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​---------------------------------------------------------------------***---------------------------------------------------------------------​
​Abstract​​-​ ​This​​study​​examines​​how​​AI-generated​​financial​
​recommendations​​and​​digital​​interface​​design​​influence​​users’​
​trust,​ ​perceived​ ​control,​​decision​​confidence,​​and​​willingness​
​to​​follow​​financial​​guidance.​​The​​study​​begins​​from​​a​​simple​
​but​​important​​question:​​when​​an​​AI​​system​​recommends​​what​
​a​ ​person​ ​should​ ​do​ ​with​ ​their​ ​money,​ ​who​ ​still​ ​feels​
​responsible​ ​for​ ​the​ ​final​ ​decision?​ ​AI​ ​can​ ​process​ ​large​
​amounts​ ​of​ ​information​ ​quickly​ ​and​ ​can​ ​present​ ​users​ ​with​
​recommendations​ ​that​ ​appear​ ​clear​ ​and​ ​useful.​​However,​​the​
​ease​ ​of​ ​following​ ​a​ ​recommendation​ ​does​ ​not​ ​necessarily​
​mean​ ​that​ ​the​ ​recommendation​ ​has​ ​been​ ​understood,​
​evaluated,​​or​​consciously​​accepted​​by​​the​​user.​​This​​makes​​the​
​interface​ ​through​ ​which​ ​an​ ​AI​ ​recommendation​ ​is​
​communicated​ ​an​ ​important​ ​part​ ​of​ ​the​ ​decision-making​
​experience.​

​The​ ​proposed​ ​study​ ​uses​ ​a​ ​user-centered​ ​experimental​
​approach​ ​with​ ​prototype​ ​digital​ ​interfaces​ ​that​ ​present​ ​the​
​same​ ​type​ ​of​ ​AI-generated​ ​financial​ ​recommendation​ ​in​
​different​ ​ways.​​Participants​​will​​complete​​simulated​​financial​
​decision-making​ ​tasks​ ​and​ ​will​ ​be​ ​asked​ ​to​ ​evaluate​ ​the​
​recommendation​ ​and​ ​make​ ​a​ ​final​ ​choice.​ ​Their​ ​experience​
​will​​be​​examined​​through​​measures​​related​​to​​trust,​​perceived​
​control,​​decision​​confidence,​​clarity,​​usability,​​and​​willingness​
​to​ ​act​ ​on​ ​the​ ​recommendation.​ ​The​ ​study​ ​is​ ​designed​ ​to​
​compare​ ​how​ ​different​ ​presentation​ ​approaches​ ​affect​ ​the​
​movement​ ​from​ ​receiving​ ​AI​ ​guidance​ ​to​ ​making​ ​an​
​independent decision.​
​The​​study​​does​​not​​assume​​that​​the​​purpose​​of​​an​​AI​​interface​
​should​ ​be​ ​to​ ​increase​ ​acceptance​ ​of​ ​its​ ​recommendation.​
​Instead,​ ​it​ ​considers​ ​appropriate​ ​decision​ ​support​ ​as​ ​an​
​interaction​ ​in​ ​which​ ​the​ ​user​ ​can​ ​understand​ ​the​
​recommendation,​​question​​it​​when​​necessary,​​compare​​it​​with​
​alternatives,​​and​​retain​​a​​meaningful​​sense​​of​​control.​​Existing​
​research​ ​has​ ​separately​ ​examined​ ​trust​ ​in​ ​AI,​ ​over-reliance,​
​recommendation​ ​acceptance,​ ​autonomy,​ ​explainability,​ ​and​
​financial​ ​AI​ ​adoption.​ ​This​ ​research​ ​brings​ ​these​ ​concerns​
​together​ ​from​ ​an​ ​interface​ ​and​ ​user-experience​ ​perspective.​
​The​ ​expected​ ​contribution​ ​is​ ​a​ ​clearer​ ​understanding​​of​​how​
​interface​ ​choices​ ​can​ ​support​ ​AI​ ​as​ ​a​ ​helpful​ ​guide​ ​without​
​making​ ​the​​user​​feel​​that​​the​​decision​​has​​already​​been​​made​
​for them.​

