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​ABSTRACT​

​The​ ​world​ ​is​ ​still​ ​concerned​ ​about​ ​lung​ ​and​ ​pulmonary​ ​tissue​ ​cancer,​ ​which​ ​is​​one​​of​​the​
​main​​reasons​​for​​cancer​​death.​​This​​is​​primarily​​because​​of​​late-stage​​detection​​and​​incorrect​
​diagnosis.​ ​The​ ​time​ ​of​ ​diagnosis​ ​directly​​affects​​treatment​​success​​and​​survival​​rates.​​This​
​study​ ​aims​ ​to​ ​ascertain​ ​whether​ ​it​ ​is​ ​practical​ ​to​ ​advance​ ​machine​ ​learning​ ​for​​early​​lung​
​cancer​ ​risk​ ​prediction​ ​using​ ​K​ ​Nearest​ ​Neighbors​ ​(KNN),​ ​Decision​​Trees,​​Support​​Vector​
​Machines,​​and​​Logistic​​Regression​​models.​​A​​stacking​​ensemble​​model​​has​​been​​developed​
​for​ ​this​ ​purpose,​ ​which​ ​combines​ ​multiple​ ​forecaster​ ​models​ ​to​ ​increase​ ​accuracy.​ ​When​
​the​ ​model​ ​was​ ​tested​ ​on​ ​two​ ​separate​ ​datasets,​ ​it​ ​achieved​ ​accuracy​ ​scores​ ​of​ ​99.9%​ ​and​
​98%​ ​on​ ​Dataset-1​ ​and​ ​Dataset-2,​ ​respectively,​ ​surpassing​ ​the​ ​other​ ​models​ ​decisively.​
​Additionally,​ ​there​ ​was​ ​also​ ​great​ ​predictive​ ​success.​ ​Predictive​ ​performance​ ​was​
​transformed​​by​​imputing​​the​​models​​with​​deep​​learning​​models​​that​​rely​​on​​SHAP​​(SHapley​
​Additive​​Explanations)​​in​​order​​to​​improve​​model​​transparency​​and​​identify​​risk​​predictors.​
​The​ ​models​ ​also​ ​proved​ ​that​ ​and​ ​reinforces​ ​the​ ​ensemble​ ​models​​capabilities​​on​​accuracy​
​and​ ​also​ ​model​ ​transparency,​ ​serving​ ​as​ ​a​ ​supportive​ ​resource​ ​in​ ​the​ ​clinical​ ​and​ ​clinical​
​settings in order to improve lung cancer actionable decision and diagnosis.​

​Keywords​ ​—​ ​Lung​ ​Cancer,​ ​Risk​ ​Prediction,​ ​Ensemble​ ​Learning,​ ​Stacking​ ​Model,​
​Machine Learning, Explainable AI, SHAP, Early Diagnosis​
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​CHAPTER 1​

​1.0 Introduction:​
​When​ ​aberrant​ ​lung​ ​cells​ ​proliferate​ ​uncontrollably​ ​and​ ​develop​ ​into​ ​a​ ​tumor,​ ​lung​ ​cancer​

​results.​ ​Primary​ ​lung​ ​cancer​ ​is​​the​​term​​used​​when​​the​​cancer​​first​​appears​​in​​the​​lungs.​​On​

​the​ ​other​ ​hand,​ ​it​ ​is​ ​referred​ ​to​ ​as​ ​additional​​or​​metastatic​​lung​​cancer​​if​​it​​starts​​in​​another​

​area​ ​of​ ​the​ ​body​ ​and​ ​moves​ ​to​ ​the​ ​lungs.​ ​Because​ ​it​ ​kills​ ​so​​many​​people​​every​​year,​​lung​

​cancer​ ​is​ ​one​ ​of​ ​the​ ​most​ ​lethal​ ​cancers​ ​worldwide.​ ​Small​ ​cell​ ​lung​ ​cancer​ ​(SCLC)​ ​and​

​non-small​ ​cell​ ​lung​ ​cancer​ ​(NSCLC)​ ​are​ ​the​ ​two​ ​primary​ ​forms​ ​of​ ​lung​ ​cancer.​ ​The​ ​more​

​typical​ ​kind​ ​of​ ​lung​ ​cancer,​ ​NSCLC,​ ​accounts​ ​for​ ​around​ ​85%​ ​of​ ​all​ ​cases.​ ​Among​ ​its​

​subtypes​ ​are​ ​big​ ​cell​ ​carcinoma,​ ​squamous​ ​cell​ ​carcinoma,​ ​and​ ​adenocarcinoma.​​The​​other​

​kind,​​SCLC,​​spreads​​more​​fast​​and​​is​​more​​challenging​​to​​cure.​​Smoking,​​secondhand​​smoke​

​inhalation,​ ​exposure​ ​to​ ​toxic​ ​gases​​or​​chemicals,​​advanced​​age,​​lung​​conditions,​​and​​family​

​history​ ​can​ ​all​ ​contribute​ ​to​ ​lung​ ​cancer.​ ​Early​ ​disease​ ​detection​ ​is​ ​frequently​ ​challenging​

​because symptoms typically manifest later [1].​

​Lung​ ​cancer​ ​remains​ ​a​ ​global​ ​health​ ​burden​ ​and​ ​causes​ ​cancer​ ​deaths.​ ​An​ ​estimated​ ​2.2​

​million​ ​people​ ​were​ ​reported​ ​to​ ​have​ ​been​ ​newly​ ​infected​ ​worldwide​ ​in​ ​2020,​ ​with​

​approximately​ ​1.8​ ​million​ ​deaths​ ​also​ ​being​ ​reported​ ​during​ ​the​ ​same​ ​period​ ​as​ ​per​ ​World​

​Health​​Organisation​​(WHO).​​The​​disease​​is​​particularly​​common​​in​​areas​​where​​smoking​​and​

​air​​pollution​​are​​prevalent,​​resulting​​in​​lung​​cancer​​being​​one​​of​​the​​top​​three​​most​​diagnosed​

​cancer​ ​types.​ ​As​ ​seen​ ​in​ ​the​ ​present​ ​study,​ ​middle-aged​ ​and​ ​elderly​ ​men​ ​suffer​ ​most​

​frequently,​ ​which​ ​may​ ​be​ ​attributed​ ​to​ ​the​ ​cumulative​ ​insult​ ​of​ ​smoking​ ​and​ ​continued​

​exposure​​to​​deleterious​​environmental​​agents.​​Crucially,​​the​​prevalence​​of​​lung​​cancer​​is​​such​

​that​​many​​cases​​are​​diagnosed​​only​​at​​an​​advanced​​stage.​​As​​a​​result,​​late​​diagnosis​​reduces​

​treatment​​options​​and​​increases​​the​​chance​​of​​death,​​making​​lung​​cancer​​a​​significant​​health​

​challenge that requires urgent attention for early detection and better management [2].​
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​By​ ​offering​ ​timely​ ​medical​ ​intervention,​ ​lowering​ ​treatment​ ​expenses,​ ​and​ ​raising​ ​survival​

​rates,​ ​early​ ​lung​ ​cancer​ ​prediction​ ​can​ ​significantly​ ​improve​ ​patient​ ​outcomes.​ ​Patients'​

​quality​ ​of​ ​life​ ​is​ ​improved​ ​when​ ​lung​ ​cancer​ ​is​ ​discovered​ ​early​ ​on​ ​because​ ​less​ ​invasive​

​treatments​ ​and​ ​improved​ ​management​ ​techniques​ ​are​ ​possible.​ ​Early​ ​diagnosis​ ​may​ ​be​

​revolutionized​ ​by​ ​the​ ​use​ ​of​ ​predictive​ ​analytics​ ​that​ ​are​ ​based​ ​on​ ​readily​​available​​patient​

​data,​​such​​as​​symptoms,​​known​​risk​​factors​​(such​​as​​lifestyle),​​and​​medical​​history,​​especially​

​in settings with limited resources​​[3]​​.​

​Usually​ ​performed,​ ​tests​ ​for​ ​detecting​​lung​​cancer​​such​​as​​imaging​​(X-rays,​​CT​​scans),​​and​

​tissue​​biopsies,​​can​​be​​quite​​expensive.​​A​​professional’s​​skillset,​​from​​specialized​​equipment​

​to​ ​interaction​ ​with​ ​technical​ ​gadgets​ ​and​ ​even​ ​result​ ​formulation,​ ​is​ ​intricate.​ ​These​

​evaluations​​appear,​​and​​as​​such​​are,​​within​​the​​reach​​and​​expensive​​to​​the​​majority,​​especially​

​in​​poorer​​countries.​​Also,​​this​​type​​of​​prognosis​​can​​extend​​to​​days,​​and​​even​​to​​weeks,​​which​

​is​​a​​big​​loss​​of​​time​​when​​it​​comes​​to​​commencing​​the​​prescription.​​These​​cumulative​​factors​

​create​​a​​challenge​​as​​a​​defined​​treatment​​approach​​can​​pose​​challenges​​as​​well​​as​​limitations.​

​Sticking​ ​to​ ​the​ ​conventional​ ​methods​ ​of​ ​diagnosis​ ​tends​ ​to​ ​procrastinate​ ​time-sensitive​

​parameters​ ​such​ ​as​ ​result​ ​articulation,​ ​analysis,​ ​and​ ​the​ ​overall​ ​opposing​ ​wellness​ ​of​ ​the​

​patient [4].​

​At​ ​this​ ​juncture,​ ​machine​ ​learning​ ​(ML)​ ​stands​ ​poised​ ​as​ ​one​ ​of​ ​the​ ​powerful​ ​tools​ ​to​

​generate​​predictions​​in​​the​​healthcare​​sector,​​primarily​​driven​​by​​the​​need​​to​​analyze​​complex​

​and​​large​​datasets.​​The​​proprietary​​algorithms​​are​​able​​to​​find​​and​​predict​​risks​​and​​diseases​

​by​ ​accessing​ ​and​ ​analyzing​ ​the​ ​patient’s​ ​data​ ​without​ ​any​ ​pattern​ ​and​ ​interrelation.​ ​The​

​medical​ ​field​ ​has​ ​embraced​ ​tools,​ ​including​ ​regression,​ ​decision​ ​trees,​ ​and​ ​support​ ​vector​

