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​ABSTRACT​

​This​​paper​​investigates​​that​​to​​what​​extent​​students’​​study​​time​​can​​be​​used​​to​​predict​​their​​Grade​
​Point​ ​Average​ ​(GPA)​ ​through​ ​the​ ​application​ ​of​ ​machine​ ​learning​ ​algorithms.​ ​As​ ​the​ ​relevance​ ​of​
​predicting​​academic​​performance​​continues​​to​​rise​​in​​the​​field​​of​​education,​​the​​use​​of​​data​​analysis​​offers​
​a​​practical​​means​​of​​exploring​​the​​relationship​​between​​learning​​behavior​​and​​academic​​performance.​​A​
​publicly​​accessible​​dataset​​with​​study​​time​​and​​corresponding​​GPA​​data​​was​​employed​​for​​analysis.​​Two​
​models​ ​were​ ​employed​ ​and​ ​compared​ ​for​ ​predictive​ ​purposes:​ ​linear​ ​regression​ ​and​ ​a​ ​neural​ ​network​
​model.​ ​Linear​ ​regression​ ​was​ ​employed​ ​as​ ​a​ ​control​ ​model​ ​to​ ​establish​​the​​linear​​relationship​​between​
​study​ ​time​ ​and​ ​GPA,​ ​while​ ​the​ ​neural​ ​network​ ​model​ ​was​ ​employed​ ​to​ ​explore​ ​the​ ​possibility​ ​of​
​non-linear​​relationships​​within​​the​​data.​​Standardization​​of​​the​​data​​was​​conducted​​before​​model​​training,​
​and​ ​the​​performance​​of​​the​​models​​was​​assessed​​using​​Mean​​Absolute​​Error​​(MAE)​​and​​Mean​​Relative​
​Error​ ​(MRE),​ ​as​ ​well​ ​as​ ​graphical​ ​assessment​ ​using​​scatter​​plots.​​The​​results​​show​​that​​although​​linear​
​regression​ ​establishes​ ​a​ ​straightforward​ ​and​ ​easy-to-interpret​ ​relationship,​ ​the​ ​neural​ ​network​ ​model​
​performs better in terms of predictive accuracy by exploring more complex relationships.​
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​INTRODUCTION​

​The​​number​​of​​applications​​submitted​​to​​institutions​​of​​higher​​learning​​has​​been​​increasing​​each​
​year,​ ​thereby​ ​increasing​ ​the​ ​workload​ ​for​ ​the​ ​admissions​ ​team.​ ​For​ ​the​ ​2023-2024​ ​academic​ ​year,​ ​the​
​Common​​App​​(an​​organisation​​that​​helps​​students​​apply​​to​​institutions​​of​​higher​​learning)​​reported​​a​​11%​
​increase​ ​in​ ​the​ ​number​ ​of​ ​submitted​ ​applications​ ​compared​ ​to​​the​​previous​​year.​​In​​the​​UK,​​the​​UCAS​
​system​ ​(an​​organisation​​in​​the​​UK​​that​​reviews​​the​​applications​​submitted​​by​​students)​​reported​​that​​the​
​number​ ​of​ ​entrants​ ​aged​ ​18​ ​years​ ​and​ ​younger​ ​rose​ ​from​ ​594,940​ ​to​ ​600,660​ ​by​ ​January​ ​2025.​ ​On​
​average, each member of the admissions team currently reviews 400 applications per admission cycle.​

​On​ ​the​​other​​hand,​​the​​importance​​of​​university​​planning​​and​​admission​​results​​for​​students​​and​
​parents​ ​continues​ ​to​ ​grow.​ ​It's​ ​a​ ​fact​ ​that​ ​the​ ​majority​ ​of​ ​present-day​ ​students​ ​are​ ​in​ ​need​ ​of​ ​an​ ​early​
​forecast​ ​of​​their​​possible​​grades​​in​​subjects​​to​​decide​​whether​​they​​can​​apply​​or​​need​​to​​prepare​​further.​
​Because​​of​​the​​need​​for​​such​​a​​tool​​in​​an​​increasing​​number​​of​​people,​​it​​is​​an​​increasingly​​valuable​​tool​
​in​​contemporary​​times​​for​​the​​development​​of​​a​​program​​predicting​​the​​academic​​performance​​of​​students​
​using​ ​their​ ​study​ ​time.​​Therefore,​​this​​paper​​presents​​two​​different​​types​​of​​machine​​learning​​models​​to​
​predict the results of students with their study hours each day to help relieve the burden.​

