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​1. Introduction​
​Stress​ ​is​ ​an​ ​interaction​ ​between​ ​psychological​ ​and​ ​physiological​ ​processes​ ​that​ ​adversely​

​affects​ ​human​ ​health​ ​(Ovsiannikova​ ​et​ ​al.,​ ​2024).​ ​A​ ​variety​ ​of​ ​health​ ​issues​ ​are​ ​associated​ ​with​
​chronic​ ​stress,​ ​such​ ​as​ ​cardiovascular​ ​disease,​ ​anxiety,​ ​depression,​ ​compromised​ ​immunity,​
​substance​ ​abuse​ ​and​ ​addiction​ ​(Nikbakhtzadeh​ ​et​ ​al.,​ ​2023).​ ​Stress​ ​affects​ ​the​
​Sympathetic-Adreno-Medullary​ ​(SAM),​ ​Hypothalamic-Pituitary-Adrenal​ ​(HPA),​ ​and​ ​the​
​dopaminergic​ ​reward​ ​systems,​ ​which​ ​are​ ​involved​ ​in​ ​addictive​ ​behaviour​ ​(Duffing​ ​et​ ​al.,​ ​2014).​
​Additionally,​ ​psychological​ ​stress​ ​decreases​ ​executive​ ​function,​ ​cognitive​ ​flexibility,​ ​and​
​decision-making,​ ​which​ ​are​ ​established​ ​risk​ ​factors​ ​for​ ​substance​ ​abuse.​ ​Consequently,​ ​chronic​
​substance​ ​use​ ​stimulates​ ​stress​ ​response​ ​systems​ ​to​ ​promote​ ​continuous​ ​hyperarousal,​ ​leading​ ​to​
​dependence​​and​​increased​​relapse​​risk​​(Sinha,​​2008).​​Numerous​​studies​​have​​found​​that​​stress​​is​​not​
​just​ ​a​ ​consequence​ ​of​ ​addiction,​ ​but​ ​it​ ​is,​ ​in​ ​most​ ​cases,​ ​the​ ​underlying​ ​cause​ ​of​ ​its​ ​initiation,​
​maintenance,​ ​and​ ​perpetuation​ ​(Sinha,​ ​2024;​ ​Ruisoto​ ​&​ ​Contador,​ ​2019;​ ​Schwabe​ ​et​ ​al.,​ ​2011).​
​Also,​ ​repeated​ ​exposure​ ​to​ ​high​ ​levels​ ​of​ ​stress​ ​leads​ ​to​ ​maladaptive​ ​coping​ ​strategies,​​including​
​alcohol​ ​and​ ​drug​ ​use​ ​(Koob​ ​et​ ​al.,​ ​2023;​ ​Koob​ ​&​ ​Volkow,​ ​2016),​ ​leading​ ​to​ ​a​ ​cycle​ ​of​
​stress-induced substance use and psychological disequilibrium.​

​Classical​ ​approaches​ ​to​ ​monitoring​ ​stress​ ​related​ ​to​ ​substance​ ​use​ ​mostly​ ​rely​ ​on​
​self-reporting​ ​or​ ​physiological​ ​assessments​ ​(Mimura​ ​&​ ​Griffiths,​ ​2003).​ ​These​ ​approaches​ ​can​
​provide​​useful​​snapshots,​​but​​they​​do​​not​​capture​​the​​complex​​dynamics​​of​​stress​​and​​its​​interaction​
​with​ ​body,​ ​mind,​ ​and​ ​intensity​ ​of​ ​urge​ ​for​ ​substance​ ​use.​ ​Recent​ ​developments​ ​in​ ​healthcare​
​technology,​​including​​the​​emergence​​of​​wearable​​sensing​​technologies​​and​​Machine​​Learning​​(ML)​
​algorithms,​ ​have​ ​opened​ ​the​ ​door​ ​to​ ​real-time,​ ​personalised​ ​healthcare,​ ​particularly​ ​in​ ​stress​
​assessment​ ​(Vavrinsky​ ​et​ ​al.,​​2021).​​The​​wearable​​technology-based​​model​​continuously​​monitors​
​physiological​ ​signals​ ​like​ ​galvanic​ ​skin​ ​responses​ ​(GSR),​ ​heart​ ​rate​ ​(HR),​ ​and​ ​body​ ​temperature​
​using​​wearable​​sensors.​​The​​sensor​​responses​​are​​analysed​​to​​identify​​objective​​physiological​​stress​
​using​ ​various​ ​classifiers,​ ​suggesting​ ​that​ ​substance​ ​use​ ​can​ ​be​ ​minimised​ ​if​ ​physical​ ​stress​ ​is​
​regulated​ ​(Dankovich​ ​et​ ​al.,​ ​2024).​ ​On​ ​the​ ​other​ ​hand,​ ​subjective​ ​stress​ ​levels​ ​are​ ​measured​ ​via​
​assessment​ ​tools​​prescribed​​to​​understand​​the​​gravity​​of​​stress​​that​​a​​particular​​person​​is​​subjected​
​to​​during​​an​​altered​​situation.​​The​​Perceived​​Stress​​Scale​​(PSS)​​is​​one​​such​​assessment​​tool​​used​​to​
​evaluate​​how​​different​​situations​​affect​​perceived​​stress​​and​​emotional​​responses.​​The​​items​​in​​this​
​instrument​ ​assess​ ​feelings​ ​and​ ​thoughts​ ​experienced​ ​over​ ​the​ ​past​ ​month​​(Tavolacci​​et​​al.,​​2013).​
​Such​ ​large-scale​ ​data​ ​from​ ​physiological,​ ​psychological,​ ​and​ ​contextual​ ​sources​ ​are​​analysed​​and​
​applied​​in​​personalised​​interactive​​applications​​such​​as​​Fitbit,​​mHealth,​​and​​Arogya​​Setu​​(Balbim​​et​
​al., 2021).​

​From​ ​the​ ​recent​ ​literature​ ​study,​ ​it​ ​is​ ​evident​ ​that​ ​there​ ​has​ ​been​ ​a​ ​significant​ ​amount​ ​of​
​research​​in​​the​​field​​of​​stress​​and​​its​​impact​​on​​substance​​use.​​The​​preceding​​section​​briefly​​reviews​
​the​ ​major​ ​contributions​ ​that​ ​have​ ​impacted​ ​the​ ​model​ ​development​ ​for​ ​the​ ​management​ ​of​​stress​
​and​ ​its​ ​relation​ ​with​ ​substance​ ​use.​ ​A​ ​researcher​ ​in​ ​one​ ​of​ ​such​ ​studies​ ​(Al-Atawi​ ​et​ ​al.,​ ​2023)​
​evaluated​​the​​potential​​for​​real-time​​stress​​detection​​using​​ML​​and​​wearable​​IoT​​sensors,​​integrating​
​HR,​ ​GSR,​ ​and​ ​skin​ ​temperature​ ​to​ ​monitor​ ​stress​ ​states​ ​relevant​ ​to​ ​substance​ ​abuse.​ ​This​ ​study​
​highlighted​​that​​despite​​the​​practical​​implementation​​on​​a​​prototype​​level,​​widespread​​integration​​of​
​wearable​ ​biosensors​ ​into​ ​substance​ ​use​ ​treatment​​and​​management​​is​​still​​hindered.​​An​​integrated​
​approach​​involving​​just-in-time​​interventions​​for​​stress​​and​​craving​​of​​substance​​use​​suggests​​some​
​hope​ ​for​​generalisability​​and​​portability​​of​​wearable​​devices​​into​​the​​human​​body​​in​​the​​review​​of​
​wearable-based​​closed-loop​​neuromodulation​​(Shrestha​​et​​al.,​​2023).​​In​​this​​work,​​it​​is​​reported​​that​
​physiological​ ​stress​ ​indicators​ ​like​ ​heart​ ​rate​ ​variability​ ​(HRV),​ ​GSR,​ ​and​ ​skin​ ​temperature​ ​are​
​strongly​ ​associated​ ​with​ ​stress-induced​ ​craving​ ​and​ ​substance​ ​use​ ​episodes.​ ​Likewise,​ ​the​ ​study​
​(Bolpagni​ ​et​ ​al.,​ ​2024)​ ​found​ ​that​ ​across​ ​multiple​ ​wearable​ ​platforms​ ​for​ ​dynamic​ ​stress​
​monitoring,​ ​HRV​ ​and​ ​electrodermal​ ​activity​ ​(EDA)​ ​remain​ ​the​ ​most​ ​sensitive​ ​biomarkers.​ ​These​
​findings​ ​are​ ​further​ ​supported​ ​by​ ​another​ ​study​ ​in​ ​which​ ​HR​ ​and​ ​acceleration​ ​data​ ​served​ ​as​
​predictor​ ​features;​ ​the​ ​models​ ​achieved​ ​up​ ​to​ ​84.5%​ ​accuracy​ ​in​ ​detecting​ ​elevated​ ​stress​ ​levels,​
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​which​​are​​key​​components​​in​​predicting​​vulnerability​​to​​drug​​use​​among​​college​​students​​(Razavi​​et​
​al.,​ ​2023).​ ​Additionally,​ ​Takano​ ​et​ ​al.​ ​(2023)​ ​reported​ ​that​ ​wearable​ ​biosignals​ ​combined​ ​with​
​self-reported​ ​stress​ ​measures​ ​can​ ​predict​ ​consumption​ ​episodes​ ​in​ ​individuals​ ​with​ ​alcohol​ ​and​
​methamphetamine​ ​use.​ ​It​ ​is​ ​also​ ​found​ ​in​​the​​literature​​that​​self-supervised​​learning​​on​​EDA​​data​
​has​ ​drastically​ ​reduced​ ​the​ ​data-labelling​ ​burden,​ ​making​ ​personalised​ ​stress​ ​prediction​ ​more​
​feasible​ ​when​ ​it​​is​​combined​​with​​validated​​psychological​​assessment​​scales​​(Kargarandehkordi​​et​
​al.,​​2024).​​Another​​cohort​​study​​on​​students​​using​​wearables​​to​​assess​​stress​ ​found​​that​​it​​correlates​
​strongly​​with​​periods​​of​​elevated​​substance​​use​​risk​​during​​cyclical​​phases​​of​​group​​stress​​(Neigel​​et​
​al., 2024).​