​machines,​ ​to​ ​build​ ​highly​ ​predictive​ ​models​ ​on​ ​the​ ​basis​ ​of​ ​their​ ​strengths​ ​in​ ​handling​

​structured​ ​data.​ ​In​ ​spite​ ​of​ ​this,​ ​ML​ ​in​ ​healthcare​ ​continues​ ​to​ ​face​ ​challenges​ ​with​ ​the​

​complex​ ​interactions​ ​of​ ​non-linear​ ​and​ ​diverse​ ​patient​ ​populations​ ​across​ ​multiple​ ​risk​

​factors.​ ​The​ ​lack​ ​of​ ​transparency​ ​of​ ​models​ ​is​ ​major​ ​hurdle,​ ​as​ ​the​ ​lack​ ​of​​proven​​logic​​in​

​their​ ​so-calledThe​ ​"black​ ​box"​ ​aspect​ ​makes​ ​it​ ​challenging​ ​for​ ​clinicians​ ​to​ ​trust​ ​their​

​reasoning.​​In​​addition,​​the​​intricacies​​and​​multi-dimensional​​nature​​of​​risk​​factors​​associated​

​with​ ​lung​ ​cancer​ ​cannot​ ​be​ ​adequately​ ​represented​ ​by​ ​the​ ​use​ ​of​ ​single​ ​models,​ ​thereby​

​illustrating the need for advanced solutions​​.​​[5]​​.​
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​By​​combining​​many​​base​​learners,​​ensemble​​machine​​learning​​models​​such​​as​​Decision​​Tree,​

​Support​ ​Vector​ ​Classifier,​ ​and​ ​K-Nearest​ ​Neighbors​ ​have​ ​been​ ​developed​ ​to​ ​increase​

​prediction​​accuracy​​and​​reduce​​overfitting.​​Additionally,​​these​​models​​are​​renowned​​for​​their​

​durability,​ ​scalability,​ ​and​ ​capacity​ ​to​ ​identify​ ​ever-more​ ​intricate​ ​patterns​ ​in​ ​big​ ​datasets.​

​Interpretability​​is​​one​​of​​the​​main​​issues​​facing​​ensemble​​models.​​In​​order​​to​​embrace​​and​​use​

​AI-driven​ ​medical​ ​systems,​ ​clinicians​ ​and​ ​other​ ​stakeholders​ ​must​ ​comprehend​ ​the​ ​logic​

​underlying​ ​the​ ​predictions.​ ​Although​ ​SHAP​ ​(SHapley​ ​Additive​ ​exPlanations)​ ​is​ ​an​

​explainable​ ​AI​ ​method​ ​that​ ​is​ ​independent​ ​of​ ​models,​ ​that​ ​helps​ ​to​ ​bridge​ ​this​ ​gap​ ​by​

​assigning​ ​each​ ​feature​ ​a​ ​score​ ​of​ ​contribution​ ​to​ ​a​ ​prediction,​ ​complex​ ​model​ ​outputs​ ​still​

​need​ ​to​​be​​explained.​​This​​study​​aims​​to​​ensure​​predictive​​accuracy​​and​​predictive​​certainty​

​through​​fused​​SHAP​​with​​ensemble​​models​​to​​provide​​accurate​​insights​​that​​enhance​​clinical​

​decision making and build trust in AI-assisted diagnostics.​

​1.1 Contribution​

​In​ ​the​ ​present​ ​work,​ ​we​ ​primarily​ ​aimed​ ​to​ ​develop​ ​a​ ​reliable​ ​and​ ​explainable​ ​system​ ​for​

​early​​lung​​cancer​​risk​​prediction​​based​​on​​ensemble​​machine​​learning​​methods.​​We​​included​

​SHAP​ ​(SHapley​ ​Additive​ ​exPlanations)​ ​in​ ​our​ ​framework​ ​to​ ​make​ ​the​ ​model​ ​prediction​

​interpretable​ ​by​ ​human​ ​readable​ ​explanation​ ​for​ ​more​ ​transparent​ ​and​ ​trustful​ ​medical​

​decisions.​​We​​further​​found​​several​​significant​​risk​​factors​​of​​lung​​cancer​​by​​SHAP,​​and​​they​

​might​ ​be​ ​valuable​ ​elements​ ​for​ ​clinical​ ​evaluation​ ​as​ ​well​ ​as​ ​early​ ​stage​ ​screening​ ​of​​lung​

​cancer.​ ​Our​ ​dissemination​ ​of​ ​the​ ​proposal​ ​model​ ​and​ ​equated​ ​it​ ​to​ ​the​ ​traditional​ ​use​ ​of​

​Machine​ ​Learning​ ​showed​ ​the​ ​ensemble​ ​model​ ​to​ ​be​ ​more​​robust​​and​​accurate​​and​​precise​

​metrics​ ​almost​ ​the​ ​same.​ ​We​ ​tried​ ​to​ ​expand​ ​the​ ​data​ ​to​ ​test​ ​the​ ​model​ ​to​ ​ensure​ ​that​ ​our​

​approach​​is​​not​​solely​​reliant​​on​​one​​data​​collection​​policy.​​We​​also​​tried​​to​​balance​​research​

​and​​value​​our​​study​​offers​​to​​the​​field.​​We​​are​​suggesting​​usage​​of​​a​​practical​​and​​transparent​

​AI​ ​tool​ ​which​ ​is​ ​likely​ ​to​ ​support​ ​practical​ ​usage​ ​of​ ​EHDs​ ​during​ ​early​ ​monitoring​ ​of​

​diseases.​
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​CHAPTER 2​

​2.0 Literature Review​

​To​​forecast​​lung​​cancer,​​several​​studies​​have​​used​​machine​​learning​​techniques.​​Al-Jamimi​​et​

​al.​ ​(2025)​ ​built​ ​a​ ​model​ ​using​ ​advanced​ ​techniques​ ​like​ ​RFE-SVM​ ​and​ ​XGBoost.​ ​Their​

​model​​got​​100%​​accuracy​​on​​the​​datasets​​they​​tested,​​which​​shows​​it​​worked​​very​​well.​​But​

​they​ ​used​ ​small​ ​datasets​ ​[7].​ ​Sumon​ ​et​ ​al.​ ​(2024)​ ​made​ ​a​​stacking​​machine​​learning​​model​

​using​ ​metabolomics​ ​data​ ​to​ ​predict​ ​small​ ​cell​ ​lung​ ​cancer.​ ​Their​ ​model​ ​reached​ ​85.03%​

​accuracy.​​It​​gave​​good​​results,​​but​​the​​performance​​could​​be​​improved​​more​​[8].​​Sinjanka​​and​

​Kaur​​(2024)​​used​​the​​Random​​Forest​​algorithm​​to​​detect​​lung​​cancer​​early.​​Their​​model​​had​

​97.9% accuracy, which is quite high. But the model's predictions were not explainable [9].​

​Chen​ ​and​ ​Wu​ ​(2025)​ ​used​ ​a​ ​Deep​ ​Q​ ​Network​ ​(DQN)​ ​to​ ​predict​ ​lung​ ​cancer​ ​risk​ ​in​ ​older​

​people.​ ​Their​ ​model​​worked​​well,​​with​​AUROC​​scores​​between​​0.937​​and​​0.953.​​However,​

​their​ ​research​ ​focused​ ​only​ ​on​​elderly​​patients,​​so​​the​​model​​may​​not​​be​​useful​​for​​younger​

​people.​ ​These​ ​studies​ ​show​ ​that​ ​machine​ ​learning,​ ​especially​ ​ensemble​ ​models,​ ​can​ ​help​

​predict​ ​lung​ ​cancer.​ ​But​ ​many​ ​of​ ​the​ ​models​ ​were​ ​tested​ ​on​​small​​or​​specific​​types​​of​​data​

​[10].​​Our​​study​​is​​conducted​​to​​address​​these​​issues​​and​​improve​​the​​physicians’​​trust​​in​​and​

​memorization​ ​of​ ​results,​ ​we​ ​propose​ ​an​ ​ensemble​ ​model​ ​running​ ​on​ ​multiple​ ​datasets​ ​by​

​utilizing​ ​SHAP​ ​to​ ​interpret​ ​predictions.​ ​Flyckt​ ​(2024)​ ​created​ ​a​ ​model​ ​for​ ​lung​ ​cancer​

​diagnosis​ ​with​ ​regular​ ​blood​ ​analysis​ ​and​ ​smoking​ ​habit​​using​​dynamic​​ensemble​​selection​

​(DES).​ ​The​ ​model​ ​had​ ​achieved​ ​an​ ​ROC-AUC​ ​of​ ​0.77​ ​but​ ​with​ ​high​ ​false-positive​ ​rate​

​(36.22%), it inappropriately diagnosed many normal individuals as cancerous  [11].​

​Guan​ ​and​ ​Du​ ​(2024)​ ​employed​ ​XGBoost​ ​and​ ​metabolic​ ​information​ ​for​ ​early​ ​diagnosis​ ​of​

​lung​​cancer,​​with​​an​​accuracy​​of​​75.29%.​​However,​​their​​model​​only​​integrated​​very​​limited​

​demographic​ ​information​ ​such​ ​as​ ​age​​and​​sex,​​which​​might​​make​​it​​less​​generalizable​​[12].​

​Dritsas​ ​and​ ​Trigka​ ​(2023)​ ​presented​ ​another​ ​study​ ​related​ ​to​ ​RotF​ ​of​ ​which​ ​achieved​ ​an​

​accuracy​ ​of​ ​97.1%​ ​on​ ​a​ ​public​ ​dataset.​ ​Regardless​ ​of​ ​their​ ​model's​ ​success,​ ​it​ ​was​

​unexplainable​​and​​it​​also​​did​​not​​indicate​​to​​them​​which​​features​​were​​most​​predictive.​​These​

​studies​ ​highlight​ ​the​ ​need​ ​for,​ ​and​ ​the​ ​scarcity​ ​of,​ ​models​ ​that​ ​are​ ​both​ ​accurate​ ​and​

​interpretable​​when​​learning​​from​​patient's​​data​​from​​multiple​​origins.​​Our​​contribution​​in​​this​

​regard​ ​is​ ​to​ ​apply​ ​an​ ​ensemble​ ​learning​ ​model​ ​augmented​ ​with​ ​the​ ​SHAP​ ​technique,​ ​to​