​Keywords​​:​ ​AI-assisted​ ​decision-making,​ ​financial​
​recommendation​ ​systems,​ ​recommendation​ ​acceptance,​ ​user​
​agency,​ ​perceived​ ​control,​ ​decision​ ​confidence,​ ​AI​ ​trust,​
​interface psychology, human-AI interaction, financial UX.​

​Introduction​

​Making​​decisions​​about​​money​​is​​a​​common​​part​​of​​everyday​
​life.​ ​People​ ​decide​ ​how​ ​much​ ​to​ ​save,​ ​how​ ​much​ ​to​ ​spend,​
​whether​ ​a​ ​purchase​ ​is​ ​affordable,​ ​whether​ ​a​ ​financial​​option​
​fits​ ​their​ ​situation,​ ​and​ ​whether​ ​a​ ​recommendation​ ​is​ ​worth​
​following.​ ​Although​ ​these​ ​decisions​ ​may​ ​look​ ​routine,​ ​they​
​often​ ​involve​ ​uncertainty,​ ​incomplete​ ​information,​ ​personal​
​priorities,​ ​and​ ​the​ ​possibility​ ​of​ ​consequences​ ​that​ ​are​ ​not​
​immediately​ ​visible.​ ​A​ ​person​​may​​therefore​​need​​more​​than​
​information​ ​alone.​ ​They​ ​may​ ​need​ ​help​ ​understanding​ ​the​
​situation​ ​and​ ​comparing​ ​possible​ ​choices​ ​while​ ​still​ ​feeling​
​that the final decision belongs to them.​

​The​​growing​​use​​of​​artificial​​intelligence​​changes​​this​​experience.​​AI​
​systems​​can​​interpret​ ​large​​amounts​​of​​information,​​identify​​patterns,​
​summarize​ ​complex​ ​material,​ ​and​ ​generate​ ​recommendations.​
​Instead​ ​of​ ​asking​ ​a​ ​person​ ​to​ ​examine​ ​every​ ​available​ ​option​
​independently,​ ​the​ ​system​ ​can​ ​present​ ​a​ ​suggested​ ​direction.​ ​As​
​Amershi​ ​et​ ​al.​ ​(2019)​ ​emphasize​ ​in​ ​their​ ​human-AI​ ​interaction​
​guidelines,​ ​the​ ​way​ ​an​ ​AI​ ​system​ ​communicates​ ​and​​supports​​user​
​action​​is​​part​​of​​the​​interaction​​itself.​​This​​can​​reduce​​effort​​and​​make​
​decision-making​​feel​ ​faster.​ ​At​​the​​same​​time,​​it​ ​changes​​the​​role​​of​
​the​​interface.​ ​The​​system​​is​​no​​longer​​simply​​showing​​information;​​it​
​is​ ​influencing​ ​what​ ​the​ ​user​ ​notices,​ ​considers,​ ​and​​may​​eventually​
​choose.​

​This​​shift​​raises​​the​​central​​question​​of​​this​​research:​​when​​AI​
​tells​​people​​what​​they​​should​​do​​with​​their​​money,​​how​​much​
​should​​they​​rely​​on​​it?​​The​​question​​is​​not​​intended​​to​​suggest​
​that​ ​AI​ ​recommendations​ ​are​ ​automatically​ ​good​ ​or​ ​bad.​
​Rather,​ ​it​ ​focuses​ ​attention​ ​on​ ​the​ ​interaction​ ​between​ ​the​
​recommendation,​​the​​interface,​​and​​the​​person​​who​​must​​make​
​the​ ​final​ ​decision.​​An​​AI​​recommendation​​can​​be​​technically​
​sophisticated​ ​while​ ​still​ ​being​ ​difficult​ ​for​ ​a​ ​user​ ​to​
​understand.​ ​Conversely,​ ​an​ ​interface​ ​can​ ​make​ ​a​
​recommendation​​appear​​extremely​​convincing​​without​​giving​
​the​ ​user​ ​enough​ ​opportunity​ ​to​ ​question​ ​it.​ ​This​ ​concern​ ​is​
​consistent​ ​with​ ​research​ ​on​ ​explainability​ ​and​ ​human-AI​
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​interaction,​​where​​understanding​​depends​​not​​only​​on​​whether​
​an explanation exists but also on how it is communicated.​