​METHODS​

​This​​study​​applies​​two​​machine-learning​​approaches—linear​​regression​​and​​a​​neural​​network—to​
​predict​​students’​​GPA​​based​​on​​their​​study​​hours.​​The​​aim​​is​​to​​evaluate​​how​​well​​each​​model​​performs​
​and whether more advanced AI techniques offer a meaningful improvement.​

​Dataset​

​The​ ​data​ ​for​ ​this​ ​project​ ​includes​ ​the​ ​study​ ​hours​ ​and​ ​GPAs​ ​for​ ​students.​ ​Study​ ​hours​ ​are​
​considered​ ​the​ ​independent​ ​variable,​ ​and​ ​GPAs​ ​are​ ​considered​ ​the​ ​dependent​ ​variables​ ​that​ ​need​
​prediction.​ ​Prior​ ​to​ ​modeling,​ ​data​ ​standardization​ ​with​ ​the​ ​StandardScaler​ ​function​ ​takes​ ​place.​ ​The​
​StandardScaler​​function​​allows​​the​​data​​to​​be​​modified​​to​​have​​a​​resultant​​mean​​and​​standard​​deviation​​of​
​0​ ​and​ ​1,​ ​respectively.​​This​​step​​can​​be​​referred​​to​​as​​standardization.​​This​​method​​works​​by​​subtracting​
​the​ ​mean​ ​from​ ​data​ ​points​ ​and​ ​dividing​ ​by​ ​the​ ​standard​​deviation,​​standard​​deviation​​for​​each​​variable​
​that needs to be standardized. Data standardization helps such that data points exist on equal scales.​

​The​​source​​of​​the​​data​​used​​in​​this​​research​​work​​is​​a​​publicly​​available​​set​​of​​data​​published​​on​
​the​​Kaggle​​platform.​​The​​name​​of​​the​​set​​of​​data​​is​​GPA​​Study​​Hours.​​This​​set​​of​​data​​provides​​the​​study​
​hours​ ​per​ ​week​ ​of​ ​undergraduate​ ​students​ ​along​ ​with​ ​their​ ​Grade​ ​Point​ ​Average.​ ​The​ ​set​ ​of​ ​data​
​comprises​​193​​observations​​with​​two​​variables:​​study_hours​​and​​GPA.​​The​​study_hours​​variable​​denotes​
​the​​number​​of​​study​​hours​​per​​week​​the​​students​​perform,​​while​​the​​gpa​​variable​​denotes​​the​​performance​
​level of the students.​

​This​​particular​​dataset​​has​​been​​selected​​due​​to​​it​​being​​a​​practical​​and​​simple​​example​​of​​how​​the​
​time​ ​spent​ ​studying​ ​can​ ​be​ ​correlated​ ​with​ ​results.​ ​Even​ ​though​ ​there​ ​are​ ​only​ ​two​ ​variables​ ​and​ ​no​
​additional​ ​information​ ​regarding​ ​participants,​ ​it​ ​can​ ​still​ ​be​ ​considered​ ​adequate​ ​for​ ​representing​ ​the​
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​capability​​for​​prediction​​for​​machine-learning​​algorithms.​​Also,​​being​​free​​and​​readily​​available,​​it​​makes​
​it​ ​easier​ ​for​ ​others​ ​to​ ​test​ ​and​ ​reproduce​ ​the​ ​analysis.​ ​All​ ​information​ ​has​ ​been​​handled​​and​​processed​
​following ethics guidelines and without using any personal information.​

​Machine Learning Models​

​The​​first​​model​​implemented​​is​​a​​linear​​regression​​model.​​Linear​​regression​​assumes​​a​​direct​​and​
​proportional​ ​relationship​ ​between​ ​study​​hours​​and​​GPA.​​The​​model​​learns​​a​​single​​weight​​and​​bias​​that​
​define​​the​​best-fitting​​straight​​line​​through​​the​​data.​​After​​training,​​the​​predictions​​are​​transformed​​back​​to​
​the​ ​original​ ​GPA​ ​scale​ ​through​ ​inverse​ ​scaling.​ ​Model​ ​performance​ ​is​ ​assessed​ ​using​ ​Mean​ ​Absolute​