​render the predictions more accurate and explainable to the medical practitioners.​
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​2.1 Research Gap:​

​One​ ​such​ ​open​ ​question​ ​is​ ​analysis​ ​of​ ​risk​ ​assessment​ ​for​ ​catching​​lung​​cancer​​early​​using​

​machine​ ​learning​ ​and​​data​​mining.​​Most​​of​​the​​current​​models​​only​​adopt​​one​​algorithm,​​as​

​logistic​ ​regression​ ​or​ ​decision​​trees,​​and​​are​​unable​​to​​effectively​​embody​​complicated​​lung​

​cancer​ ​risks.​ ​This​ ​limits​ ​the​ ​possible​ ​accuracies​ ​and​ ​reliabilities​ ​of​ ​predictions.​ ​Ensemble​

​learning​ ​algorithms​ ​that​ ​integrate​ ​several​ ​models​ ​may​ ​be​ ​able​ ​to​​enhance​​performance,​​but​

​have​ ​not​ ​yet​ ​been​ ​widely​ ​applied.​ ​Another​ ​major​ ​issue​​is​​the​​lack​​of​​explainability​​in​​most​

​machine​​learning​​models.​​Many​​of​​them​​function​​as​​black​​boxes,​​making​​it​​hard​​for​​doctors​

​to​​understand​​or​​trust​​the​​results.​​It​​is​​this​​limitation​​that​​prevents​​further​​integration​​of​​these​

​models​ ​in​ ​the​ ​healthcare​ ​systems.​ ​SHAP​ ​is​ ​an​ ​innovative​ ​technique​ ​in​ ​explaining​ ​model​

​outcomes​​but​​is​​still​​underutilized​​in​​lung​​cancer​​prediction​​studies.​​In​​addition,​​many​​models​

​rely​ ​on​ ​clinical​ ​resources​ ​such​ ​as​ ​CT​ ​scans,​ ​which​ ​are​ ​not​ ​common​ ​in​ ​the​ ​resource-poor​

​settings.​ ​There​ ​is​ ​a​ ​demand​ ​for​ ​models​ ​that​ ​rely​ ​on​ ​easy,​ ​unintrusive​ ​information​ ​such​ ​as​

​questionnaires​ ​and​ ​case​ ​history.​ ​Fulfilling​ ​these​ ​gaps​ ​through​ ​the​ ​use​ ​of​ ​ensemble​ ​models​

​augmented​​with​​SHAP​​for​​explainability​​would​​result​​in​​lung​​cancer​​prediction​​systems​​that​

​are​​more​​accurate,​​interpretable,​​and​​easier​​to​​use​​which​​would​​assist​​in​​early​​prognosis​​and​

​better healthcare outcomes.​

​2.2 Research Objectives:​
​This​ ​study​ ​seeks​ ​to​ ​construct​ ​the​ ​first​ ​machine​ ​learning​ ​model​ ​capable​ ​of​ ​early-stage​ ​lung​

​cancer​ ​prediction​ ​with​ ​the​ ​highest​ ​reliability​ ​and​ ​precision​ ​possible.​ ​Initial​ ​steps​ ​involve​

​identifying​ ​the​ ​most​ ​critical​​determinants​​of​​lung​​cancer​​risk​​such​​as​​symptoms,​​habits,​​and​

​other​​medical​​conditions.​​To​​boost​​the​​application​​performance,​​we​​develop​​a​​novel​​machine​

​learning​​model​​combining​​multiple​​probe​​algorithms​​associated​​with​​predictive​​modeling.​​In​

​this​ ​instance,​ ​we​ ​implemented​ ​SHAP​ ​to​ ​improve​ ​the​ ​model's​ ​explainability,​ ​which​ ​aids​ ​in​

​understanding​ ​how​ ​the​ ​model​ ​arrives​ ​at​ ​a​ ​conclusion.It​ ​is​ ​crucial​ ​to​ ​establish​ ​trust​ ​in​ ​the​

​health​​care,​​and​​this​​has​​become​​more​​important​​than​​ever.​​Furthermore,​​the​​performance​​of​

​the​ ​proposed​ ​model​ ​is​ ​tested​ ​and​ ​compared​ ​with​ ​other​ ​existing​ ​computational​ ​models​ ​on​

​several​​benchmark​​datasets.​​This​​guarantees​​the​​performance​​and​​practicability​​of​​the​​model​

​in​ ​practice.​ ​For​ ​higher​ ​accuracy,​ ​the​ ​model​ ​presented​ ​is​ ​subjected​ ​to​ ​a​ ​strict​ ​test​ ​standard​

​leading​​to​​better​​results​​validity.​​In​​a​​crux,​​the​​aim​​of​​this​​study​​is​​to​​bridge​​the​​gaps​​in​​lung​

​cancer​ ​risk​ ​prediction​ ​through​ ​model​ ​sophistication​ ​and​ ​aid​ ​in​ ​providing​ ​risk​ ​estimates​ ​to​

​medical practitioners.​
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​CHAPTER 3​

​3.0 Methodology​

​Figure​​1​​demonstrates​​all​​steps​​in​​our​​proposed​​model.​​The​​first​​step​​begins​​by​​data​​cleaning​

​and​​then​​focuses​​on​​deleting​​duplicates​​and​​other​​complicated​​aspects​​such​​as​​the​​conversion​

​of​ ​vocabulary​ ​into​ ​numerical​ ​values.​ ​In​ ​order​ ​to​ ​ascertain​ ​effective​ ​results,​ ​the​ ​SMOTE​

​technique​ ​is​ ​utilized​ ​to​ ​maintain​ ​an​ ​even​ ​distribution​ ​of​ ​cancerous​ ​and​ ​non-cancerous​

​instances.​​Upon​​completing​​the​​model,​​we​​split​​the​​data​​into​​separate​​testing​​and​​training​​sets​

​to ascertain the model's efficacy.​

​Figure 1: Methodology for Lung Cancer Risk Prediction.​

​Among​ ​the​ ​many​​machine​​learning​​methods​​we​​employ​​is​​Support​​Vector​​Machine​​(SVM),​

​Decision​ ​Tree,​ ​Random​ ​Forest,​ ​Logistic​ ​Regression,​ ​and​ ​K-Nearest​ ​Neighbors​ ​(KNN),​ ​to​

​develop​ ​distinct​ ​forecasting​ ​strategies​ ​within​ ​the​ ​framework​ ​of​ ​model​​training.​​We​​create​​a​

​stacked​​ensemble​​model​​to​​supplement​​the​​advantages​​of​​all​​models​​by​​using​​a​​base​​model​​in​

​order​ ​to​ ​improve​ ​prediction​ ​performance​ ​even​ ​more.​ ​To​ ​improve​ ​interpretability,​ ​SHAP​

​(SHapley​ ​Additive​ ​Explanations)​ ​is​ ​utilized,​ ​which​ ​illustrates​ ​the​ ​impact​ ​of​ ​each​

​characteristic​​on​​the​​prediction​​outcomes.​​To​​ensure​​that​​all​​models​​are​​reliable​​and​​robust​​on​

​unseen​ ​data,​ ​we​ ​lastly​ ​evaluate​ ​their​ ​performance​ ​using​ ​classification​ ​measures​ ​such​

​ROC-AUC, F1-score, recall, accuracy, and precision.​
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​3.1 Data Set Overview:​

​3.1.0 Data Set-1:​

​The​ ​first​ ​dataset​ ​was​ ​foundational​ ​for​ ​the​ ​prediction​ ​of​ ​lung​ ​cancer​ ​risk,​ ​and​ ​as​ ​such,​

​Dataset-1​ ​is​ ​a​ ​backbone​ ​for​ ​this​ ​analysis​ ​and​ ​used​ ​datasets​ ​that​ ​are,​ ​as​ ​of​ ​October​ ​2023,​

​publicly​​available.​​Dataset-1​​contains​​1,001​​records,​​spanning​​1,000​​lung​​cancer​​patients,​​and​

​was​ ​collected​ ​from​ ​1,000​ ​individuals.​ ​There​ ​are​ ​a​ ​total​ ​of​ ​26​ ​attributes​ ​that​ ​encompass​ ​a​

​range​​of​​patient​​data,​​illustrating​​the​​demographics​​like​​age​​and​​sex​​as​​well​​as​​environmental​

​factors​ ​such​ ​as​ ​pollution​ ​and​ ​occupation-specific​ ​hazards,​ ​and​ ​lifestyle​ ​factors​ ​like​ ​alcohol​

​and​ ​smoking.​ ​Furthermore,​ ​data​ ​contains​ ​diverse​ ​clinical​​manifestations​​such​​as​​chest​​pain,​

​fatigue,​ ​breathlessness,​ ​and​ ​hemoptysis.​ ​It​ ​includes​ ​data​ ​related​ ​to​ ​genetic​ ​susceptibility,​

​chronic​ ​lung​ ​diseases,​ ​asthma,​ ​and​ ​even​ ​obesity.​ ​All​ ​this​ ​data​ ​makes​ ​a​ ​comprehensive​

​analysis​ ​of​ ​the​ ​possible​ ​factors​ ​associated​ ​with​ ​lung​ ​cancer​ ​feasible.​ ​The​ ​last​ ​attribute,​

​“Level”,​ ​is​ ​the​​target​​variable.​​Table​​3.1.0​​column​​And​​features,​​describes​​the​​entire​​dataset​

​and their features.​

​3.1.1 Data Set-2​
​Dataset-2​ ​serves​ ​as​ ​an​ ​extra​ ​resource​ ​for​ ​estimating​ ​the​ ​risk​ ​of​ ​lung​ ​cancer​ ​in​ ​this​

​investigation.​​The​​dataset,​​which​​includes​​data​​from​​309​​people,​​is​​openly​​accessible.​​There​

​are​ ​sixteen​ ​features​​in​​all​​in​​the​​dataset.​​One​​of​​them​​is​​the​​goal​​feature​​that​​determines​​if​​a​

​person​ ​has​ ​lung​ ​cancer,​ ​whereas​ ​the​ ​other​ ​fifteen​ ​are​ ​input​ ​features.​ ​Basic​ ​personal​ ​and​