​A​ ​benchmark​ ​lab-based​ ​experimental​ ​dataset​ ​on​ ​stress​ ​and​ ​its​ ​effect​ ​on​ ​individuals,​ ​the​
​Wearable​ ​Stress​ ​and​ ​Affect​ ​Detection​ ​(WESAD)​ ​dataset​ ​(Schmidt​ ​et​ ​al.,​ ​2018),​ ​is​ ​one​ ​of​​a​​kind,​
​considering​ ​research​ ​on​ ​stress​ ​detection​​and​​analysis​​of​​its​​effects.​​ This​​dataset​​has​​been​​publicly​
​accepted​ ​by​ ​the​ ​research​ ​community​ ​to​ ​derive​ ​insights​ ​that​ ​are​ ​always​ ​taken​ ​into​ ​consideration​
​during​​model​​building​​for​​stress​​management.​​WESAD​​is​​a​​publicly​​available​​dataset​​for​​wearable​
​stress​​and​​affect​​detection.​​It​​includes​​multiple​​features​​comprising​​physiological​​and​​motion​​data,​
​recorded​ ​from​ ​both​ ​wrist-​ ​and​ ​chest-worn​ ​devices​​across​​15​​subjects​​during​​a​​laboratory​​study​​.​​It​
​comprises​​data​​acquired​​from​​sensor​​modalities​​like​​blood​​volume​​pulse,​​electrocardiogram,​​EDA,​
​electromyogram,​​respiration,​​body​​temperature,​​and​​three-axis​​acceleration.​​Keeping​​this​​dataset​​as​
​a​​baseline,​​an​​existing​​study​​(Xefteris​​et​​al.,​​2023)​​has​​used​​IoT​​for​​mental​​health​​monitoring,​​which​
​is​ ​a​ ​multimodal​ ​approach​ ​combining​ ​both​ ​physiological​ ​and​ ​psychological​​datasets.​​This​​study​​is​
​crucial​ ​in​ ​detecting​ ​emotional​ ​states​ ​even​ ​while​ ​in​ ​substance​ ​use.​ ​There​ ​are​ ​some​ ​other​ ​evident​
​studies​ ​that​ ​have​​proven​​to​​have​​an​​explicit​​link​​between​​real-time​​stress​​estimation​​and​​addiction​
​risk​ ​prediction​​(Carter​​et​​al.,​​2023;​​Habelt​​et​​al.,​​2020;​​Jambhale​​et​​al.,​​2022;​​Sun​​et​​al.,​​2024).​​In​
​these​ ​studies,​ ​multiple​ ​stress​ ​indicators​ ​are​ ​used​ ​in​ ​substance​ ​use​ ​prediction​ ​models​ ​to​ ​enable​
​personalised prevention and relapse reduction interventions.​

​Existing​ ​literature​ ​suggests​ ​that​ ​there​ ​has​ ​been​ ​significant​ ​progress​ ​in​ ​the​ ​study​ ​of​
​stress-related​ ​disorders​ ​and​ ​their​ ​consequences​ ​on​ ​substance​ ​use.​ ​The​ ​proposed​ ​study​ ​on​ ​the​
​prediction​ ​of​ ​stress-induced​ ​substance​ ​usage​ ​in​ ​recovery​ ​environments​ ​using​ ​a​ ​fusion​ ​of​ ​a​
​multimodal​ ​data​ ​acquisition​ ​framework​ ​and​ ​an​ ​ensemble​ ​ML​ ​model​ ​for​ ​early​ ​detection​ ​of​
​vulnerability​​in​​addiction​​stages​​during​​the​​treatment​​and​​recovery​​sessions​​of​​the​​participants​​of​​the​
​recovery​​environments.​​Substance​​is​​here​​broadly​​defined​​as​​alcohol,​​drugs​​of​​abuse,​​cannabis,​​and​
​heroin.​ ​The​ ​proposed​ ​model​ ​consists​ ​of​ ​a​ ​data​ ​collection​ ​module​ ​for​ ​physiological​ ​stress​ ​using​
​wearable​ ​sensors​ ​and​ ​PSS-based​ ​assessment​ ​for​ ​psychological​ ​stress​ ​indicators.​ ​Furthermore,​
​craving​ ​intensity​ ​is​ ​measured​ ​for​ ​each​ ​participant.​ ​Participants​ ​were​ ​recruited​ ​from​ ​recovery​
​settings​ ​such​ ​as​ ​rehabilitation​ ​centres,​ ​hospital​ ​outpatient​ ​departments​ ​(OPDs),​ ​and​ ​addiction​
​medicine​ ​centres.​ ​The​ ​proposed​ ​model​ ​extracts​ ​the​ ​important​ ​features​ ​that​ ​are​ ​predictors​ ​of​
​substance​ ​consumption​​linked​​with​​stress,​​and​​they​​are​​used​​further​​in​​addiction​​risk​​estimation​​in​
​terms​ ​of​ ​the​ ​level​ ​of​ ​attention​ ​that​ ​is​ ​required​ ​during​ ​the​ ​treatment​ ​phase​ ​in​ ​the​ ​recovery​
​environment.​

​The work contributes to the following:​
​●​ ​Integration​ ​of​ ​real-time​ ​stress​ ​level​ ​measurement​ ​with​ ​substance-use​ ​risk​ ​assessment​ ​in​ ​a​

​proposed multimodal framework, addressing a critical gap in addiction research.​
​●​ ​Implementation​ ​of​ ​a​ ​prototype​ ​system​ ​using​ ​ESP32-based​ ​wearable​ ​sensors​ ​to​ ​monitor​

​physiological stress indicators during cravings and withdrawals.​
​●​ ​Integration​ ​of​ ​PSS​ ​responses​ ​with​ ​physiological​ ​biosignals​ ​through​ ​ERFML​ ​models​ ​to​

​enhance stress classification accuracy.​

​2. Materials and Methodology​
​Substance​ ​consumption​ ​has​ ​been​ ​a​ ​social​ ​menace​ ​globally,​ ​but​ ​how​ ​stress​ ​affects​ ​the​

​consumption​ ​patterns​ ​has​ ​to​ ​be​ ​understood.​ ​In​ ​order​ ​to​ ​study​ ​the​ ​effect​ ​of​ ​stress​ ​on​ ​the​ ​cues​ ​of​
​substance​ ​consumption,​ ​an​​integrated​​multimodal​​fusion-based​​ensemble​​ML​​framework​​has​​been​
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​proposed.​ ​The​ ​methodology​ ​integrates​ ​data​ ​collected​ ​from​ ​physiological​ ​signals​ ​using​ ​wearable​
​sensors,​ ​psychological​ ​stress​ ​assessments​ ​through​ ​the​ ​PSS​ ​questionnaire,​ ​and​ ​the​ ​behavioural​
​craving​ ​intensity​ ​scale​ ​into​ ​a​ ​unified​ ​decision-making​ ​system.​ ​The​ ​benchmark​ ​WESAD​ ​dataset,​
​together​​with​​a​​real-time​​custom​​dataset,​​has​​been​​used​​to​​evaluate​​the​​feasibility​​of​​stress​​detection​
​using​ ​wearable​ ​devices​​and​​to​​classify​​instances​​into​​attention​​classes.​​The​​attention​​classes​​A1​​to​
​A4​ ​signify​ ​levels​ ​ranging​ ​from​ ​basic​ ​to​ ​critical​ ​clinical​ ​attention​ ​required​ ​during​ ​the​ ​recovery​
​process.​

​2.1. Benchmark WESAD Dataset​
​WESAD​ ​is​​an​​established​​benchmark​​dataset​​for​​stress​​and​​affect​​recognition,​​featuring​​15​