​Error​ ​(MAE),​ ​with​ ​the​ ​formula​ ​,​​which​​measures​​how​​far​​the​​predictions​​deviate​​𝑀𝐴𝐸​ = ​1​
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​is​ ​the​ ​percentage​ ​of​ ​the​ ​MAE​​to​​the​​true​​value.​​Scatter​​plots,​​Figure​​1​​and​​Figure​​2,​​are​​also​​created​​to​
​visually​​illustrate​​the​​difference​​between​​actual​​and​​predicted​​results.​​Although​​linear​​regression​​is​​simple​
​and​ ​easy​ ​to​ ​interpret,​ ​it​​may​​not​​capture​​more​​complex​​patterns​​that​​exist​​within​​real-world​​educational​
​data.​

​Figure 1​
​Linear regression scatter plot​

​Note.​​Created by author, 2026.​
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​The​ ​second​ ​model​ ​is​ ​a​ ​neural​ ​network.​ ​Neural​ ​networks​ ​are​ ​designed​ ​to​ ​learn​ ​non-linear​
​relationships​ ​by​ ​passing​ ​information​ ​through​ ​multiple​ ​layers​ ​of​ ​interconnected​ ​neurons.​​In​​this​​project,​
​the​​neural​​network​​includes​​three​​hidden​​layers​​with​​32,​​16,​​and​​8​​neurons,​​all​​using​​the​​ReLU​​activation​
​function,​ ​which​ ​works​ ​when​ ​the​ ​input​ ​x​ ​is​ ​positive,​ ​ReLU​ ​returns​ ​x,​ ​and​ ​when​ ​the​ ​input​ ​x​ ​is​ ​zero​ ​or​
​negative,​ ​ReLU​ ​returns​ ​0.​ ​The​ ​output​ ​layer​ ​uses​ ​a​ ​linear​ ​activation​ ​function​ ​to​ ​support​ ​continuous​
​predictions.​ ​The​ ​model​ ​is​ ​trained​ ​for​ ​300​ ​epochs​ ​using​ ​the​ ​Adam​ ​optimiser​ ​and​ ​mean​ ​squared​ ​error​
​(MSE)​ ​as​ ​the​ ​loss​ ​function.​ ​Both​ ​training​ ​loss​ ​and​ ​validation​ ​loss​ ​are​ ​recorded​ ​to​​monitor​​the​​model’s​
​learning​​process​​and​​identify​​potential​​overfitting.​​After​​training,​​the​​predictions​​are​​converted​​back​​to​​the​
​original​ ​scale,​ ​and​ ​the​ ​model’s​ ​accuracy​ ​is​ ​evaluated​ ​using​ ​the​ ​same​ ​MAE​ ​and​ ​MRE​ ​metrics​​used​​for​
​linear regression.​

​Figure 2​
​Neural network scatter plot​

​Note.​​Created by author, 2026.​
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​A​ ​comparison​ ​is​ ​then​ ​made​ ​between​ ​the​ ​two​ ​models.​ ​Linear​ ​regression​ ​offers​ ​simplicity​ ​and​
​interpretability​ ​but​ ​is​ ​limited​ ​to​ ​modelling​ ​straight-line​ ​relationships.​ ​In​ ​contrast,​ ​the​ ​neural​​network​​is​
​capable​ ​of​ ​learning​ ​more​ ​complex​ ​and​ ​non-linear​ ​patterns,​ ​which​ ​may​ ​lead​ ​to​ ​more​ ​accurate​ ​GPA​
​predictions.​ ​By​ ​examining​ ​the​ ​error​ ​values​ ​and​ ​visual​ ​results​ ​from​ ​both​ ​models,​ ​this​ ​study​ ​determines​
​which approach provides a more reliable method for supporting academic performance prediction.​

​RESULTS​

​Performance of the Linear Regression Model​

​First,​ ​a​ ​linear​ ​regression​​formula​​is​​utilized​​to​​predict​​the​​GPA​​of​​the​​students​​given​​their​​study​
​hours.​ ​Analyzed​ ​data​ ​indicate​ ​that​ ​as​​study​​hours​​ascend,​​there​​is​​a​​corresponding​​increase​​in​​predicted​
​GPAs,​ ​indicating​ ​a​ ​linear​ ​relationship.​ ​This​ ​verifies​ ​that​ ​there​ ​is​ ​a​ ​positive​ ​correlation​ ​between​ ​study​
​hours and academic achievement.​