​health-related​​data​​are​​among​​the​​entry​​features.​​Age,​​gender,​​smoking​​status,​​yellow​​fingers​

​(a​​possible​​smoking​​sign),​​anxiety,​​peer​​pressure,​​chronic​​illness,​​fatigue,​​allergies,​​wheezing,​

​alcohol​​use,​​coughing,​​shortness​​of​​breath,​​difficulty​​swallowing,​​and​​chest​​discomfort​​are​​a​

​few​​of​​these.​​While​​the​​other​​features​​are​​nominal,​​with​​values​​classified​​as​​"Yes"​​or​​"No"​​(or​

​equivalent​ ​labels),​ ​age​ ​is​ ​a​ ​numerical​ ​feature.​ ​Each​ ​feature​ ​provides​ ​useful​ ​clues​ ​about​

​potential​ ​risk​ ​factors​ ​for​ ​lung​ ​cancer.​ ​For​ ​example,​ ​smoking​ ​and​ ​yellow​ ​fingers​​can​​reflect​

​tobacco​​use,​​while​​symptoms​​like​​coughing​​or​​chest​​pain​​may​​signal​​respiratory​​issues.​​The​

​final​ ​feature,​ ​Lung​ ​Cancer,​ ​is​ ​the​ ​target​ ​variable​ ​and​​indicates​​whether​​the​​person​​has​​been​

​diagnosed​ ​with​ ​the​ ​disease.​ ​This​ ​dataset​ ​helps​ ​in​ ​understanding​ ​the​ ​link​ ​between​ ​lifestyle,​

​symptoms,​​and​​lung​​cancer,​​and​​it​​is​​used​​for​​model​​training,​​balancing,​​feature​​analysis,​​and​

​performance evaluation in the proposed methodology.​
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​Table​ ​3.1.0:​ ​Description​ ​of​ ​Features​ ​and​ ​Data​ ​Types​ ​in​ ​Dataset​ ​1​ ​for​ ​Lung​
​Cancer Risk Prediction​

​Feature Name​ ​Description​ ​Data Type​

​Age​ ​Age of the individual (in years)​ ​Numerical​

​Gender​ ​Gender of the patient (1 = Male, 2 = Female)​ ​Nominal​

​Air Pollution​ ​Exposure level to air pollution (1–10 scale)​ ​Ordinal​

​Alcohol Use​ ​Frequency of alcohol consumption (1–10 scale)​ ​Ordinal​

​Dust Allergy​ ​Severity of dust allergy (1–10 scale)​ ​Ordinal​

​Occupational Hazards​ ​Exposure to harmful work environment (1–10​
​scale)​

​Ordinal​

​Genetic Risk​ ​Genetic/family history risk (1–10 scale)​ ​Ordinal​

​Chronic Lung Disease​ ​Presence of chronic lung disease (1–10 scale)​ ​Ordinal​

​Balanced Diet​ ​Frequency of balanced diet (1–10 scale)​ ​Ordinal​

​Obesity​ ​Obesity level (1–10 scale)​ ​Ordinal​

​Smoking​ ​Smoking frequency/severity (1–10 scale)​ ​Ordinal​

​Passive Smoker​ ​Exposure to second-hand smoke (1–10 scale)​ ​Ordinal​

​Chest Pain​ ​Severity of chest pain (1–10 scale)​ ​Ordinal​

​Coughing of Blood​ ​Frequency of coughing blood (1–10 scale)​ ​Ordinal​

​Fatigue​ ​Tiredness or fatigue level (1–10 scale)​ ​Ordinal​

​Weight Loss​ ​Level of weight loss (1–10 scale)​ ​Ordinal​

​Shortness of Breath​ ​Difficulty in breathing (1–10 scale)​ ​Ordinal​

​Wheezing​ ​Presence of wheezing (1–10 scale)​ ​Ordinal​

​Swallowing Difficulty​ ​Trouble in swallowing (1–10 scale)​ ​Ordinal​

​Clubbing of Finger​
​Nails​

​Swelling/clubbing of nails (1-9 scale)​ ​Ordinal​

​Frequent Cold​ ​Frequency of catching cold​ ​Ordinal​

​Dry Cough​ ​Frequency of dry cough​ ​Ordinal​

​Snoring​ ​Severity of snoring (1-7 scale)​ ​Ordinal​

​Level (Target Class)​ ​Lung cancer risk (Low, Medium, High)​ ​Categorical​
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​Table​ ​3.1.1:​ ​Description​ ​of​ ​Features​ ​and​ ​Data​ ​Types​ ​in​ ​Dataset​ ​2​ ​for​ ​Lung​
​Cancer Risk Prediction​

​Feature Name​ ​Description​ ​Data Type​

​Age​ ​Age of the patient (in years)​ ​Numerical​

​Gender​ ​Gender of the patient (M = Male, F = Female)​ ​Nominal​

​Smoking​ ​Whether the patient smokes (2 = Yes, 1 = No)​ ​Ordinal​

​Yellow Fingers​ ​Presence of yellowing fingers due to smoking (2 = Yes, 1 =​
​No)​

​Ordinal​

​Anxiety​ ​Presence of anxiety symptoms (2 = Yes, 1 = No)​ ​Ordinal​

​Peer Pressure​ ​Influence of peer pressure on lifestyle (2 = Yes, 1 = No)​ ​Ordinal​

​Chronic Disease​ ​Presence of chronic illness (2 = Yes, 1 = No)​ ​Ordinal​

​Fatigue​ ​Experience of fatigue (2 = Yes, 1 = No)​ ​Ordinal​

​Allergy​ ​Presence of allergic conditions (2 = Yes, 1 = No)​ ​Ordinal​

​Wheezing​ ​Experience of wheezing (2 = Yes, 1 = No)​ ​Ordinal​

​Alcohol​ ​Consumption of alcohol (2 = Yes, 1 = No)​ ​Ordinal​

​Coughing​ ​Experience of coughing (2 = Yes, 1 = No)​ ​Ordinal​

​Shortness of​
​Breath​

​Difficulty in breathing (2 = Yes, 1 = No)​ ​Ordinal​

​Swallowing​
​Difficulty​

​Trouble in swallowing (2 = Yes, 1 = No)​ ​Ordinal​

​Chest Pain​ ​Experience of chest pain (2 = Yes, 1 = No)​ ​Ordinal​

​Lung Cancer​ ​Final diagnosis (Yes = Lung Cancer, No = No Lung Cancer)​ ​Binary​
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​3.2 Data Preprocessing:​

​3.2..1 Dataset-1 Preprocessing​

​3.2.1.1 Removal of Irrelevant Columns​

​Removing​ ​irrelevant​ ​or​ ​non-informative​ ​columns​ ​helps​ ​to​ ​reduce​ ​noise​ ​and​ ​computational​

​complexity,​​enabling​​the​​model​​to​​focus​​on​​meaningful​​features.​​In​​Dataset-1,​​columns​​such​

​as​ ​Index​ ​and​ ​Patient​ ​Id​ ​were​ ​dropped​ ​because​ ​they​ ​do​ ​not​ ​contribute​ ​to​ ​lung​ ​cancer​

​prediction. This streamlined the dataset for better model performance.​

​3.2.1.2 Target Variable Encoding​

​Machine​ ​learning​ ​models​ ​require​ ​numerical​ ​inputs,​ ​so​ ​categorical​ ​target​ ​variables​ ​must​ ​be​

​converted​ ​into​ ​numeric​ ​codes​ ​through​ ​label​ ​encoding.​ ​"Level,"​ ​the​ ​goal​ ​variable​​indicating​

​lung​ ​cancer​ ​risk​ ​as​ ​High,​ ​Medium,​ ​or​ ​Low,​ ​was​ ​encoded​ ​as​ ​2,​ ​1,​ ​and​ ​0​ ​respectively.​ ​This​

​numeric transformation allowed the model to interpret the risk categories effectively.​

​3.2.1.3 Categorical Feature Encoding​

​Categorical​​input​​features​​must​​be​​converted​​into​​numeric​​form​​to​​be​​used​​by​​most​​machine​

​learning​ ​algorithms,​ ​commonly​ ​through​ ​label​ ​encoding.​ ​Nominal​ ​features​ ​such​ ​as​ ​gender​

​were​ ​label​ ​encoded;​ ​for​ ​instance,​ ​Male​ ​was​ ​encoded​ ​as​ ​0​ ​and​ ​Female​ ​as​ ​1.​ ​This​ ​encoding​

​enabled the inclusion of gender and other categorical variables as meaningful inputs.​

​3.2.1.4 Class Balancing​

​Models​​may​​be​​biased​​toward​​majority​​classes​​as​​a​​result​​of​​imbalanced​​datasets.​​To​​balance​

​the​ ​dataset,​ ​methods​ ​such​ ​as​ ​the​ ​fake​ ​Minority​ ​Oversampling​ ​Technique​ ​(SMOTE)​ ​create​

​fake​ ​data​ ​for​ ​minority​ ​classes.​ ​Lung​ ​cancer​ ​risk​ ​groups​ ​were​ ​unbalanced​ ​in​ ​Dataset​ ​1.​ ​By​

​using​ ​SMOTE​ ​to​ ​oversample​ ​minority​ ​classes,​​a​​balanced​​dataset​​was​​produced,​​enhancing​

​the accuracy and fairness of the model.​
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​3.2.2 Dataset-2 Preprocessing​

​3.2.2.1 Nominal Feature Encoding​

​Nominal​ ​or​ ​binary​ ​categorical​ ​features​ ​need​ ​to​ ​be​ ​converted​​into​​numeric​​values​​for​​model​

​processing,​ ​commonly​ ​mapping​ ​categories​ ​like​ ​Yes/No​ ​to​ ​numbers.​ ​In​ ​Dataset-2,​ ​nominal​

​features​​such​​as​​smoking,​​anxiety,​​and​​fatigue​​were​​encoded​​with​​Yes​​as​​2​​and​​No​​as​​1.​​This​

​ensured compatibility with machine learning models.​

​3.2.2.2 Numerical Feature Normalization​

​Numerical​ ​features​ ​with​ ​different​ ​scales​ ​should​ ​be​ ​normalized​ ​to​ ​a​ ​common​ ​scale,​ ​often​

​between​​0​​and​​1,​​to​​prevent​​features​​with​​large​​values​​from​​dominating​​the​​learning​​process.​

