭those‬ ‭tested‬ ‭in‬ ‭this‬ ‭project.‬
‭Additionally,‬‭a‬‭more‬‭systematic‬‭approach‬‭to‬
‭this‬ ‭project‬ ‭could‬ ‭lead‬ ‭to‬ ‭improved‬
‭performance.‬ ‭Namely,‬ ‭fine-tuning‬ ‭the‬ ‭LR‬
‭model‬ ‭as‬ ‭the‬ ‭first‬ ‭extension‬ ‭to‬ ‭get‬ ‭the‬
‭best-performing‬‭model‬‭could‬‭have‬‭then‬‭been‬
‭used‬‭to‬‭identify‬‭optimal‬‭performance‬‭for‬‭the‬
‭higher‬ ‭level‬ ‭ATC‬ ‭code‬ ‭extension.‬ ‭In‬
‭addition,‬ ‭since‬ ‭the‬ ‭model‬ ‭has‬ ‭not‬ ‭yet‬ ‭been‬
‭tested‬ ‭on‬ ‭less‬ ‭common‬ ‭or‬ ‭unknown‬ ‭side‬
‭effects,‬ ‭it‬ ‭may‬ ‭not‬ ‭be‬ ‭generalizable,‬ ‭as‬
‭model‬ ‭accuracy‬ ‭may‬ ‭differ‬ ‭when‬ ‭dealing‬
‭with‬ ‭some‬ ‭of‬ ‭the‬ ‭rarer‬ ‭side‬ ‭effects.‬ ‭Future‬

‭studies‬ ‭could‬ ‭explore‬ ‭alternative‬ ‭feature‬
‭engineering‬‭approaches‬‭or‬‭machine‬‭learning‬
‭models,‬‭as‬‭well‬‭as‬‭integrate‬‭more‬‭datasets‬‭to‬
‭further refine drug safety prediction models.‬

‭While‬ ‭the‬ ‭findings‬ ‭provide‬ ‭insights‬ ‭into‬
‭predictive‬‭modeling,‬‭real-world‬‭validation‬‭is‬
‭still‬ ‭needed‬ ‭to‬ ‭assess‬ ‭how‬ ‭well‬ ‭the‬ ‭model‬
‭performs‬ ‭in‬ ‭clinical‬ ‭settings‬ ‭[23]‬‭.‬
‭Collaborating‬ ‭with‬ ‭pharmacological‬ ‭experts‬
‭to‬‭test‬‭model‬‭predictions‬‭against‬‭real‬‭patient‬
‭data‬ ‭would‬ ‭be‬ ‭a‬ ‭valuable‬ ‭next‬ ‭step.‬ ‭By‬
‭integrating‬‭data-driven‬‭insights‬‭with‬‭clinical‬
‭expertise,‬‭ML‬‭has‬‭potential‬‭to‬‭enhance‬‭drug‬
‭safety‬‭assessments‬‭and‬‭ultimately‬‭reduce‬‭the‬
‭risks associated with adverse reactions.‬
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‭GLOSSARY‬

‭1.‬ ‭Side‬ ‭Effect‬ ‭Resource‬ ‭(SIDER)‬ ‭–‬ ‭A‬ ‭database‬ ‭that‬ ‭compiles‬ ‭information‬ ‭on‬ ‭drug‬ ‭side‬

‭effects from various sources.‬

‭2.‬ ‭DrugBank‬ ‭–‬ ‭A‬ ‭comprehensive‬ ‭database‬ ‭containing‬ ‭detailed‬ ‭information‬ ‭on‬ ‭drugs,‬

‭including their chemical properties, targets, and interactions.‬

‭3.‬ ‭Anatomical‬‭Therapeutic‬‭Chemical‬‭(ATC)‬‭Classification‬‭–‬‭A‬‭system‬‭used‬‭to‬‭classify‬‭drugs‬

‭based on their therapeutic use and chemical properties.‬

‭4.‬ ‭Drug‬‭Targets‬‭(DT)‬‭–‬‭Specific‬‭proteins‬‭or‬‭molecules‬‭in‬‭the‬‭body‬‭that‬‭a‬‭drug‬‭interacts‬‭with‬