​However,​​if​​we​​observe​​the​​scatter​​plot​​(Figure​​1)​​of​​the​​actual​​GPAs​​and​​the​​predicted​​values​​in​
​the​​linear​​regression​​model,​​there​​appear​​to​​be​​some​​variations​​in​​the​​data.​​This​​is​​mainly​​because​​some​
​students​​who​​have​​a​​similar​​number​​of​​study​​hours​​end​​up​​with​​different​​GPAs.​​These​​variations​​cannot​
​be included in the linear regression model since the rate of change remains the same.​

​Performance​ ​of​ ​the​ ​model​ ​was​ ​also​ ​determined​ ​using​ ​MAE​ ​and​ ​MRE.​​Both​​measures​​indicate​
​that​ ​although​ ​the​ ​average​ ​error​ ​in​ ​predictions​ ​is​ ​fairly​ ​stable,​ ​the​ ​model​ ​fails​ ​to​ ​offer​ ​very​ ​accurate​
​predictions. However, linear regression is still a workable baseline model which is inflexible.​

​Performance of the Neural Network Model​

​The​ ​neural​ ​network​​model​​portrays​​enhanced​​performance​​relative​​to​​a​​linear​​regression​​model.​
​This​​is​​evident​​from​​the​​fact​​that​​the​​predictions​​for​​GPA​​lie​​closer​​to​​real​​GPA​​data,​​and​​the​​scatter​​plot​
​(Figure​ ​2)​ ​portrays​ ​a​ ​set​ ​of​ ​points​ ​that​ ​are​ ​clumped​ ​around​ ​the​ ​actual​ ​values.​ ​This​ ​indicates​ ​better​
​mapping performed by a neural network for hours studied and GPA.​

​In​ ​the​ ​training​ ​phase,​ ​both​ ​the​ ​training​ ​loss​ ​and​ ​the​ ​validation​ ​loss​ ​decrease​ ​gradually​ ​for​ ​300​
​epochs.​​This​​shows​​that​​the​​model​​extracts​​relevant​​patterns​​from​​the​​data​​without​​any​​strong​​overfitting.​
​Multiple​ ​hidden​ ​layers​ ​in​ ​the​ ​network​ ​help​ ​capture​ ​non-linear​ ​relationships​ ​that​ ​cannot​ ​otherwise​ ​be​
​presented in a linear fashion.​

​In​​relation​​to​​the​​quantitative​​analysis​​for​​the​​results,​​the​​MAE​​and​​MRE​​for​​the​​neural​​network​
​are​ ​lower​​compared​​to​​the​​linear​​regression​​model.​​This​​implies​​that​​the​​forecasted​​values​​by​​the​​neural​
​network​​are​​closer​​to​​the​​GPA​​compared​​to​​the​​linear​​regression​​model.​​It​​is​​clear​​that​​in​​cases​​where​​the​
​relation​ ​between​ ​the​ ​variables​ ​is​ ​not​ ​strictly​ ​linear,​​the​​following​​models​​are​​better​​suited​​for​​academic​
​performance prediction.​

​Comparison of Model Performance​
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​A​​comparison​​of​​both​​models​​reveals​​distinct​​variations​​in​​their​​accuracy​​of​​prediction.​​In​​linear​
​regression,​​there​​is​​simplicity​​associated​​with​​the​​model.​​However,​​linear​​regression​​faces​​problems​​when​
​there​​is​​no​​strict​​linear​​relation​​between​​the​​data​​points.​​The​​neural​​network​​is​​more​​adaptable​​regarding​
​variations within the data and is associated with better predictions.​

​The​​above​​results​​indicate​​that​​there​​are​​some​​non-linear​​relations​​between​​study​​hours​​and​​GPA.​
​Hence,​ ​a​ ​learning​ ​model​ ​with​ ​the​ ​capability​ ​of​ ​learning​ ​from​ ​non-linear​​relationships,​​such​​as​​a​​neural​
​network model, would be a better choice for tasks such as the above.​

​DISCUSSION​

​Implications for Students and Academic Planning​

​On​​the​​basis​​of​​the​​results​​of​​this​​study,​​it​​has​​been​​seen​​that​​machine​​learning​​algorithms​​have​​a​
​great​ ​use​ ​in​ ​providing​ ​support​ ​to​ ​students​ ​to​ ​decide​ ​upon​ ​their​ ​educational​ ​path.​ ​Using​​a​​prediction​​of​
​GPA​​on​​the​​basis​​of​​study​​hours,​​a​​student​​is​​able​​to​​have​​a​​better​​insight​​into​​a​​possible​​performance​​in​
​studies so far, taking into consideration whether more work is needed.​