​The​ ​age​ ​feature​ ​in​ ​Dataset-2​ ​was​ ​normalized,​ ​standardizing​ ​its​ ​scale​ ​to​ ​improve​ ​model​

​convergence and performance.​

​3.2.2.3 Target Variable Encoding​

​Binary​ ​classification​ ​targets​ ​need​ ​to​ ​be​ ​encoded​ ​numerically​ ​(Yes​ ​=​ ​1,​ ​No​ ​=​ ​0)​ ​for​

​classification​​algorithms.​​The​​lung​​cancer​​diagnosis​​target​​was​​encoded​​as​​1​​for​​presence​​and​

​0 for absence, facilitating binary classification.​

​3.2.2.4 Class Balancing​

​Model​ ​generalization​ ​is​ ​enhanced​ ​and​ ​bias​ ​towards​ ​the​ ​majority​ ​class​ ​is​ ​avoided​ ​by​

​distributing​​the​​amount​​of​​samples​​evenly​​among​​the​​classes.​​The​​proportion​​of​​positive​​and​

​negative​ ​lung​ ​cancer​​cases​​was​​unbalanced​​in​​Dataset​​2.​​In​​order​​to​​balance​​the​​dataset​​and​

​improve prediction, SMOTE was used to oversample the minority class.​
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​3.3 Exploratory Data Analysis​

​Figure​ ​3.3.1:​ ​heatmap​ ​shows​ ​the​ ​relationship​ ​between​ ​different​ ​features​ ​in​ ​Dataset-1​ ​and​

​their​ ​connection​ ​to​ ​lung​ ​cancer​ ​risk.​ ​The​ ​colors​ ​indicate​ ​how​ ​strongly​ ​two​ ​features​ ​are​

​related:​​dark​​blue​​means​​a​​strong​​positive​​relationship,​​light​​yellow​​means​​a​​weak​​or​​negative​

​relationship.​ ​For​ ​example,​ ​features​​like​​air​​pollution,​​alcohol​​use,​​occupational​​hazards,​​and​

​smoking​ ​have​ ​strong​ ​positive​ ​links​ ​with​ ​lung​ ​cancer​ ​risk​ ​(Level).​​This​​helps​​us​​understand​

​which factors are important for predicting lung cancer.​

​Figure 3.3.1: Correlation Between Health Features and Lung Cancer Risk​
​(Dataset-1)​
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​Figure​​3.3.2​​:​​The​​bar​​chart​​shows​​the​​distribution​​of​​lung​​cancer​​risk​​levels​​among​​patients​

​based​ ​on​ ​gender.​ ​Among​ ​males,​ ​there​ ​is​ ​a​ ​noticeably​ ​higher​ ​number​ ​of​ ​patients​ ​in​ ​the​

​medium​ ​and​ ​high-risk​ ​categories,​ ​especially​ ​at​ ​the​ ​highest​ ​risk​ ​level.​ ​In​ ​contrast,​ ​female​

​patients​ ​are​ ​more​ ​concentrated​ ​in​ ​the​ ​lower​ ​risk​ ​levels,​ ​with​ ​the​ ​number​ ​of​ ​patients​

​decreasing​ ​as​ ​the​ ​risk​ ​level​ ​increases.​ ​This​ ​visualization​ ​highlights​ ​a​ ​clear​ ​pattern​ ​where​

​male​ ​patients​ ​are​ ​more​ ​frequently​ ​represented​ ​in​ ​the​ ​higher​ ​lung​ ​cancer​ ​risk​ ​groups,​

​whereas females tend to be associated with lower risk categories.​

​Figure 3.3.2: Lung Cancer Risk Levels by Gender (Dataset-1)​
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​Figure​​3.3.3​​shows​​the​​number​​of​​male​​and​​female​​patients​​who​​were​​found​​to​​be​​at​​risk​​of​

​lung​ ​cancer​ ​based​ ​on​ ​Dataset-2.​ ​The​ ​chart​ ​shows​ ​that​ ​both​ ​men​ ​and​ ​women​ ​have​ ​cases​

​marked​​as​​"YES"​​(lung​​cancer​​risk)​​and​​"NO"​​(no​​risk),​​but​​the​​number​​of​​high-risk​​cases​​is​

​slightly higher in males compared to females.​

​This​​suggests​​that​​gender​​may​​have​​some​​influence​​on​​lung​​cancer​​risk,​​but​​it​​is​​not​​the​​only​

​factor. Other health features must also be considered for accurate prediction.​

​Figure 3.3.3: Lung Cancer Risk Levels by Gender (Dataset-2)​
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​Figure​​3.3.3​​shows​​how​​different​​health​​features​​are​​related​​to​​lung​​cancer​​risk.​​The​​values​​in​

​the​ ​heatmap​ ​are​ ​correlation​ ​scores,​ ​which​ ​range​ ​from​ ​-1​ ​to​ ​1.​ ​A​ ​value​ ​closer​​to​​1​​means​​a​

​strong​​positive​​relationship,​​while​​a​​value​​near​​-1​​means​​a​​strong​​negative​​one.​​A​​value​​near​

​0​ ​means​ ​little​ ​or​ ​no​ ​relationship.From​ ​the​ ​figure,​ ​we​ ​see​ ​that​ ​features​ ​like​ ​anxiety​ ​(0.14),​

​yellow​ ​fingers​ ​(0.18),​ ​peer​ ​pressure​ ​(0.11),​ ​allergy​ ​(0.15),​ ​wheezing​ ​(0.25),​ ​and​ ​chest​ ​pain​

​(0.19)​ ​have​ ​a​ ​noticeable​ ​positive​ ​correlation​ ​with​ ​lung​ ​cancer.​ ​These​ ​features​ ​are​ ​more​

​common​​in​​people​​who​​are​​at​​higher​​risk.​​However,​​none​​of​​the​​features​​show​​a​​very​​strong​

​correlation​​individually,​​which​​means​​that​​lung​​cancer​​risk​​depends​​on​​a​​mix​​of​​factors​​rather​

​than​​one​​single​​cause.This​​analysis​​helps​​us​​understand​​which​​features​​might​​be​​more​​useful​

​when predicting lung cancer using machine learning models.​

​Figure 3.3.3: Correlation Between Health Features and Lung Cancer Risk​
​(Dataset-2)​
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​3.4 Machine Learning Models​

​This​ ​study​ ​used​ ​many​ ​supervised​ ​machine​ ​learning​ ​approaches​​to​​evaluate​​the​​risk​​of​​early​

​lung​ ​cancer.​ ​SVM,​ ​Random​ ​Forest,​ ​Decision​ ​Trees,​ ​K-Nearest​ ​Neighbors​ ​(KNN),​ ​Logistic​

​Regression,​ ​and​ ​an​ ​Ensemble​ ​Learning​ ​model​ ​are​ ​some​ ​of​ ​the​ ​models​ ​that​ ​are​ ​employed.​

​These​​algorithms​​were​​selected​​in​​order​​to​​evaluate​​the​​performance​​of​​individual​​models​​to​​a​

​combined​​strategy​​and​​to​​investigate​​both​​linear​​and​​non-linear​​decision​​limits.​​To​​provide​​a​

​thorough​ ​assessment​ ​of​ ​prediction​ ​accuracy​ ​and​ ​dependability,​ ​each​ ​model​ ​offers​ ​a​ ​unique​

​approach to learning from data.​

​3.4.1 Support Vector  Classifier:​

​Discouragement​ ​Classification​ ​in​ ​“data​ ​science”​​is​​cutting​​edge​​technology.​​It​​uses​​a​​vector​

​classifier​ ​to​ ​split​ ​datasets​ ​into​ ​two​​categories.​​It​​calculates​​the​​so-called​​optimal​​hyperplane​

​that​ ​minimizes​ ​the​ ​distance​ ​to​ ​the​ ​two​ ​groups.​ ​It​ ​uses​ ​some​ ​clever​ ​trick​ ​to​ ​accomplish​ ​the​

​separation​ ​of​ ​enormously​ ​complicated​ ​intertwining​ ​data.​ ​Distance​ ​in​ ​Dataset-1​ ​was​

​characterized​ ​by​ ​age,​ ​sex,​ ​smoking,​​alcohol,​​pollution,​​and​​symptoms​​like​​fatigue,​​dyspnea,​

​and​ ​angina.​ ​These​ ​attributes​ ​trained​ ​the​ ​model​ ​to​ ​estimate​ ​the​ ​probability​ ​of​ ​having​ ​lung​

​cancer.​ ​Dataset-2​ ​consisted​ ​of​ ​age,​ ​gender,​ ​smoking,​ ​anxiety,​ ​and​​a​​sick​​coughing​​fit,​​chest​

​pain,​​and​​a​​number​​of​​‘co-morbid’​​conditions.​​The​​model​​was​​able​​to​​suss​​the​​data​​and​​come​

​out​ ​with​ ​a​​conclusion​​–​​does​​the​​patient​​have​​lung​​cancer?​​It​​also​​bears​​mentioning​​that​​the​

​Support​​Vector​​Classifier​​has​​a​​unique​​and​​rigorous​​method​​of​​filtering​​out​​data​​patterns​​and​

​making predictions using a decision function. This function can be written as:​

​𝑓​(​𝑥​)​ ​ = ​ ​​𝑠𝑖𝑔𝑛​(​𝑤​​ ​​·​​ ​​𝑥​​ ​ + ​ ​​𝑏​)

​Here:​

​●​ ​(weight vector)​​𝑤​

​●​ ​(input feature vector)​​𝑥​

​●​ ​(bias term)​​𝑏​

​The​ ​function​​determines​​which​​side​​of​​the​​decision​​boundary​​a​​data​​point​​lies​​on​​is​​false.​​If​

​𝑓(𝑥)​ ​is​ ​positive,​​the​​data​​is​​assigned​​to​​one​​class.​​If​​it​​is​​negative,​​it​​is​​assigned​​to​​the​​other​

​class.​ ​The​ ​model​ ​attempts​ ​to​ ​find​ ​the​ ​best​ ​values​ ​for​ ​𝑤​ ​and​ ​𝑏​ ​such​ ​that​ ​the​ ​classes​ ​are​