‭to produce a therapeutic effect.‬

‭5.‬ ‭Logistic‬‭Regression‬‭(LR)‬‭–‬‭A‬‭statistical‬‭model‬‭used‬‭for‬‭binary‬‭classification‬‭tasks,‬‭like‬‭in‬

‭our case, predicting the occurrence of side effects.‬

‭6.‬ ‭Protein-Protein‬‭Interaction‬‭(PPI)‬‭Networks‬‭–‬‭Complex‬‭networks‬‭of‬‭proteins‬‭that‬‭interact‬

‭with each other, used in drug side effect prediction.‬

‭7.‬ ‭PathFX‬ ‭–‬ ‭A‬‭pathway‬‭modeling‬‭tool‬‭that‬‭predicts‬‭drug-induced‬‭phenotypic‬‭effects‬‭based‬

‭on protein-protein interactions.‬

‭8.‬ ‭Overfitting‬ ‭–‬ ‭A‬ ‭situation‬ ‭where‬ ‭a‬ ‭model‬ ‭learns‬‭patterns‬‭from‬‭the‬‭training‬‭data‬‭too‬‭well,‬

‭resulting in poor performance on new and unseen data.‬

‭9.‬ ‭Regularization‬ ‭–‬ ‭A‬ ‭technique‬ ‭used‬ ‭in‬ ‭machine‬ ‭learning‬ ‭to‬ ‭prevent‬ ‭overfitting‬ ‭by‬

‭penalizing large model coefficients.‬

‭10.‬‭Grid‬ ‭Search‬ ‭–‬ ‭A‬ ‭method‬ ‭used‬ ‭in‬ ‭machine‬ ‭learning‬ ‭to‬ ‭systematically‬ ‭test‬ ‭different‬

‭hyperparameter values to find the best-performing model.‬

‭11.‬‭Decision‬‭Threshold‬‭–‬‭A‬‭value‬‭that‬‭determines‬‭the‬‭cutoff‬‭point‬‭for‬‭classifying‬‭predictions‬

‭in a machine learning model.‬

‭12.‬‭C‬‭Value‬‭–‬‭A‬‭regularization‬‭parameter‬‭in‬‭logistic‬‭regression‬‭and‬‭support‬‭vector‬‭machines‬

‭that‬‭controls‬‭the‬‭trade-off‬‭between‬‭achieving‬‭a‬‭low‬‭error‬‭on‬‭training‬‭data‬‭and‬‭maintaining‬

‭model‬ ‭generalization‬ ‭(higher‬ ‭C‬ ‭means‬ ‭less‬ ‭regularization‬ ‭and‬ ‭lower‬ ‭C‬ ‭increases‬

‭regularization).‬

‭13.‬‭Youden’s‬ ‭J‬ ‭Statistic‬ ‭–‬ ‭A‬ ‭metric‬ ‭used‬ ‭to‬ ‭find‬ ‭the‬ ‭optimal‬ ‭decision‬ ‭threshold‬ ‭for‬

‭classification‬ ‭models‬ ‭by‬ ‭maximizing‬ ‭the‬ ‭difference‬ ‭between‬ ‭true‬ ‭positive‬ ‭and‬ ‭false‬

‭positive rates.‬



‭SUPPLEMENTARY DATA‬

‭Table 1: Overview of First 100 Entries in drugbank.tsv (Mapped and Processed Data)‬





‭Table‬ ‭2:‬ ‭LR‬ ‭Model‬ ‭Performance‬ ‭Across‬ ‭ATC‬ ‭Code‬ ‭Levels‬ ‭2-5‬ ‭(only)‬ ‭for‬ ‭Top‬ ‭30‬ ‭Side‬
‭Effects.‬



‭Table‬ ‭3:‬ ‭Best-performing‬ ‭LR‬ ‭Model‬ ‭(ATC‬‭Level‬‭4/DT)‬‭Accuracy‬‭for‬‭Top‬‭30‬‭Side‬‭Effects:‬
‭Tuned v. Untuned, Sorted by Mean Difference‬