​subjects​ ​under​ ​stressful​ ​conditions.​ ​This​ ​dataset​ ​was​ ​acquired​ ​via​ ​synchronised​ ​ECGs,​ ​EDAs,​
​accelerometers,​ ​and​ ​self-reported​ ​stress​ ​scales.​ ​This​ ​dataset​ ​represents​ ​a​ ​significant​ ​advancement​
​over​​previous​​laboratory​​studies​​on​​stress​​and​​emotion​​by​​introducing​​three​​primary​​affective​​states,​
​namely​ ​neutral,​​stress,​​and​​amusement.​​Further,​​this​​dataset​​contains​​self-reported​​perceived​​stress​
​states​​of​​the​​participants.​​The​​features​​that​​are​​included​​in​​the​​dataset​​are​​heart​​rate​​variability,​​blood​
​volume​​pulse,​​electrocardiogram​​signal,​​EDA,​​electromyogram,​​respiration,​​body​​temperature,​​and​
​three-axis​ ​acceleration.​ ​In​ ​the​ ​benchmark​ ​dataset,​ ​the​ ​features​​have​​been​​identified​​to​​observe​​the​
​physiological​ ​temperament​ ​of​ ​the​ ​body​ ​reacting​ ​towards​ ​stress,​ ​making​ ​it​ ​suitable​ ​for​ ​stress​
​classification model development.​

​2.2. Experimental Setup to Acquire Real-time Dataset​
​An​ ​experimental​ ​setup​ ​has​ ​been​ ​formally​ ​designed​ ​to​ ​acquire​ ​a​ ​real-time​ ​dataset.​​For​​this​

​purpose,​ ​a​ ​trained​ ​healthcare​ ​professional​ ​was​ ​involved​ ​in​ ​collecting​ ​the​ ​study's​ ​sample​​data​​in​​a​
​recovery​ ​environment. It​ ​should​ ​be​ ​noted​ ​that​ ​the​ ​real-time​ ​component​ ​in​ ​this​ ​study​ ​refers​ ​to​​the​
​real-time​ ​processing​ ​and​ ​inference​ ​component​ ​during​ ​acquisitions​ ​only.​ ​During​ ​data​ ​collection​
​sessions,​ ​participants​ ​were​ ​in​ ​contexts​ ​such​ ​as​ ​withdrawal,​ ​counselling,​ ​post-therapy,​ ​or​ ​routine​
​check-ups.​ ​During​​each​​session,​​participants​​were​​equipped​​with​​an​​ESP32-based​​wearable​​device​
​integrated​ ​with​ ​physiological​ ​sensors​ ​in​ ​order​​to​​accumulate​​physical​​data.​​The​​device​​consists​​of​
​MAX30102​ ​for​ ​HR​ ​and​ ​SpO₂​ ​monitoring,​ ​MLX90614​ ​for​ ​skin​ ​temperature​ ​measurement,​ ​and​ ​a​
​GSR​ ​sensor​ ​for​ ​EDA​ ​detection.​ ​In​ ​addition​ ​to​ ​this,​ ​participants​ ​are​ ​also​ ​administered​ ​PSS​
​questionnaires.​ ​At​ ​each​ ​sampling​ ​instance,​ ​participants​ ​reported​ ​their​ ​substance​ ​craving​ ​intensity​
​using​​a​​5-point​​scale​​ranging​​from​​0​​to​​4,​​where​​0​​indicates​​no​​craving,​​and​​4​​represents​​very​​high​
​craving.​ ​Data​ ​collection​ ​was​ ​conducted​ ​at​ ​event-driven​ ​sampling​ ​points,​ ​including​ ​withdrawal​
​episodes,​ ​counselling​ ​sessions,​ ​post-therapy​​periods,​​and​​routine​​monitoring​​intervals.​​This​​allows​
​the​ ​dataset​ ​to​ ​capture​ ​real-world​ ​variations​ ​in​ ​physiological​ ​and​ ​psychological​​states​​of​​body​​and​
​mind.​ ​A​ ​comprehensive​ ​real-time​ ​dataset​ ​was​ ​acquired​ ​through​ ​this​ ​multimodal​ ​approach,​
​comprising​ ​1,325​ ​instances​ ​from​ ​53​ ​voluntary​ ​participants.​ ​The​ ​feature​ ​set​ ​considered​ ​during​
​dataset preparation is represented in Table 1.​

​The​​proposed​​framework​​is​​based​​on​​well-established​​neurobiological​​mechanisms​​involved​
​in​ ​stress​ ​processing,​ ​namely​ ​the​ ​SAM​ ​and​ ​HPA​ ​systems.​ ​The​ ​SAM​ ​system​ ​controls​ ​immediate​
​autonomic​​responses,​​such​​as​​increased​​heart​​rate​​and​​EDA,​​which​​can​​be​​reliably​​measured​​using​
​wearable​ ​devices​ ​like​ ​HR​ ​and​ ​GSR​ ​sensors.​ ​On​ ​the​ ​other​ ​hand,​ ​the​ ​HPA​ ​axis​ ​modulates​ ​slower​
​hormonal​​responses,​​including​​the​​release​​of​​cortisol,​​impacting​​the​​cognitive​​appraisal​​of​​stress​​and​
​subsequent​ ​behaviours,​ ​such​ ​as​ ​cravings.​ ​Skin​ ​temperature​ ​measures​ ​the​ ​vasoconstriction​ ​in​ ​the​
​periphery​ ​mediated​ ​by​ ​the​ ​sympathetic​ ​nervous​ ​system​ ​and​ ​is​ ​partially​ ​affected​ ​by​ ​the​
​HPA-mediated​ ​hormonal​ ​effects,​ ​but​ ​it​ ​is​​less​​sensitive​​than​​GSR​​and​​HR.​​Finally,​​SpO₂​​acts​​as​​a​
​physiological​ ​metric​ ​that​ ​remains​ ​stable​ ​and​ ​has​ ​little​ ​association​ ​with​ ​stress.​ ​Together,​ ​these​
​parameters​ ​allow​ ​for​ ​the​ ​construction​ ​of​ ​a​ ​physiological​ ​model​ ​that​ ​accounts​ ​for​ ​SAM-mediated​
​responses,​​psychological​​assessment​​driven​​by​​HPA-mediated​​cognitive​​appraisal,​​and​​craving​​via​​a​
​behaviourally​ ​activated​ ​response​ ​mediated​ ​by​ ​dopaminergic​ ​reward​ ​pathways.​ ​The​ ​customised​
​dataset​ ​from​ ​the​ ​participants​ ​also​ ​consists​ ​of​ ​categorical​ ​values​ ​of​ ​patients'​ ​stages​ ​at​ ​which​ ​the​
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​participants​ ​are​ ​undergoing​ ​the​ ​treatment,​ ​and​ ​session​ ​context​ ​during​ ​which​ ​session​ ​of​ ​recovery​
​treatment​​their​​data​​has​​been​​collected.​​These​​features,​​along​​with​​the​​craving​​score,​​mainly​​derive​
​the contextual information, and further, all the other information features are numerical in nature.​

​Table​ ​1.​ ​Feature​ ​description​ ​of​ ​the​ ​customised​ ​dataset​ ​acquired​ ​from​ ​the​ ​participants​ ​in​ ​the​ ​recovery​
​environment​

​Feature Name​ ​Data Type​ ​Description​ ​Unit/Range​ ​Example​
​Timestamp​ ​Date Time​ ​Time of data recording​ ​ISO 8601​ ​2025-05-10​

​Patient Stage​ ​Categorical​ ​Clinical stage in treatment​ ​Beginner/Moderate/ Severe​
​Dependence​ ​Moderate​

​Heart Rate​ ​Integer​ ​Pulse rate (MAX30102)​ ​BPM​ ​76​
​SpO₂ Level​ ​Integer​ ​Oxygen saturation​ ​%​ ​98​

​Body Temperature​ ​Float​ ​Skin temperature​
​(MLX90614)​ ​°C​ ​36.8​

​GSR Value​ ​Integer​ ​Skin conductance​ ​µS​ ​8.75​

​PSS Score​ ​Integer​ ​Total PSS questionnaire​
​score​ ​0–40​ ​22​

​Psychological​
​Stress​ ​Categorical​ ​PSS-derived category​ ​Low/Medium/ High​ ​Medium​

​Stress Probability​ ​Float​ ​Physio model confidence​ ​0–1​ ​0.82​
​Physio Stress​ ​Integer​ ​Derived physio probability​ ​0/1​ ​1​

​Craving Score​ ​Integer​ ​Willingness to use​
​substance at sampling time​ ​0–4​ ​3​

​Session Context​ ​Categorical​ ​Collection context​
​Withdrawal/​
​Counselling/Post-therapy/​
​Routine​

​Withdrawal​

​After​ ​resampling​ ​and​ ​aligning​ ​sensor​ ​signals,​ ​biometric​ ​features​ ​were​ ​normalised​ ​for​
​uniform​​scaling​​across​​modes.​​The​​timestamp​​variable​​indicates​​the​​specific​​moment​​in​​time​​when​
​the​ ​physiologic​ ​and​ ​behavioral​ ​measures​ ​were​ ​recorded.​ ​In​ ​the​ ​present​ ​work,​ ​the​ ​dataset​ ​is​
​considered​​an​​uncorrelated​​set​​of​​time-stamped​​instances​​that​​represent​​the​​moments​​of​​time​​when​
​recordings​ ​take​ ​place​ ​in​ ​a​ ​controlled​ ​environment.​ ​Hence,​ ​timestamps​ ​serve​ ​for​ ​synchronisation​
​purposes​ ​and​ ​do​ ​not​ ​imply​ ​the​ ​presence​ ​of​ ​any​ ​time-dependent​ ​processes.​ ​Even​ ​though​​temporal​
​dependencies​ ​are​ ​not​ ​taken​ ​into​ ​account​ ​in​ ​the​ ​current​ ​task,​ ​the​ ​availability​ ​of​ ​the​ ​timestamp​
​attribute​​allows​​future​​expansion.​​Further,​​the​​“Patient​​Stage”​​variable​​is​​indicative​​of​​the​​degree​​of​
​severity​ ​of​ ​the​ ​substance​ ​abuse​ ​disorder​ ​and​ ​serves​ ​as​ ​a​ ​categorising​ ​label​ ​for​ ​the​ ​behaviour​
​dimension​ ​of​ ​the​ ​model.​ ​It​ ​is​ ​assigned​ ​according​ ​to​ ​a​ ​clinical​ ​assessment​ ​that​ ​takes​ ​into​ ​account​
​behavioural​​traits,​​frequency​​of​​substance​​abuse,​​and​​functional​​impairment​​during​​treatment.​​In​​the​
​current research, patients were classified into three categories:​