​separated​​with​​the​​largest​​possible​​gap​​or​​margin​​between​​them.​​In​​doing​​this,​​SVC​​solves​​an​

​optimization​ ​problem.​ ​For​ ​SVC,​ ​more​ ​complex​ ​or​ ​nonlinear​ ​data​ ​requires​ ​the​ ​use​ ​of​ ​the​
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​kernel​ ​trick.​ ​This​ ​permits​ ​the​ ​model​ ​to​ ​classify​ ​data​ ​more​ ​easily​ ​in​ ​a​ ​higher-dimensional​

​space.​​This​​mathematical​​technique​​permits​​the​​model​​to​​improve​​its​​predictions​​by​​learning​

​the best boundary between classes.​

​3.4.2 Decision Tree Classifier​

​A Decision Tree is an example of machine learning that classifies and predicts outcomes of a​
​problem. It resembles a flowchart in which data sets are divided into branches as answers are​
​derived from questions about the features. In the example shown, every internal node​
​represents a test on a feature, every branch depicts test outcomes, and every leaf provides the​
​ultimate class label. The tree begins from the root and continues to subdivide the data into​
​smaller portions until it comes to a decision. The objective is to divide the data in a manner​
​so that the groups are as pure as possible which implies that every group contains mostly one​
​class. In Dataset-1, the features apportioned to the Decision Tree were age, gender, smoking,​
​air pollution, and the symptoms of coughing with blood as well as shortness of breath to​
​decide on lung cancer risk level. In Dataset-2, the tree interacted with features like anxiety,​
​peer pressure, fatigue, and chest pain in order to predict lung cancer. A Decision Tree decides​
​where to split the data using measures like Information Gain or Gini Index. The most​
​common one is Information Gain. It is built on a concept called Entropy.​

​Entropy as:​

​𝐸𝑛𝑡𝑟𝑜𝑝𝑦​(​𝑆​) =− ​∑​​𝑝​
​𝑖​
​​​​ ​​𝑙𝑜𝑔​​2​​​ ​(​ ​​𝑝​

​𝑖​
)

​where​ ​​​ ​is​ ​each​ ​class's​ ​percentage​ ​in​ ​data​ ​set​ ​S.​ ​Following​ ​the​ ​split,​ ​the​ ​tree​ ​selects​ ​the​​𝑝​
​𝑖​

​feature​ ​that​ ​exhibits​ ​the​ ​largest​ ​decrease​ ​in​ ​uncertainty​ ​and​ ​provides​ ​the​ ​maximum​

​Information Gain. Information Gain is computed using:​

​𝐺𝑎𝑖𝑛​(​𝑆​, ​𝐴​) = ​𝐸𝑛𝑡𝑟𝑜𝑝𝑦​(​𝑆​) − ​∑​ ​∣​​𝑆𝑣​​​∣​
​∣​​𝑆​​∣​ ​×​​𝐸𝑛𝑡𝑟𝑜𝑝𝑦​(​𝑆𝑣​​​​)

​where​ ​is​​the​​feature​​used​​for​​splitting,​​and​ ​is​​the​​subset​​of​​data​​after​​splitting​​by​​feature​​𝐴​ ​𝑆𝑣​

​.​ ​This​ ​splitting​ ​continues​ ​until​ ​the​ ​tree​ ​reaches​ ​a​ ​stopping​ ​condition,​ ​such​ ​as​ ​maximum​​𝐴​

​depth or minimum samples, and then makes the final classification.​

​©​​Daffodil International University​ ​17​



​3.4.3 Random Forest Classifier​

​3.4.4 Logistic Regression​

​For​ ​classification​ ​tasks,​ ​the​ ​straightforward​ ​but​ ​effective​ ​algorithm​ ​known​ ​as​ ​logistic​

​regression​​is​​employed.​​It​​operates​​by​​determining​​a​​correlation​​between​​the​​probability​​of​​a​

​particular​​class​​and​​the​​input​​features.​​Rather​​than​​providing​​precise​​values,​​it​​classifies​​based​

​on​ ​a​ ​probability​ ​between​ ​0​ ​and​ ​1.​ ​To​ ​predict​ ​the​ ​risk​ ​of​ ​lung​ ​cancer​​in​​Dataset-1,​​Logistic​

​Regression​ ​employed​ ​characteristics​ ​like​ ​age,​ ​gender,​ ​smoking,​ ​alcohol​ ​consumption,​ ​and​

​symptoms​ ​like​ ​coughing​ ​and​ ​chest​ ​pain.​ ​It​ ​worked​ ​with​ ​characteristics​ ​like​ ​anxiety,​

​exhaustion,​​dyspnea,​​and​​peer​​pressure​​in​​Dataset-2.​​It​​uses​​the​​sigmoid​​function​​to​​turn​​the​

​result into a probability:​

​𝑃​(​𝑦​ = ​1∣​​𝑥​) = ​1​

​1​+​𝑒​−(​𝑤​​⋅​​𝑥​+​𝑏​) ​​​

​Here,​ ​is​​the​​weight​​vector,​ ​is​​the​​input​​data,​​and​ ​is​​the​​bias.​​If​​the​​probability​​is​​greater​​𝑤​ ​𝑥​ ​𝑏​

​than​​0.5,​​the​​input​​is​​classified​​as​​having​​a​​high​​risk;​​otherwise,​​it​​is​​considered​​low​​risk.​​This​

​model is simple, fast, and works well when the data is linearly separable.​
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​3.4.5 K-Nearest Neighbors (KNN)​

​A​ ​straightforward​ ​machine​ ​learning​ ​approach​ ​for​ ​classification​ ​is​ ​called​ ​K-Nearest​

​Neighbors.​ ​A​ ​new​ ​input's​ ​"k"​​nearest​​data​​points,​​or​​neighbors,​​are​​examined,​​and​​the​​most​

​common​ ​class​ ​among​ ​them​ ​is​ ​assigned.​​It​​does​​not​​build​​a​​model​​during​​training​​instead,​​it​

​stores​ ​the​ ​data​ ​and​ ​makes​ ​decisions​ ​at​ ​prediction​ ​time.​​In​​Dataset-1​​,​​KNN​​checked​​nearby​

​data​ ​points​ ​using​ ​features​ ​like​ ​age,​ ​smoking,​ ​shortness​ ​of​ ​breath,​​and​​coughing​​of​​blood​​to​

​predict​ ​the​ ​risk​ ​level​ ​for​ ​lung​ ​cancer.​ ​Within​ ​Dataset-2,​ ​it​ ​used​​features​​such​​as​​chest​​pain,​

​anxiety, fatigue, and peer pressure to classify whether the person is at risk.​

​The​​algorithm​​calculates​​the​​distance​​(often​​using​​Euclidean​​distance)​​between​​the​​new​​data​

​and existing points:​

​𝑑​ = (​𝑥​​1​​ − ​𝑥​​2​​)​2​ + (​𝑦​​1​​ − ​𝑦​​2​​)​2​ + ​…​​​​

​Then it picks the 'k' nearest neighbors and chooses the class that appears the most among​

​them. KNN is easy to use and often gives good results, especially when the data is not too​

​large and features are properly scaled.​

​3.4.6 Ensemble Machine Learning Model​

​In​ ​this​ ​study,​ ​a​ ​Stacking​ ​Ensemble​ ​Machine​ ​Learning​ ​model​ ​was​ ​employed​​to​​increase​​the​

​overall​ ​prediction​ ​accuracy​ ​of​ ​lung​ ​cancer​ ​risk.​ ​The​ ​stacking​ ​technique​ ​generates​ ​a​ ​more​

​reliable​ ​final​ ​prediction​ ​by​ ​integrating​ ​the​ ​strengths​ ​of​ ​multiple​ ​independent​ ​models.​ ​In​

​particular,​ ​three​ ​different​ ​classifiers​ ​were​ ​used​ ​as​ ​foundation​ ​learners:​ ​Support​ ​Vector​

​Machine​​(SVM),​​Decision​​Tree,​​and​​K-Nearest​​Neighbors​​(KNN).​​Each​​of​​these​​models​​was​

​first​ ​trained​ ​separately​ ​using​ ​the​ ​training​ ​data​ ​in​ ​order​ ​to​ ​identify​ ​unique​ ​patterns​ ​and​

​interactions.​ ​Each​ ​of​ ​their​ ​individual​ ​predictions​ ​were​ ​sent​ ​to​ ​the​ ​meta-classifier,​ ​a​

​second-level​​model​​that​​in​​this​​case​​was​​also​​a​​KNN​ ​.​​After​​training,​​the​​stacked​​model​​was​

​evaluated​ ​using​ ​the​ ​test​ ​data.​ ​Common​ ​metrics​ ​such​ ​as​ ​F1-score,​ ​recall,​ ​accuracy,​ ​and​

​precision were used to assess the model's performance.​
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​3.5 Performance Evaluation​

​For​​measuring​​how​​well​​the​​machine​​learning​​models​​perform,​​some​​common​​classification​

​metrics​ ​were​ ​employed.​ ​These​ ​are​ ​accuracy,​ ​precision,​​recall​​and​​F1-score.​​Accuracy​​is​​the​

​aggregate​ ​correctness​ ​of​ ​the​ ​model​ ​whereas​ ​how​ ​many​ ​of​ ​the​ ​cases​ ​that​ ​were​​measured​​as​

​positive​ ​are​ ​actually​ ​correct​ ​is​ ​denoted​ ​by​ ​precision.​ ​Recall​ ​is​ ​a​ ​measure​ ​of​​the​​recall​​with​

​which​ ​model​ ​could​ ​contain​ ​actual​ ​positive​ ​cases​ ​and​ ​F1​ ​-​ ​score​ ​gives​ ​you​ ​the​ ​balance​

​between precision and recall.​

​3.5.1 Accuracy​

​Accuracy assesses the performance of a machine learning model. It shows the proportion of​

​accurate predictions the model made.​

​Formula:​

​𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦​​ ​ = ​ ​ ​𝑇𝑜𝑡𝑎𝑙​​ ​​𝑁𝑢𝑚𝑏𝑒𝑟​​ ​​𝑜𝑓​​ ​​𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠​
​𝑁𝑢𝑚𝑏𝑒𝑟​​ ​​𝑜𝑓​​ ​​𝐶𝑜𝑟𝑟𝑒𝑐𝑡​​ ​​𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠​​​​