​These​ ​predictive​ ​models​ ​may​ ​also​ ​alleviate​ ​stress​ ​associated​ ​with​​having​​realistic​​expectations.​
​Students​​will​​not​​have​​to​​wonder​​or​​guess​​what​​happens​​in​​their​​academic​​journey​​because​​there​​will​​be​
​predictive models based on data insights.​

​Benefits and Limitations of Using AI in Education​

​An​​important​​advantage​​of​​applying​​AI​​technology​​to​​education​​is​​that​​it​​is​​capable​​of​​processing​
​data​ ​effectively​ ​and​ ​estimating​ ​some​ ​hidden​ ​patterns,​ ​which​ ​might​ ​not​ ​be​ ​possible​ ​through​ ​human​
​analysis.​ ​Perhaps​ ​one​ ​of​ ​the​ ​most​ ​important​ ​advantages​ ​of​ ​using​ ​neural​ ​networks​ ​is​ ​that​​they​​generate​
​more​ ​precise​ ​predictions​ ​than​ ​previous​ ​models.​ ​Nonetheless,​ ​this​ ​study​ ​will​ ​also​ ​present​ ​certain​
​limitations.​​In​​this​​study,​​only​​one​​variable​​is​​used​​as​​input​​in​​the​​study​​hours​​feature.​​Yet,​​there​​are​​many​
​more​ ​factors​ ​that​ ​contribute​ ​to​ ​academic​ ​outcomes.​ ​Therefore,​ ​predictions​ ​are​ ​not​ ​entirely​ ​correct​
​indications of academic achievement.​

​Fairness​​and​​bias​​should​​be​​taken​​into​​consideration​​while​​using​​AI.​​The​​dataset​​used​​in​​the​​study​
​fails​​to​​include​​details​​about​​the​​students’​​backgrounds,​​learning​​environments,​​or​​personal​​situations.​​The​
​created​ ​model​ ​could​ ​not​ ​generalize​ ​to​ ​all​ ​students.​ ​In​ ​the​ ​real-life​ ​context​ ​at​ ​the​ ​stage​ ​of​ ​admission,​
​transparency,​ ​fairness,​ ​and​ ​ethical​ ​use​ ​of​ ​the​ ​collected​ ​data​ ​should​ ​be​ ​ensured.​ ​AI​ ​should​ ​not​ ​replace​
​human decision-making. It should be used to support decision-making.​

​CONCLUSION​

​Summary of Findings and Overall Conclusions​

​In​ ​this​ ​paper,​ ​the​ ​application​ ​of​ ​machine​ ​learning​ ​algorithms​ ​for​ ​the​ ​prediction​ ​of​ ​the​ ​GPA​ ​of​
​students​​using​​the​​number​​of​​study​​hours​​was​​investigated.​​In​​this​​case,​​two​​algorithms​​are​​applied:​​linear​
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​regression​​and​​the​​neural​​network​​approach.​​It​​was​​observed​​that​​although​​the​​linear​​regression​​method​​is​
​straightforward​ ​in​ ​the​ ​sense​ ​that​ ​it​ ​establishes​​a​​baseline​​model​​for​​prediction,​​the​​accuracy​​attained​​by​
​the neural network approach is better as it does not require the prediction to be linear.​

​For​​improved​​predictions,​​it​​is​​advisable​​for​​future​​studies​​to​​include​​other​​predictor​​variables​​like​
​scores,​​difficulty​​levels,​​or​​participation​​in​​additional​​activities.​​Another​​area​​for​​improvement​​is​​to​​have​
​access to a broader range of data for enhanced reliability.​

​In​ ​conclusion,​ ​it​ ​appears​ ​that​ ​machine​ ​learning​​has​​the​​potential​​to​​aid​​students​​and​​institutions​
​during​ ​the​ ​college​ ​admission​ ​process.​ ​It​ ​should​ ​be​ ​noted​ ​that​ ​machine​ ​learning​ ​can​ ​be​ ​an​ ​effective​
​predictive tool if it is designed and implemented properly.​
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