​●​ ​Beginner:​ ​Intermittent​ ​or​ ​initial​ ​use​ ​of​ ​the​ ​drug​ ​with​ ​no​ ​significant​ ​functional​​impairment​
​and dependence indicators.​

​●​ ​Moderate:​ ​Consistent​ ​use​ ​of​ ​substances​ ​with​​dependency​​tendencies,​​behavioural​​changes,​
​and psychosocial impact.​

​●​ ​Severe​ ​Dependence:​ ​Compulsive​ ​consumption​ ​of​ ​drugs​ ​with​ ​pronounced​ ​symptoms​ ​of​
​dependence and functional impairment with a high potential for relapse.​

​This​ ​classification​ ​is​ ​based​ ​on​ ​clinical​ ​opinion​ ​and​ ​can​ ​be​ ​considered​ ​as​ ​analogous​ ​to​
​diagnostic​​tools​​such​​as​​the​​DSM-5​​or​​ICD-11,​​particularly​​in​​respect​​to​​severity​​of​​dependence​​and​
​functional​​impairment​​criteria.​​Nevertheless,​​an​​explicit​​scoring​​algorithm​​did​​not​​form​​part​​of​​this​
​study, and patients’ actual condition has been used to inform the classification process.​
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​The​ ​PSS​ ​scores​ ​have​ ​been​ ​subsequently​ ​categorised​ ​into​ ​Low,​ ​Medium,​ ​and​ ​High​
​psychological​ ​stress​ ​levels​ ​based​ ​on​ ​established​ ​thresholds.​ ​The​ ​definition​ ​of​ ​the​ ​probability​ ​of​
​stress​​is​​stated​​in​​the​​form​​of​​a​​numeric​​range​​of​​values​​between​​0​​and​​1​​(inclusive).​​This​​is​​a​​result​
​of​​the​​probabilistic​​assessment​​from​​the​​model​​of​​the​​Random​​Forest​​(M1),​​calculated​​as​​a​​ratio​​of​
​the​ ​number​ ​of​ ​decision​ ​trees​ ​in​​the​​forest​​identifying​​a​​certain​​example​​as​​“stress.”.​​Physio​​Stress​
​refers​​to​​the​​dichotomous​​classification​​generated​​based​​on​​the​​probability​​of​​stress​​with​​a​​particular​
​threshold​​level.​​This​​threshold​​level​​is​​0.5,​​meaning​​that​​all​​probabilities​​above​​0.5​​are​​categorised​
​as​ ​“stressed,”​ ​while​ ​those​ ​below​ ​0.5​ ​are​ ​classified​ ​as​ ​“not​ ​stressed.”​ ​These​ ​categories​ ​are​​further​
​used​ ​to​ ​represent​ ​different​ ​levels​ ​of​ ​substance​ ​dependence​ ​severity.​ ​The​ ​entire​ ​dataset​ ​is​
​pseudonymised​ ​to​ ​protect​ ​participant​ ​identity,​ ​and​ ​strict​ ​access​ ​control​ ​mechanisms​ ​have​ ​been​
​implemented.​​Data​​transmission​​and​​storage​​are​​secured​​using​​encrypted​​channels,​​and​​the​​study​​is​
​conducted following ethical clearance and informed consent from all participants.​

​2.3. Proposed Methodology​
​The​​proposed​​multimodal​​data​​acquisition​​framework​​to​​analyse​​the​​link​​between​​stress​​and​

​substance​ ​use​ ​consists​ ​of​ ​a​ ​wearable​ ​device,​ ​a​ ​mobile​ ​application,​ ​and​ ​a​ ​cloud-based​ ​backend​
​service.​ ​At​ ​the​ ​initial​ ​level,​ ​biosignals​ ​are​ ​collected​ ​using​ ​physiological​ ​sensors​ ​and​​processed​​to​
​derive​ ​corresponding​ ​numerical​ ​values.​ ​These​ ​values​ ​are​ ​fed​ ​into​ ​an​ ​ML-based​ ​stress​ ​model​​that​
​analyses​ ​the​ ​dataset​ ​and​ ​produces​ ​a​ ​probabilistic​ ​output​ ​of​ ​the​ ​model​ ​to​ ​classify​ ​stressed/not​
​stressed.​​The​​probability​​values​​are​​derived​​from​​model​​confidence,​​calculated​​as​​the​​ratio​​of​​trees​
​predicting​​a​​given​​class​​to​​the​​total​​number​​of​​trees​​in​​the​​ensemble.​​Furthermore,​​the​​psychological​
​and​ ​craving​ ​intensity​ ​data​ ​are​ ​fed​ ​into​ ​a​ ​decision​ ​inference​ ​ML​ ​model​ ​to​ ​obtain​ ​PSS​ ​levels​ ​and​
​craving​ ​scores.​ ​The​ ​decision​ ​fusion​ ​module​ ​is​ ​the​ ​final​ ​component​ ​of​ ​the​ ​system,​ ​classifying​
​outputs into A1-A4 attention levels.​

​The​​clinical​​definitions​​of​​the​​attention​​levels​​(A1-A4)​​to​​clarify​​how​​a​​clinician​​would​​act​
​upon​​each​​level​​has​​been​​elaborately​​represented​​in​​Table​​2.​​In​​this​​module,​​features​​derived​​from​
​the​​decision​​inference​​stage​​are​​fused​​and​​fed​​into​​an​​ML​​model​​for​​classification.​​It​​is​​important​​to​
​note​ ​that​ ​the​ ​ML​ ​Stress​ ​Models​ ​(M1–M3)​ ​function​ ​as​ ​first-level​ ​learners,​ ​whereas​ ​the​ ​Decision​
​Fusion​ ​Module​ ​acts​ ​as​ ​a​ ​second-level​ ​meta-classifier,​ ​forming​ ​a​ ​hierarchical​ ​ensemble​ ​learning​
​architecture.​ ​The​ ​final​ ​deliverable​ ​of​​the​​proposed​​model​​is​​various​​levels​​of​​attention,​​i.e.,​​Basic,​
​Moderate,​​Elevated,​​and​​Critical​​attention​​that​​an​​individual​​is​​most​​likely​​to​​need​​while​​undergoing​
​the treatment in a recovery environment.​

​The​ ​framework​ ​of​ ​the​ ​proposed​ ​fusion​ ​Ensemble​ ​Random​ ​Forest​ ​Machine​ ​Learning​
​(ERFML)​ ​model​ ​is​ ​presented​​in​​Figure​​1.​​For​​generalisability​​and​ ​balanced​​class​ ​representation,​
​the​ ​dataset​ ​was​ ​stratified​ ​using​ ​a​ ​70:30​ ​train-test​ ​split​ ​with​ ​5-fold​​cross-validation.​​For​​achieving​
​evaluation​​independent​​of​​the​​subjects​​and​​avoiding​​any​​bias​​due​​to​​baseline​​learning​​of​​the​​model​
​for​ ​individual​ ​participants,​ ​Leave-One-Subject-Out​ ​(LOSO)​ ​cross​ ​validation​ ​was​ ​used.​ ​In​ ​this​
​technique,​ ​data​ ​of​ ​one​ ​subject​ ​was​ ​kept​ ​separate​ ​as​ ​the​ ​testing​ ​data,​ ​and​ ​the​ ​training​ ​data​ ​was​
​obtained​ ​from​ ​other​ ​participants.​ ​This​ ​process​ ​was​ ​followed​ ​until​ ​each​ ​participant’s​ ​data​ ​was​
​utilised once in the test phase, leading to 53 evaluation folds.​
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​Figure 1. Proposed framework for Multimodal Data Acquisition Framework and an Ensemble Random​
​Forest Machine Learning Model (ERFML)​

​The​ ​final​ ​output​​of​​the​​model​​is​​a​​mobile​​application​​programmed​​to​​automatically​​initiate​
​intervention​​protocols​​based​​on​​predicted​​attention​​levels​​(A1–A4).​​In​​less​​risky​​cases​​(A1-A2),​​the​
​application​ ​activates​ ​interventions​ ​through​ ​providing​ ​breathing​ ​and​ ​mindfulness​ ​instructions,​
​motivational​​quotes,​​and​​cognitive​​reframing​​practices​​that​​focus​​on​​reducing​​stress.​​For​​higher​​risk​
​cases​ ​(A2-A3),​ ​activation​ ​of​ ​interventions​ ​including​ ​cognitive​ ​behavioural​ ​therapy​ ​exercises,​
​reminders​​of​​coping​​mechanisms,​​and​​monitoring​​techniques​​to​​manage​​cravings​​and​​emotions.​​In​
​highly​ ​critical​ ​cases​ ​(A4),​ ​the​ ​mobile​ ​application​ ​automatically​ ​escalates​ ​to​ ​alerting​ ​clinical​ ​staff​
​members, seeking assistance immediately, and accessing emergency counselling services.​