​If the accuracy is high, it means the model is correctly predicting most cases. However, in​

​datasets with imbalanced classes, accuracy alone may not be a reliable metric.​

​3.5.2 Confusion Matrix​

​The​​Confusion​​Matrix​​offers​​a​​thorough​​summary​​of​​the​​model's​​prediction​​results​​by​
​showing​ ​the​ ​proportion​ ​of​ ​cases​ ​that​ ​were​ ​correctly​ ​or​ ​incorrectly​ ​predicted.​ ​This​
​table has four values:​

​●​ ​True​ ​positive:​ ​The​ ​patient's​ ​lung​ ​cancer​ ​was​ ​accurately​ ​predicted​ ​by​ ​the​
​program.​

​●​ ​False​ ​Positive​ ​(FP):​ ​The​ ​patient’s​ ​does​ ​not​ ​have​ ​lung​ ​cancer,​ ​despite​ ​the​
​model's prediction.​

​●​ ​True​ ​Negative​ ​(TN):​ ​The​ ​patient's​ ​lack​ ​of​ ​lung​ ​cancer​ ​was​ ​accurately​
​predicted by the model.​

​●​ ​False​​Negative​​(FN):​​The​​patients​​has​​cancer​​even​​though​​the​​model​​said​​they​
​wouldn't.​

​This​ ​matrix​ ​is​ ​essential​ ​since​ ​it​ ​allows​ ​us​ ​to​ ​calculate​ ​other​ ​performance​ ​measures​
​including accuracy, recall, and F1-score.​
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​3.5.3 Precision​

​Precision indicates the proportion of instances that are truly positive, such as lung cancer, out​

​of those that are anticipated to be positive. Stated differently, it assesses the model's accuracy​

​in forecasting a favorable outcome.​

​Formula:​

​𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛​ = ​𝑇𝑃​ + ​𝐹𝑃𝑇𝑃​​​​

​The model produces fewer incorrect predictions when its accuracy is high.​

​3.5.4 Recall​

​The number of real positive instances (lung cancer patients) that the model was able to​

​identify is called recall, often referred to as sensitivity or true positive rate.​

​Formula:​

​𝑅𝑒𝑐𝑎𝑙𝑙​ = ​𝑇𝑃​ + ​𝐹𝑁𝑇𝑃​​​​

​When a model has a high recall, it is able to identify the majority of real positive cases and​

​miss less.​

​3.5.5 F1-Score​

​The F1-score is the harmonic mean of recall and accuracy. It is helpful when you want to​

​strike a compromise between recall and precision, particularly when the data is unbalanced​

​(for instance, there are more healthy patients than sick ones).​

​Formula:​

​𝐹​​1​​ ​ = ​ ​​2​ × ​ ​ ​1​
​1​

​𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛​​ ​ ​ ​+​ ​ ​1​
​𝑅𝑒𝑐𝑎𝑙𝑙​

​An F1-score closer to 1 indicates that the model performs well in both detecting positives and​

​avoiding false alarms.​
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​CHAPTER 4​

​4.0 Results:​

​The​ ​performance​ ​of​ ​many​​machine​​learning​​models​​for​​early​​lung​​cancer​​risk​​prediction​​on​

​two​ ​datasets​ ​is​ ​shown​ ​in​ ​this​ ​section.​​K-Nearest​​Neighbors,​​SVM,​​Decision​​Trees,​​Logistic​

​Regression,​ ​and​ ​our​ ​suggested​ ​Stacking​ ​Ensemble​ ​Machine​​Learning​​Model​​are​​among​​the​

​models​ ​that​ ​were​ ​put​ ​to​ ​the​ ​test.​ ​By​ ​using​ ​each​ ​base​ ​model's​ ​unique​ ​characteristics,​ ​the​

​stacking​ ​ensemble​ ​enhances​ ​overall​ ​prediction​ ​accuracy.​ ​This​ ​method​ ​helps​ ​achieve​ ​better​

​results than any single model alone, which is important for accurate early diagnosis.​

​Table 4.1: Model Performance Summary on Dataset-1 and Dataset-2​

​Model​ ​Dataset​ ​Accuracy​ ​Precision​ ​Recall​ ​F1-score​

​SVM​ ​D1​ ​98.5%​ ​98.6%​ ​98.2%​ ​98.4%​

​D2​ ​95.4%​ ​95.6%​ ​95.2%​ ​95.3%​

​Decision Tree​

​D1​ ​99.8%​ ​99.7%​ ​99.8%​ ​99.9%​

​D2​ ​95%​ ​96%​ ​95%​ ​95%​

​Random Forest​

​D1​ ​99.9%​ ​99.9%​ ​99.8%​ ​99.8%​

​D2​ ​96%​ ​96%​ ​95%​ ​95%​

​Logistic Regression​

​D1​ ​99%​ ​99%​ ​98%​ ​98%​

​D2​ ​96%​ ​95%​ ​95.3%​ ​95%​

​KNN​ ​D1​ ​99.5%​ ​99.5%​ ​99.4%​ ​9.4%​

​D2​ ​95.4%​ ​96%​ ​95.4%​ ​95.4%​

​Ensemble Model​

​(Proposed Model)​

​D1​ ​99.9%​ ​99.9%​ ​99.9%​ ​99.8%​

​D2​ ​98%​ ​98%​ ​98%​ ​98%​

​©​​Daffodil International University​ ​22​



​The​ ​following​ ​graphics​ ​are​ ​provided​ ​to​ ​show​ ​how​ ​well​ ​the​ ​suggested​ ​stacking​ ​ensemble​

​model performs:​

​The​ ​confusion​ ​matrix​​for​​the​​Stacking​​Ensemble​​model​​on​​Dataset-1​​is​​displayed​​in​​Figure​

​4.1​​.​​The​​matrix​​shows​​that​​all​​three​​classes​​were​​accurately​​and​​flawlessly​​categorized​​by​​the​

​model:​ ​55​ ​class​ ​0​ ​samples,​ ​63​ ​class​ ​1​ ​samples,​ ​and​ ​82​ ​class​ ​2​ ​samples​​were​​all​​accurately​

​predicted.​​This​​demonstrates​​the​​model's​​high​​accuracy​​and​​capacity​​to​​differentiate​​between​

​various risk categories for lung cancer in this dataset.​

​Figure 4.1: Dataset-1's Stacking Ensemble model's confusion matrix.​
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​Figure​ ​4.2​ ​displays​​the​​confusion​​matrix​​for​​the​​Stacking​​Ensemble​​model​​using​​Dataset-2.​

​This​ ​matrix​ ​shows​ ​how​ ​well​ ​the​ ​model​ ​predicted​ ​lung​ ​cancer​ ​cases​​compared​​to​​the​​actual​

​results.​​The​​model​​correctly​​recognized​​49​​healthy​​people​​and​​57​​people​​with​​lung​​cancer.​​It​

​made​ ​only​ ​2​ ​mistakes​ ​by​ ​labeling​ ​healthy​ ​people​ ​as​ ​having​ ​cancer,​ ​and​ ​it​ ​did​ ​not​​wrongly​

​classify​ ​any​ ​cancer​ ​cases​ ​as​ ​healthy.​ ​This​ ​means​ ​the​ ​model​ ​is​ ​very​​accurate​​and​​reliable​​in​

​identifying​​early​​lung​​cancer.​​Such​​performance​​helps​​in​​detecting​​lung​​cancer​​early,​​which​​is​

​important for better treatment outcomes.​

​Figure 4.2: Dataset-2's Stacking Ensemble model's confusion matrix​
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​Figure​​4.3​​shows​​the​​ROC​​(Receiver​​Operating​​Characteristic)​​curves​​for​​different​​machine​

​learning​​models,​​including​​the​​stacking​​ensemble​​and​​five​​individual​​models​​(SVM,​​Decision​

​Tree,​ ​Random​ ​Forest,​ ​Logistic​ ​Regression,​​and​​KNN).​​The​​ROC​​curve​​helps​​us​​understand​

​how​ ​well​ ​each​ ​model​ ​separates​ ​the​ ​lung​ ​cancer​ ​risk​ ​classes.​ ​All​ ​models​ ​in​ ​this​ ​figure​

​achieved​ ​an​ ​AUC​ ​(Area​ ​Under​ ​the​ ​Curve)​ ​score​ ​of​ ​1.00​​,​ ​which​ ​means​ ​they​ ​performed​

​extremely​ ​well​ ​in​ ​this​ ​test.​ ​A​ ​higher​ ​AUC​ ​means​ ​better​ ​model​ ​performance.​ ​The​ ​stacking​

​model​ ​also​ ​performed​ ​equally​​well,​​showing​​that​​combining​​models​​can​​be​​just​​as​​effective​

​or even more stable for predicting lung cancer risk.​

​Figure 4.3: ROC curves of the Stacking Ensemble and selected individual​

​models on Dataset-1.​

​©​​Daffodil International University​ ​25​



​The​ ​accuracy​ ​of​ ​several​ ​machine​ ​learning​ ​models​ ​evaluated​​on​​two​​datasets​​is​​displayed​​in​
​Figure​ ​4.4.​ ​The​ ​accuracy​ ​on​ ​Dataset-1​ ​is​ ​shown​ ​by​ ​the​ ​blue​ ​bars,​ ​while​ ​the​ ​accuracy​ ​on​
​Dataset-2​ ​is​ ​shown​ ​by​ ​the​ ​light​ ​blue​​bars.​​With​​99.9%​​on​​Dataset-1​​and​​98%​​on​​Dataset-2,​
​the​ ​suggested​ ​Ensemble​ ​Model​​performed​​the​​best​​and​​most​​reliably.​​Among​​the​​individual​
​models,​ ​Random​ ​Forest​ ​and​ ​Decision​ ​Tree​​demonstrated​​excellent​​results,​​achieving​​99.9%​
​and​​99.8%​​accuracy​​on​​Dataset-1​​and​​maintaining​​strong​​performance​​on​​Dataset-2.​​Logistic​
​Regression​ ​and​ ​SVM​ ​also​ ​produced​ ​reliable​ ​results,​ ​while​ ​K-Nearest​ ​Neighbors​ ​(KNN)​
​achieved 99.5% accuracy on Dataset-1 and continued to perform well on Dataset-2.​