​Table 2. Clinical definition of attention levels and recommended clinical action​

​Attention Level​ ​Clinical Definition​ ​Risk Interpretation​ ​Recommended Clinical Action​

​A1 (Basic Attention)​ ​Elevated stress with​
​minimal behavioural urge​

​Low immediate relapse​
​risk​

​Routine monitoring, reassurance,​
​preventive counselling, lifestyle​
​guidance​

​A2 (Moderate Attention)​ ​Emerging behavioural risk​
​with moderate stress​ ​Early warning stage​

​Brief intervention (SBIRT), stress​
​management training, increased​
​follow-up frequency​

​A3 (High Attention)​ ​Significant stress with​
​strong craving signals​ ​High relapse risk​

​Structured therapy (CBT), targeted​
​counselling, behavioural intervention,​
​treatment plan adjustment​

​A4 (Critical Attention)​ ​Concurrent high stress and​
​high craving​ ​Imminent relapse risk​

​Immediate intervention, intensive​
​therapy, possible pharmacological​
​support, supervised care​

​2.4. Working of Proposed ERFML Model​
​To​ ​effectively​ ​capture​ ​the​ ​heterogeneous​ ​nature​ ​of​ ​stress,​ ​psychological​ ​perception,​ ​and​

​craving​​behaviour,​​a​​structured​​ensemble-based​​fusion​​model​​is​​proposed.​​Unlike​​conventional​​ML​
​approaches​​that​​treat​​all​​features​​uniformly,​​the​​proposed​​model​​decomposes​​the​​problem​​into​​three​
​domain-specific​ ​learning​ ​tasks​ ​and​ ​integrates​ ​them​ ​through​ ​a​ ​fusion​ ​ensemble​ ​framework.​ ​The​
​physiological​ ​dataset​ ​acquired​ ​through​ ​wearable​ ​devices​ ​was​​validated​​by​​an​​expert​​physician​​for​
​its​​viability;​​subsequently,​​it​​was​​manually​​classified​​into​​stressed​​and​​non-stressed​​classes​​based​​on​
​clinically​ ​relevant​ ​signal​ ​features.​ ​After​ ​preprocessing,​ ​individual​ ​features​ ​are​ ​used​ ​to​ ​derive​ ​a​
​composite​ ​physiological​ ​stress​ ​score,​ ​represented​ ​by​ ​the​ ​interpretable​ ​approximation​ ​in​ ​Equation​
​(1):​
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​Stress Score(P​​s​​) =M1 (X​​Ps​​) where X​​ps​​= w₁·HR + w₂·GSR + w₃·Temp + b      ​​(1)​

​where​​w₁,​​w₂,​​and​​w₃​​are​​the​​learned​​feature​​weights,​​and​​b​​is​​the​​bias​​term,​​which​​is​​used​​to​​shift​
​the​ ​decision​ ​boundary​ ​to​ ​get​ ​the​ ​maximum​ ​F1-score.​ ​The​ ​physiological​ ​stress​ ​score​ ​is​ ​classified​
​using​ ​an​ ​ML​ ​classifier​ ​(M1),​ ​namely​ ​a​ ​Random​ ​Forest​ ​(RF)​ ​model.​ ​This​ ​RF​ ​model​ ​captures​
​objective biometric stress signal features from wearable sensors.​

​Subjective​ ​psychological​ ​stress​ ​is​ ​assessed​ ​using​ ​the​ ​PSS​ ​administered​ ​through​ ​a​
​mobile-based​ ​interface.​ ​With​ ​a​ ​predefined​ ​threshold​ ​of​ ​classification,​ ​the​ ​individual​ ​responder​ ​is​
​classified​ ​into​ ​low​ ​stress​ ​(PSS​ ​<=13),​ ​medium​ ​stress​ ​(14<​ ​PSS​ ​<=​ ​26),​ ​and​ ​considered​ ​high​
​perceived​​stress​​(26<​​PSS​​<=40).​​A​​classifier​​model​​is​​trained​​on​​PSS-labelled​​data​​to​​dynamically​
​categorise​ ​responses​ ​into​ ​Low,​ ​Medium,​ ​and​ ​High​ ​psychological​ ​stress​ ​levels.​ ​The​ ​recovery​
​environments​ ​maintain​ ​PSS​ ​records​​of​​each​​attribute​​for​​every​​participant,​​enabling​​monitoring​​of​
​intra-individual​ ​stress​​variations​​throughout​​the​​treatment​​process.​​This​​approach​​allows​​clinicians​
​to​ ​track​ ​psychological​ ​stress​ ​trends​ ​across​ ​different​ ​treatment​ ​phases,​ ​such​ ​as​ ​withdrawal,​
​counselling,​​post-therapy​​recovery,​​and​​normal​​routine​​check-ups.​​This​​classifier​​model​​(M2)​​learns​
​cognitive​ ​stress​ ​perception​ ​patterns​ ​based​ ​on​ ​questionnaire​ ​responses​ ​as​ ​represented​ ​by​ ​equation​
​(2).​

​Stress Score (P​​sh​​) = M2 (X​​psh​​) ​​                                                                       ​​(2)​

​In​​addition​​to​​stress​​monitoring,​​participants​​report​​their​​craving​​intensity​​on​​a​​scale​​from​​0​
​to​​4,​​to​​introduce​​a​​behavioural​​dimension​​into​​relapse​​risk​​prediction.​​Craving​​intensity​​has​​been​​a​
​strong​​indicator​​of​​potential​​substance-seeking​​behaviour.​​Patients​​are​​further​​categorised​​according​
​to​ ​their​ ​clinical​ ​stage​ ​of​ ​care:​ ​Beginner,​ ​Moderate,​ ​and​​Severe​​Dependence.​​This​​classifier​​model​
​captures behavioural intention and substance-seeking tendencies as per equation (3).​

​Craving Score (P​​c​​) =M3 (X​​pc​​) ​​                                                                         ​​(3)​​    ​
​   ​

​To​ ​design​ ​the​​final​​fusion​​model​​(M​​fusion​​),​​outputs​​of​​the​​base​​models​​are​​combined​​to​​form​​a​​new​
​feature​ ​vector​ ​as​ ​in​ ​equation​ ​(4).​ ​This​ ​hierarchical​ ​learning​ ​structure​ ​allows​ ​the​ ​model​ ​to​ ​learn​
​interactions between different modalities, rather than raw feature-level correlations.​

​Z=M​​fusion​​{ P​​s​ ​​, P​​sh​ ​​,P​​c​​​}​​                                                                        ​ ​(4)​

​The​ ​above​ ​equation​ ​combines​ ​body,​ ​mind,​ ​and​ ​the​ ​urge​ ​into​ ​a​ ​holistic​ ​approach​ ​of​​modelling​​all​
​three​ ​datasets​ ​into​ ​a​ ​combined​ ​classification​ ​as​ ​one​ ​of​ ​the​ ​attention​ ​labels​ ​(A1-A4).​ ​The​ ​system​
​integrates​​the​​information​​from​​multiple​​sources​​and​​derives​​a​​logical​​decision,​​often​​useful​​for​​the​
​clinician.​​The​​algorithm​​for​​the​​classification​​of​​attention​​labels​​using​​the​​proposed​​ERFML​​model​
​is presented below.​

​Algorithm for classification of attention labels using the proposed ERFML model​
​Input: HR, GSR, Temp, PSS attributes, Craving​
​Step 1: Train base models​
​    M1 = RF(HR, GSR, Temp), M2 = RF(PSS attributes), M3 = RF(Craving)​
​Step 2: Generate new features​
​    p1 = M1(x),    p2 = M2(x),    p3 = M3(x)​
​Step 3: Form a fusion vector​
​    Z = [p1, p2, p3]​
​Step 4: Train fusion model​
​    Mfusion = RF(Z)​
​Step 5: Predict    Output = Mfusion(Z)​
​Return: Attention Level​
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​3. Experimental Results​
​This​ ​section​ ​highlights​ ​the​ ​major​ ​findings​ ​of​ ​the​ ​experimental​ ​analysis​ ​that​ ​has​ ​been​

​performed​ ​on​ ​the​ ​benchmark​ ​WESAD​ ​dataset,​ ​as​ ​well​ ​as​ ​the​ ​real-time​ ​acquired​ ​dataset.​ ​An​
​exploratory​ ​data​ ​analysis​ ​performed​ ​on​ ​the​ ​latter​ ​dataset​ ​reveals​ ​descriptive​ ​statistics​ ​of​ ​1,325​
​instances.​​The​​statistics​​represent​​session-wise​​monitoring​​of​​participants​​undergoing​​treatment​​in​​a​
​recovery​ ​environment.​ ​In​ ​order​ ​to​ ​assess​ ​the​ ​direct​ ​relationship​ ​among​ ​the​ ​quantitative​​variables,​
​correlation​ ​analysis​ ​has​ ​been​ ​performed.​ ​Furthermore,​ ​trends​ ​and​ ​clusters​ ​were​ ​assessed​ ​using​
​HexBin plots and box plots.​

​The​ ​descriptive​ ​statistics​ ​presented​ ​in​ ​Table​ ​3,​ ​indicate​ ​that​ ​physiological​ ​signals​​are​​well​
​distributed​ ​with​ ​HR​ ​and​ ​GSR.​ ​It​ ​suggests​ ​that​ ​there​ ​is​ ​high​ ​variability​ ​and​​a​​strong​​indication​​of​
​stress. ​​Overall,​​the​​population​​indicates​​that​​there​​is​​a​​moderate​​stress​​with​​a​​mean​​stress​​of​​~19.45.​
​During​ ​the​ ​session​ ​of​​data​​acquisition,​​the​​craving​​features​​have​​shown​​that​​mean​​craving​​(~1.94)​
​shows wide behavioural variation, which acts as an essential feature for relapse modelling.​

​Table 3. Descriptive statistics of the customised dataset acquired from participants(N=53, n=1325)​
​Feature​ ​Mean​ ​Std Dev​ ​Min​ ​Median​ ​Max​

​HR (BPM)​ ​79.01​ ​10.86​ ​60​ ​78​ ​111​
​SpO₂ (%)​ ​97.91​ ​1.08​ ​95​ ​98​ ​100​
​Temp (°C)​ ​36.39​ ​0.27​ ​35.6​ ​36.38​ ​37.23​
​GSR (µS)​ ​3.90​ ​1.76​ ​0.5​ ​3.79​ ​9.24​
​PSS Stress​ ​19.45​ ​9.66​ ​5​ ​17.59​ ​39.92​
​Craving​ ​1.94​ ​1.20​ ​0​ ​2​ ​4​

​As​​far​​as​​the​​correlation​​analysis​​is​​concerned,​​it​​is​​observed​​from​​the​​dataset​​that​​there​​is​​a​
​strong​ ​correlation​ ​between​ ​PSS​ ​stress​ ​and​ ​craving​ ​(r​ ​=​ ​0.737).​ ​Heart​ ​rate​ ​and​ ​EDA​ ​(~0.60)​ ​also​
​indicate​ ​high​ ​potential​ ​to​ ​validate​ ​physiological​ ​sensing,​ ​whereas​ ​SPO​​2​ ​(~​ ​-0.184)​ ​shows​ ​a​ ​weak​
​negative relation that acts as a stabilising signal.​
​In​ ​order​ ​to​ ​measure​​the​​correlation​​between​​stress​​and​​craving,​​an​​associating​​criteria​​of​​time​​was​
​defined.​ ​When​ ​craving​ ​occurs​ ​at​ ​time​ ​t,​ ​it​ ​is​ ​said​ ​to​ ​be​ ​associated​ ​with​ ​stress​ ​when​ ​the​ ​value​ ​of​
​stress​ ​is​ ​above​ ​a​ ​threshold​ ​in​ ​a​ ​specific​ ​time​ ​interval​ ​of​ ​[t−Δt,t].​ ​In​ ​this​ ​proposed​ ​experimental​
​analysis,​ ​Δt​ ​represents​ ​one​ ​observation​ ​time​ ​frame.​ ​From​ ​this​ ​analysis,​ ​it​ ​has​ ​been​ ​found​ ​that​
​approximately 70% of craving experiences have been noted to coincide with high levels of stress.​

​The​ ​HexBin​ ​plot​​shown​​in​​Figure​​2(a)​​indicates​​a​​clear​​trend,​​whereby​​higher​​stress​​levels​
​are​ ​predominantly​ ​associated​ ​with​ ​higher​ ​craving​ ​clusters.The​ ​HexBin​ ​visualisation​ ​reveals​ ​that​
​higher​​stress​​levels​​tend​​to​​coincide​​with​​increased​​craving​​intensity,​​supporting​​the​​hypothesis​​of​​a​
​stress–craving relationship.​

​Similarly,​ ​the​ ​box​ ​plot​ ​suggests​ ​that​ ​higher​ ​stress​ ​levels​ ​correspond​ ​to​ ​increased​ ​craving​
​intensity. This is illustrated in Figure 2(b).​
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​Figure 2. a) HexBin plot depicting how close stress appears over the craving cluster​
​b) Box plot illustrating the distribution of craving scores across different stress levels​

​The​​performance​​of​​each​​ML​​classifier​​model​​has​​been​​assessed​​using​​standard​​performance​
​metrics.​​The​​performance​​result​​is​​calculated​​for​​all​​the​​existing​​classifier​​models​​that​​are​​used​​and​
​the​ ​proposed​ ​ERFML​ ​model.The​ ​evaluation​ ​metrics​ ​included​ ​accuracy,​ ​precision,​ ​recall,​ ​and​ ​F1​
​score.​ ​Furthermore,​ ​the​ ​area​ ​under​ ​the​ ​curve​ ​(AUC)​ ​derived​ ​from​ ​the​ ​receiver​ ​operating​
​characteristic.​​In​​order​​to​​analyse​​the​​prediction​​accuracy,​​the​​confusion​​matrix​​was​​also​​plotted​​for​
​the​ ​proposed​ ​model.​ ​Feature​ ​importance​ ​and​ ​model​ ​explainability​ ​were​ ​analysed​ ​using​ ​feature​
​importance plots and SHapley Additive exPlanations (SHAP).​

​Results​ ​from​ ​both​ ​the​ ​WESAD​​benchmark​​dataset​​and​​the​​custom​​dataset​​are​​presented​​in​
​Tables​ ​4–6.​ ​From​ ​the​ ​experiment​ ​on​ ​both​ ​datasets,​ ​it​ ​is​ ​evident​ ​that​ ​the​ ​multimodal​ ​approach​
​succeeded​​over​​the​​other​​in​​concluding​​that​​stress​​levels​​correlate​​with​​substance​​craving​​episodes.​

​The​​experimental​​results​​demonstrate​​consistent​​performance​​improvements​​of​​the​​proposed​
​model​​over​ ​existing​​models​ ​on​​the​​real-time​​dataset.​​On​​the​​WESAD​​benchmark​​dataset,​​multiple​
​classifier​ ​models​ ​were​ ​applied;​ ​however,​ ​the​ ​Random​ ​Forest​ ​(RF)​ ​model​ ​achieved​ ​the​ ​highest​
​accuracy​​of​​94%,​​confirming​​its​​robustness​​in​​capturing​​physiological​​stress​​patterns​​from​​wearable​
​sensor data, as presented in Table 4.​

​Table 4. Performance of existing ML models on benchmark WESAD dataset​
​Model​ ​Accuracy​ ​Precision​ ​Recall​ ​F1-score​

​KNN​ ​0.86​ ​0.85​ ​0.84​ ​0.84​
​SVM​ ​0.89​ ​0.88​ ​0.87​ ​0.87​
​Neural Network​ ​0.91​ ​0.90​ ​0.90​ ​0.90​
​Random Forest​ ​0.94​ ​0.93​ ​0.92​ ​0.92​

​Similarly,​ ​in​ ​PSS-based​ ​psychological​ ​stress​ ​classification,​ ​the​ ​RF​ ​model​ ​outperformed​
​other​ ​models​ ​with​ ​an​ ​accuracy​ ​of​ ​93%,​ ​highlighting​ ​its​ ​effectiveness​ ​in​ ​modeling​ ​structured​
​PSS-based​ ​features​ ​as​ ​shown​ ​in​ ​Table​ ​5.​ ​As​ ​the​ ​best-performing​ ​base​ ​model,​ ​the​ ​RF​ ​classifier​
​contributes​ ​to​ ​the​ ​improved​ ​performance​ ​of​ ​the​ ​proposed​ ​ERFML​ ​model.​ ​The​ ​hyperparameters​
​considered​ ​for​ ​this​ ​model​ ​included​ ​number​​of​​trees​​(n_estimators),maximum​​depth​​(max_depth),​
​minimum​ ​samples​ ​split​ ​(min_samples_split),​ ​minimum​ ​samples​ ​per​ ​leaf​ ​(min_samples_leaf),​
​maximum​ ​features​ ​(max_features),​ ​bootstrap​ ​sampling,​ ​Gini​ ​impurity​ ​and​ ​random​ ​state.​ ​In​ ​the​
​model,​ ​n_estimators​ ​=​ ​100​ ​was​ ​selected​ ​to​ ​ensure​ ​sufficient​ ​stability​ ​while​ ​maintaining​
​computational​ ​efficiency.​ ​No​ ​limit​ ​was​ ​imposed​ ​on​ ​the​ ​maximum​ ​depth​ ​to​ ​allow​ ​the​ ​model​ ​to​
​capture​ ​complex​ ​nonlinear​ ​relationships​ ​within​ ​the​ ​data.​ ​Bootstrapping​ ​was​ ​used​ ​to​ ​improve​
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​generalisability.​​The​​performance​​metrics,​​as​​depicted​​in​​Table​​6, ​​indicate​​that​​the​​model​​achieved​
​a​ ​highest​ ​accuracy​ ​of​ ​95%​ ​and​ ​an​ ​F1-score​ ​of​ ​0.93.​ ​Moreover,​ ​the​ ​results​ ​highlight​ ​that​ ​the​
​proposed​ ​fusion-based​ ​model​ ​has​ ​performed​ ​better​ ​in​ ​achieving​ ​the​ ​objective​ ​of​ ​the​ ​study​ ​by​
​integrating physiological, psychological, and craving information.​