​Overall,​ ​this​ ​figure​ ​highlights​ ​that​ ​all​ ​models​ ​deliver​ ​strong​ ​performance​ ​on​ ​both​ ​datasets,​
​with​ ​the​ ​Ensemble​ ​Model​ ​standing​ ​out​ ​as​ ​the​ ​most​ ​effective​ ​and​ ​stable​ ​across​ ​the​ ​two​
​datasets.​

​Figure 4.4: Model Accuracy Comparison on Dataset-1 and Dataset-2​
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​Table​​4.2​​presents​​a​​comparison​​of​​the​​proposed​​ensemble​​model​​with​​previously​​published​
​studies.​ ​The​ ​results​ ​indicate​ ​that​ ​the​ ​ensemble​ ​model​ ​achieved​ ​the​ ​highest​ ​performance,​
​recording​ ​almost​ ​perfect​ ​outcomes​ ​on​​Dataset-1​​with​​99.9%​​accuracy,​​precision,​​and​​recall,​
​along​ ​with​ ​a​ ​99.8%​ ​F1-score.​ ​On​ ​Dataset-2,​ ​the​​model​​also​​maintained​​strong​​performance​
​with​ ​consistent​ ​values​ ​of​ ​98%​ ​across​ ​all​ ​evaluation​ ​metrics.​​In​​contrast,​​Dritsas​​and​​Trigka​
​(2022),​ ​who​ ​applied​ ​a​ ​Rotation​ ​Forest​ ​on​ ​the​ ​Kaggle​ ​lung​ ​cancer​ ​dataset,​ ​reported​ ​an​
​accuracy​ ​of​ ​97.1%,​ ​while​ ​Sinjanka​ ​et​ ​al.​ ​(2024)​ ​obtained​ ​97.9%​ ​accuracy​​using​​a​​Random​
​Forest​​model​​on​​the​​same​​dataset,​​although​​precision,​​recall,​​and​​F1-score​​were​​not​​provided.​
​These​ ​findings​ ​highlight​ ​that​ ​the​ ​proposed​ ​ensemble​ ​approach​ ​demonstrates​ ​superior​
​predictive​​ability​​compared​​to​​earlier​​methods,​​particularly​​on​​Dataset-1​​where​​the​​results​​are​
​near perfect.​

​Table 4.2: Comparison of Model Performance with Previous Studies​

​Study and Model​ ​Dataset​ ​Accuracy​
​(%)​

​Precision​
​(%)​

​Recall (%)​ ​F1-score​
​(%)​

​Our  Ensemble​
​Model​

​Dataset-1​ ​99.9​ ​99.9​ ​99.9​ ​99.8​

​Our​ ​Ensemble​
​Model​

​Dataset-2​ ​98.0​ ​98.0​ ​98.0​ ​98.0​

​Dritsas​ ​&​ ​Trigka​
​(2022)​​–​​Rotation​
​Forest​

​Kaggle​
​LC​
​Dataset​

​97.1​ ​97.1​ ​97.1​ ​97.1​

​Sinjanka​ ​et​ ​al.​
​(2024)​ ​–​​Random​
​Forest​

​Kaggle​
​LC​
​Dataset​

​97.9​ ​NA​ ​NA​ ​NA​
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​Figure​ ​4.5​ ​The​ ​SHAP​ ​(SHapley​ ​Additive​ ​exPlanations)​ ​summary​ ​plot​ ​for​ ​Dataset-1​

​illustrates​​the​​global​​feature​​importance​​and​​interpretability​​of​​the​​ensemble​​model.​​Features​

​like​​Age,​​Coughing​​of​​Blood,​​and​​Passive​​Smoker​​show​​the​​highest​​impact​​across​​prediction​

​classes.​​By​​quantifying​​each​​feature's​​contribution​​to​​the​​model​​output,​​SHAP​​enhances​​both​

​feature understanding and explainability of lung cancer risk predictions.​

​Figure 4.5: SHAP Summary Plot Demonstrating Explainability of the​

​Ensemble Machine Learning Model for Dataset-1​
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​Figure​​3.3.4​​shows​​a​​SHAP​​summary​​plot​​that​​explains​​how​​the​​ensemble​​machine​​learning​

​model​ ​predicts​ ​early​ ​lung​ ​cancer​ ​risk.​ ​Each​ ​dot​ ​represents​​a​​patient,​​and​​its​​position​​on​​the​

​plot​ ​shows​ ​how​ ​much​ ​a​ ​feature​ ​increases​ ​or​ ​decreases​​the​​prediction.​​The​​color​​of​​the​​dots​

​goes​​from​​blue​​(low​​values)​​to​​red​​(high​​values).​​Features​​like​​smoking,​​yellow​​fingers,​​and​

​chronic​​disease​​have​​higher​​SHAP​​values,​​meaning​​they​​have​​a​​stronger​​effect​​on​​increasing​

​lung​ ​cancer​ ​risk.​ ​This​ ​plot​ ​makes​ ​the​​model​​easier​​to​​understand​​by​​showing​​which​​factors​

​influence the predictions the most.​

​Figure 4.6: SHAP Summary Plot Demonstrating Explainability of the​

​Ensemble Machine Learning Model for Dataset-3​
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​CHAPTER 5​

​5.0: Result Discussion​

​In​ ​this​ ​study,​ ​we​ ​tested​ ​several​ ​machine​ ​learning​ ​models​ ​to​ ​find​ ​out​ ​how​ ​well​ ​they​ ​could​
​predict​​the​​risk​​of​​early​​lung​​cancer.​​We​​used​​two​​different​​datasets​​and​​checked​​the​​models​
​based​​on​​accuracy,​​precision,​​recall,​​and​​F1-score.​​From​​the​​results​​in​​Table​​4.1,​​we​​saw​​that​
​our​ ​proposed​ ​ensemble​ ​model​ ​gave​ ​the​ ​best​ ​performance.​ ​It​ ​reached​ ​99.9%​ ​accuracy​ ​on​
​Dataset-1​ ​and​ ​98%​ ​accuracy​ ​on​ ​Dataset-2,​ ​with​ ​equally​ ​high​​values​​for​​other​​metrics.​​This​
​shows that combining multiple models can improve prediction quality.​

​Among​ ​the​ ​individual​ ​models,​​Random​​Forest​​and​​Decision​​Tree​​also​​performed​​very​​well,​
​especially​ ​on​ ​Dataset-1,​ ​where​ ​both​ ​reached​ ​nearly​ ​100%​ ​accuracy.​ ​However,​ ​their​ ​scores​
​were​​slightly​​lower​​on​​Dataset-2,​​which​​may​​be​​due​​to​​some​​differences​​in​​the​​data.​​Support​
​Vector​​Machine​​(SVM)​​and​​Logistic​​Regression​​gave​​good​​and​​consistent​​results​​across​​both​
​datasets.​​The​​K-Nearest​​Neighbors​​(KNN)​​model​​also​​showed​​strong​​performance,​​but​​there​
​may have been a small mistake in its F1-score for Dataset-1, which needs to be corrected.​

​To​ ​make​ ​the​ ​model’s​ ​predictions​ ​easier​ ​to​ ​understand,​ ​we​ ​used​ ​SHAP​ ​(SHapley​ ​Additive​
​exPlanations).​​SHAP​​helped​​explain​​which​​features​​had​​the​​biggest​​effect​​on​​the​​predictions.​
​Features​​like​​age,​​smoking​​habits,​​lung​​disease​​history,​​and​​family​​background​​were​​the​​most​
​important. The SHAP plots clearly showed how these features influenced each prediction.​

​Overall,​ ​the​ ​ensemble​ ​model​ ​not​ ​only​ ​gave​​the​​most​​accurate​​results​​but​​also​​allowed​​us​​to​
​explain​​its​​decisions,​​which​​is​​very​​important​​in​​medical​​cases.​​This​​means​​the​​model​​can​​be​
​useful in real healthcare systems for early lung cancer risk detection.​

​©​​Daffodil International University​ ​30​



​CHAPTER 6​

​6.0 Future Work​

​Although​ ​in​ ​this​ ​work​ ​we​ ​have​ ​demonstrated​ ​that​ ​ensemble​ ​machine​ ​learning​ ​method​ ​can​

​predict​ ​lung​ ​cancer​ ​risk,​​the​​deep​​learning​​approach​​and​​more​​complex​​ensembles​​might​​be​

​explored​ ​to​ ​provide​ ​better​ ​prediction​ ​of​ ​likelihood​ ​of​ ​cancer.​ ​In​ ​addition,​ ​using​ ​different​

​explainability​​frameworks​​a​​part​​of​​SHAP​​could​​result​​in​​more​​interpretable​​explanations​​for​

​the model behavior and improve the clinical usability of our findings.​

​6.1 Conclusion​
​Using​ ​ensemble​ ​models​ ​and​ ​SHAP​ ​for​ ​interpretability,​ ​this​ ​study​ ​offers​ ​an​ ​explainable​

​machine​ ​learning​ ​framework​​for​​early​​lung​​cancer​​risk​​prediction.​​The​​study​​shows​​how​​AI​

​can​​help​​with​​early​​detection​​and​​healthcare​​decision-making​​by​​comparing​​several​​baseline​

​algorithms​ ​and​ ​proving​ ​the​ ​superior​ ​performance​ ​of​ ​the​ ​suggested​ ​ensemble​ ​approach.​

​Crucially,​ ​SHAP​ ​values​ ​gave​ ​clinicians​ ​a​ ​clearer​ ​understanding​ ​of​ ​feature​ ​contributions,​

​which​​helped​​them​​to​​trust​​and​​comprehend​​the​​model's​​predictions.​​Our​​results​​demonstrate​

​the​ ​importance​ ​of​ ​combining​ ​interpretability​ ​and​ ​predictive​ ​accuracy​ ​in​ ​delicate​ ​fields​ ​like​

​healthcare.​ ​This​ ​work​ ​highlights​ ​the​ ​importance​ ​of​ ​interpretable​ ​ensemble​ ​models​ ​in​

​enhancing​ ​early​ ​lung​ ​cancer​ ​risk​ ​assessment​ ​and​ ​establishes​ ​the​ ​groundwork​ ​for​ ​future​

​developments in explainable AI-driven healthcare systems.​
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