​Table 5. Performance of existing ML models on realtime dataset​
​Model​ ​Accuracy​ ​Precision​ ​Recall​ ​F1-score​

​SVM​ ​0.90​ ​0.89​ ​0.89​ ​0.89​
​KNN​ ​0.87​ ​0.86​ ​0.85​ ​0.85​
​Neural Network​ ​0.91​ ​0.90​ ​0.90​ ​0.90​
​Random Forest​ ​0.93​ ​0.92​ ​0.91​ ​0.91​

​From​ ​the​ ​experimental​ ​analysis,​ ​it​ ​has​ ​been​ ​observed​ ​that​ ​existing​ ​WESAD​ ​serves​ ​as​ ​a​
​strong​ ​benchmark​ ​dataset​ ​for​ ​physiological​ ​stress​ ​detection​ ​and​ ​can​ ​be​ ​extended​ ​to​ ​various​
​stress-related​ ​applications;​ ​however,​ ​it​ ​lacks​ ​integration​ ​of​ ​psychological​ ​assessment,​ ​which​ ​is​
​critical​ ​for​ ​understanding​ ​perceived​ ​stress.​ ​The​ ​proposed​ ​framework​ ​addresses​ ​this​ ​gap​ ​by​
​incorporating​ ​psychological​ ​and​ ​behavioural​ ​craving​ ​dimensions,​ ​thereby​ ​providing​ ​a​ ​more​
​comprehensive representation of stress.​

​Table 6. Performance comparision of existing and proposed ERFML model​
​Model​ ​Accuracy​ ​Precision​ ​Recall​ ​F1-score​

​SVM​ ​0.91​ ​0.90​ ​0.89​ ​0.89​
​KNN​ ​0.88​ ​0.87​ ​0.86​ ​0.86​
​Neural Network​ ​0.92​ ​0.91​ ​0.91​ ​0.91​
​Random Forest​ ​0.94​ ​0.93​ ​0.92​ ​0.92​
​Proposed ERFML model​ ​0.95​ ​0.94​ ​0.94​ ​0.93​

​The​ ​ROC​ ​analysis​ ​of​ ​the​ ​output​ ​of​ ​various​ ​ML​ ​classifier​ ​models,​ ​as​ ​presented​​in​​the​​plot​
​figure​ ​3(a),​ ​shows​ ​that​ ​the​ ​proposed​ ​fusion-based​ ​ERFML​ ​model​ ​achieves​ ​the​ ​highest​ ​AUC​
​(~0.95),​ ​indicating​ ​superior​ ​discriminative​ ​capability.​ ​While​ ​the​ ​classification​ ​capability​ ​of​ ​the​
​model​ ​is​​interpreted​​by​​the​​confusion​​matrix,​​as​​shown​​in​​Figure​​3(b),​​it​​reveals​​a​​high​​number​​of​
​correct classifications (377 out of 397 test samples) with minimal and balanced misclassifications.​

​Figure 3. (a) ROC curves comparing the performance of existing models and proposed ERFML model.​
​(b) Confusion matrix of proposed ERFML model​

​Furthermore,​ ​explainability​ ​analysis​ ​was​ ​performed​ ​to​ ​identify​ ​features​ ​that​ ​contribute​ ​most​
​significantly​ ​to​ ​model​ ​predictions.​ ​The​ ​SHAP-based​ ​values,​​as​​shown​​in​​Figure​​4(a),​​suggest​​that​
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​psychological​ ​features​ ​of​ ​PSS​ ​stress​ ​remain​ ​the​​most​​influential​​factor,​​followed​​by​​physiological​
​features​​like​​HR​​and​​GSR.​​These​​findings​​are​​well​​in​​line​​with​​the​​fusion-based​​proposed​​ERFML​
​feature​ ​importance​ ​results​ ​shown​ ​in​ ​Figure​ ​4​ ​(b).​ ​These​ ​insights​ ​confirm​ ​that​ ​both​ ​results​ ​are​
​aligned​ ​and​ ​jointly​ ​contribute​ ​to​ ​the​ ​model’s​ ​predictive​ ​accuracy​ ​and​ ​to​ ​the​ ​effectiveness​ ​of​
​multimodal data fusion and integration within the ML framework.​

​Figure 4. (a) Explainability analysis SHAP output and (b) Feature importance of the of the proposed​
​ERFML model​

​Furthermore,​ ​LOSO​ ​cross-validation​ ​results​ ​demonstrate​​that​​the​​proposed​​model​​achieves​
​high​ ​performance​ ​across​ ​unseen​ ​participants,​ ​with​ ​an​ ​average​​accuracy​​of​​91%​​and​​low​​variance.​
​This​ ​indicates​ ​that​ ​the​ ​model​ ​effectively​ ​captures​ ​generalisable​ ​multimodal​ ​patterns​ ​of​ ​stress​​and​
​craving rather than memorising individual specific characteristics.​

​These​ ​findings​​of​​experimental​​analysis​​have​​evidently​​found​​that​​stress,​​particularly​​when​
​acting​ ​as​ ​a​ ​cue​ ​for​ ​substance​ ​consumption,​ ​can​ ​be​ ​more​ ​effectively​ ​identified​ ​through​ ​fusion​
​multimodal​ ​approach.​ ​The​ ​proposed​ ​ERFML​ ​approach​ ​not​ ​only​ ​enhances​​predictive​​performance​
​but​ ​also​ ​addresses​ ​a​ ​critical​ ​gap​ ​in​ ​stress​ ​detection​ ​research​ ​by​ ​linking​ ​physiological​ ​stress​
​responses​ ​with​ ​psychological​ ​perception​ ​and​ ​substance​ ​craving​​behaviour,​​thereby​​giving​​insights​
​into the level of attention required to formulate prevention and treatment strategies.​

​4. Discussion​
​This​ ​study​ ​provides​ ​sufficient​ ​evidence​ ​that​ ​incorporating​ ​a​ ​multimodal​ ​data​ ​acquisition​

​framework​ ​for​ ​stress​ ​monitoring​ ​via​ ​wearable​ ​sensors​ ​and​ ​psychological​ ​assessments​ ​can​
​significantly​​improve​​detection​​and​​intervention​​for​​substance​​use​​risk​​due​​to​​stress.​​The​​proposed​
​study​ ​integrates​​physiological​​and​​psychological​​stress​​indicators​​into​​an​​early​​warning​​system​​for​
​addiction.​​It​​is​​noted​​that​​existing​​studies​​often​​focus​​on​​physiological​​or​​psychological​​stress​​alone,​
​rather​​than​​combining​​the​​two​​aspects​​(Kirsch​​&​​Lippard,​​2022;​​Sood​​et​​al.,​​2013),​​and​​such​​a​​gap​
​in​ ​execution​ ​on​ ​unimodal​ ​systems​ ​has​ ​been​ ​overcome​ ​by​ ​the​ ​proposed​​ERFML​​model.​​From​​the​
​experimental​​study,​​it​​has​​been​​observed​​that​​fusion​​of​​the​​Multimodal​​data​​acquisition​​framework​
​and​ ​the​ ​ensemble​ ​of​ ​ML​ ​models​ ​remain​​central​​to​​achieving​​high​​predictive​​accuracy​​in​​complex​
​behavioural health domains.​

​Behavioural​ ​health​ ​and​ ​data-driven​ ​research​ ​have​​converged​​over​​the​​past​​decade;​​making​
​significant​ ​progress​ ​in​ ​identifying,​ ​tracking,​ ​and​ ​predicting​ ​psychological​ ​factors​ ​contributing​ ​to​
​substance​​use​​and​​addiction,​​specific​​in​​time-series​​analysis​​of​​psychological​​datasets​​(Wang​​et​​al.,​
​2016;​​Bahador​​et​​al.,​​2021).​​The​​widespread​​recognition​​of​​stress​​as​​a​​precursor​​and​​consequence​​of​
​drug​ ​and​ ​alcohol​ ​abuse​ ​is​ ​among​ ​these​ ​factors.​ ​Wearable​ ​biosensors,​ ​ML,​ ​and​ ​multimodal​ ​data​
​collection​ ​are​ ​increasingly​ ​being​ ​used​ ​to​ ​predict​ ​addiction​​risk​​and​​personalise​​intervention​​based​
​on​ ​the​ ​growing​ ​understanding​ ​of​ ​stress​ ​as​ ​a​ ​dynamic​ ​and​ ​measurable​ ​indicator​ ​(Rumbut​ ​et​ ​al.,​
​2022).​ ​This​ ​two-way​ ​interaction​ ​emphasises​ ​the​ ​importance​ ​of​ ​accurate​ ​stress​ ​monitoring​ ​in​
​detecting​ ​individuals​ ​at​ ​risk​ ​for​ ​substance​ ​abuse​​or​​relapse.​​Individuals​​recovering​​from​​addiction​
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​can​ ​be​ ​tracked​ ​using​ ​a​ ​wearable​ ​sensor​ ​device​ ​in​ ​a​​clinical​​therapeutic​​setting.​​When​​patients​​are​
​experiencing​ ​withdrawal​ ​symptoms​ ​or​ ​cravings,​ ​physiological​ ​markers​ ​of​ ​stress​ ​are​ ​commonly​
​elevated,​ ​including​ ​elevated​ ​heart​ ​rates,​ ​aberrant​​GSRs,​​and​​elevated​​skin​​temperatures,​​reflecting​
​psychological​ ​stress.​ ​Real-time​ ​identification​ ​of​ ​acute​ ​stress​ ​episodes​ ​is​ ​necessary​ ​to​ ​intervene​
​immediately​​(Carreiro​​et​​al.,​​2024).​​It​​is​​possible​​to​​intervene​​during​​craving​​spikes​​before​​they​​lead​
​to​ ​substance​ ​use.​ ​In​ ​this​ ​case,​ ​wearable​ ​technology​ ​allows​ ​for​ ​prompt,​ ​personalised​ ​addiction​
​treatment​​interventions​​based​​on​​physiological​​stress​​expressions.​​Temperature,​ ​measured​​using​​the​
​MLX90614​ ​sensor,​ ​is​ ​included​ ​as​ ​a​ ​physiological​ ​feature;​ ​however,​ ​it​ ​has​ ​limitations​ ​in​ ​stress​
​measurement​​due​​to​​slow​​responsiveness,​​environmental​​influence,​​and​​variability​​caused​​by​​other​
​health​​conditions.​​Although​​temperature​​measurement​​has​​such​​limitations,​​it​​is​​still​​considered​​part​
​of​ ​the​ ​model​ ​as​ ​an​ ​additional​ ​physiological​ ​variable.​ ​In​ ​the​ ​proposed​ ​ERFML​ ​framework,​
​temperature​​contributes​​to​​the​​composite​​stress​​score​​but​​is​​not​​relied​​upon​​as​​a​​dominant​​predictor.​
​The​ ​fusion​ ​model​ ​assigns​ ​relatively​ ​lower​ ​importance​ ​to​ ​temperature,​ ​as​ ​confirmed​ ​by​ ​feature​
​importance and SHAP analysis.​

​By​​providing​​contextual,​​real-time​​feedback​​about​​an​​individual's​​stress​​state,​​the​​proposed​
​multimodal​​system​​bridges​​the​​gap​​between​​theoretical​​understanding​​and​​clinical​​application.​​The​
​model​ ​accurately​ ​captures​ ​and​ ​classifies​ ​physiological​ ​markers,​ ​such​ ​as​ ​increased​ ​HR​ ​and​ ​GSR​
​during​ ​cravings​ ​or​ ​withdrawal.​ ​Furthermore,​ ​PSS​ ​scores​ ​are​ ​effective​ ​in​ ​detecting​ ​psychological​
​triggers​​that​​are​​often​​not​​captured​​by​​biosignal​​analysis​​alone.​​Existing​​research​​on​​stress​​and​​cues​
​to​ ​substance​ ​consumption​ ​has​ ​confirmed​ ​that​ ​stress​ ​is​ ​often​ ​associated​ ​with​ ​drug-seeking​
​behaviours​ ​(Kulman​ ​et​ ​al.,​ ​2021;​ ​Li​ ​et​ ​al.,​ ​2024;​ ​Rumbut​ ​et​ ​al.,​ ​2023).​ ​The​ ​proposed​ ​model​
​indicates​ ​that​ ​more​ ​than​ ​70%​ ​of​ ​detected​ ​stress​ ​spikes​ ​predict​ ​craving​ ​episodes​ ​across​ ​various​
​recovery​ ​contexts,​ ​underscoring​ ​the​ ​potential​ ​for​ ​proactive​ ​digital​ ​intervention.​ ​Despite​ ​initial​
​challenges​​related​​to​​sensor​​calibration​​and​​data​​synchronisation,​​compliance​​with​​ethical​​protocols,​
​including​ ​data​ ​anonymisation​ ​and​ ​informed​ ​consent,​ ​was​ ​ensured.​ ​These​ ​outcomes​ ​highlight​ ​the​
​promise​​of​​multimodal​​stress​​detection​​as​​a​​scalable,​​interpretable,​​and​​ethically​​grounded​​approach​
​to​ ​addiction​ ​recovery.​ ​Based​ ​on​ ​the​ ​attention​ ​level​ ​classified​ ​by​ ​the​ ​model,​ ​the​ ​decision-support​
​system can trigger suggestive treatment plans and interventions.​

​5. Conclusion​
​Stress​ ​and​ ​substance​ ​use​ ​cues​ ​are​ ​inherently​ ​complementary,​ ​and​ ​addressing​​both​​through​

​early​ ​intervention​ ​is​ ​essential​ ​to​ ​prevent​ ​the​ ​disorder​ ​from​ ​escalating​ ​into​ ​a​ ​severe​ ​clinical​
​condition.​ ​This​ ​study​ ​demonstrates​ ​that​ ​integrating​ ​physiological,​ ​psychological,​ ​and​
​craving-related​ ​features​ ​through​ ​a​ ​fusion-based​ ​ensemble​ ​framework​ ​significantly​ ​enhances​ ​the​
​understanding​ ​and​ ​prediction​ ​of​ ​stress-induced​ ​substance​ ​use​ ​behaviour.​ ​The​ ​proposed​ ​ERFML​
​model​ ​even​ ​effectively​ ​overcomes​ ​the​ ​limitations​ ​of​ ​traditional​ ​single-modality​ ​approaches​ ​by​
​enabling​​real-time,​​context-aware​​analysis​​of​​multimodal​​data​​collected​​from​​wearable​​sensors​​and​
​validated psychological assessments.​

​The​​experimental​​results​​confirm​​that​​stress​​plays​​a​​critical​​role​​in​​influencing​​substance​​use​
​patterns.​ ​A​ ​positive​ ​correlation​ ​between​ ​craving​ ​and​ ​stress​ ​was​ ​observed,​ ​alongside​ ​associations​
​with​ ​physiological​ ​signals​ ​such​ ​as​ ​heart​ ​rate​ ​and​ ​skin​ ​responses.​ ​Furthermore,​ ​the​ ​multimodal​
​approach​ ​is​ ​strongly​ ​recommended,​ ​as​ ​it​​outperformed​​existing​​models​​by​​a​​substantial​​margin​​in​
​predictive​ ​performance.​ ​With​ ​a​ ​recall​ ​value​ ​nearing​ ​95%,​ ​it​ ​further​ ​validates​ ​the​ ​robustness​ ​and​
​reliability​​of​​the​​proposed​​approach​​in​​identifying​​vulnerability​​to​​relapse.​​Additionally,​​it​​has​​been​
​found​​to​​be​​evident​​that​​more​​than​​50%​​of​​the​​withdrawal​​episodes​​depend​​on​​the​​craving​​intensity.​
​This​ ​indicates​ ​a​ ​close​ ​association​ ​between​ ​stress-related​ ​craving​ ​intensity​ ​and​ ​relapse. Thus,​ ​it​
​makes​​it​​necessary​​to​​incorporate​​stress​​monitoring​​into​​addiction​​treatment​​frameworks.​​While​​the​
​proposed​ ​framework​ ​demonstrates​ ​strong​ ​potential​ ​for​ ​integration,​ ​practical​ ​deployment​ ​would​
​require​​compliance​​with​​healthcare​​data​​standards​​(e.g.,​​interoperability​​protocols,​​data​​security,​​and​
​privacy regulations).​
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​In​ ​this​ ​multimodal​ ​approach,​ ​the​ ​dataset​ ​acquired​ ​is​ ​limited​ ​in​ ​terms​ ​of​ ​geographical​ ​and​
​demographics,​ ​however,​ ​it​ ​performs​ ​comparably​ ​to​ ​the​ ​benchmark​ ​WESAD​ ​dataset.​ ​This​​shows​
​strong​ ​implications​ ​for​ ​the​ ​development​ ​of​​intelligent,​​wearable-assisted​​intervention​​systems​​that​
​can​ ​support​ ​clinicians​ ​in​ ​delivering​ ​personalised​ ​and​ ​timely​ ​treatment​ ​strategies.​ ​It​ ​provides​ ​a​
​scalable​​and​​interpretable​​solution​​for​​early​​detection​​of​​high-risk​​states​​in​​an​​individual's​​recovery​
​session.​ ​Although​ ​high​ ​accuracy​ ​has​ ​been​ ​obtained,​ ​the​ ​research​ ​has​ ​some​ ​constraints​ ​due​ ​to​​the​
​fact​ ​that​ ​the​ ​results​ ​were​ ​produced​ ​using​ ​one​​dataset​​under​​controlled​​conditions.​​Hence,​​it​​might​
​have​​some​​good​​features​​that​​resulted​​in​​a​​good​​AUC.​​In​​future,​​the​​model​​can​​be​​tested​​with​​varied​
​population​ ​and​ ​environmental​ ​conditions.​ ​Furthermore,​ ​researchers​ ​can​ ​expand​ ​the​ ​dataset​ ​to​
​improve​ ​generalisability​​by​​incorporating​​longitudinal​​analysis​​across​​broader​​populations.​​On​​top​
​of​ ​this,​ ​the​ ​model​ ​can​​be​​integrated​​with​​adaptive​​intervention​​mechanisms​​such​​as​​reinforcement​
​learning to further improve predictive accuracy and real-world applicability.​
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