​Research​ ​on​ ​human-AI​ ​decision-making​ ​has​ ​shown​ ​that​
​people​ ​can​ ​sometimes​ ​over-rely​ ​on​ ​AI​ ​advice,​ ​including​
​situations​ ​in​ ​which​ ​the​ ​recommendation​ ​conflicts​ ​with​
​contextual​ ​information​ ​or​ ​with​ ​their​ ​own​ ​assessment.​
​Klingbeil,​ ​Grützner,​ ​and​ ​Schreck​ ​(2024)​ ​reported​
​experimental​ ​evidence​ ​of​ ​such​ ​over-reliance​ ​and​ ​highlighted​
​the​ ​importance​ ​of​ ​appropriate​ ​trust​ ​calibration.​ ​Earlier​ ​work​
​by​ ​Lee​ ​and​ ​See​ ​(2004)​ ​similarly​ ​distinguishes​ ​appropriate​
​reliance from​

​simply​ ​increasing​ ​trust.​ ​This​ ​is​ ​particularly​ ​relevant​ ​to​
​financial​ ​decision-making​ ​because​ ​users​ ​may​ ​act​ ​on​
​recommendations​ ​that​ ​have​ ​meaningful​ ​personal​
​consequences.​​The​​issue​​therefore​​extends​​beyond​​whether​​an​
​AI​ ​system​ ​is​ ​trusted.​ ​It​ ​also​ ​concerns​ ​whether​ ​the​ ​interface​
​helps​​users​​decide​​when​​to​​accept​​advice,​​when​​to​​examine​​it​
​further, and when to disagree with it.​

​Trust​​remains​​an​​important​​part​​of​​the​​experience.​​Users​​need​
​some​ ​reason​ ​to​ ​believe​ ​that​ ​an​ ​AI​ ​recommendation​ ​is​
​sufficiently​​reliable​​to​​consider.​​Glikson​​and​​Woolley​​(2020),​
​in​ ​their​ ​review​ ​of​ ​empirical​ ​research​ ​on​ ​human​ ​trust​ ​in​ ​AI,​
​show​ ​that​​trust​​is​​shaped​​by​​multiple​​system​​and​​user​​factors​
​rather​ ​than​ ​by​ ​a​ ​single​ ​interface​ ​feature.​ ​Recent​ ​research​ ​in​
​AI-enabled​ ​financial​ ​services​ ​also​ ​indicates​ ​that​ ​trust​ ​can​
​contribute​ ​to​ ​adoption.​ ​However,​ ​high​ ​trust​ ​is​ ​not​
​automatically​ ​the​ ​same​ ​as​ ​good​ ​decision-making.​ ​A​ ​person​
​may​ ​trust​ ​a​ ​system​ ​and​ ​still​ ​need​ ​to​ ​understand​ ​the​ ​reason​
​behind its recommendation.​

​Autonomy​ ​and​ ​perceived​ ​control​ ​add​ ​another​ ​important​
​dimension.​ ​A​ ​user​ ​may​ ​accept​ ​an​ ​AI​​recommendation​​while​
​still​ ​feeling​ ​that​ ​they​ ​made​ ​the​ ​decision​ ​themselves.​ ​This​
​distinction​​matters​​because​​recommendation​​acceptance​​alone​
​cannot​ ​tell​ ​us​ ​whether​ ​the​ ​user​ ​felt​ ​involved​ ​in​ ​the​ ​process.​
​Fink,​​Newman,​​and​​Haran​​(2024)​​found​​that​​increasing​​users’​
​autonomy​ ​in​ ​recommendation​ ​systems​ ​can​ ​increase​
​recommendation​ ​acceptance.​ ​Their​ ​work​ ​identified​ ​choice​
​autonomy​ ​and​ ​control​ ​autonomy​ ​as​ ​mechanisms​ ​through​
​which​ ​users​ ​can​ ​have​ ​a​ ​greater​ ​role​ ​in​ ​the​ ​recommendation​
​process.​ ​For​ ​a​ ​UX​ ​study,​ ​this​ ​provides​ ​an​ ​important​
​foundation​ ​for​ ​examining​ ​whether​ ​interface​ ​choices​ ​that​
​preserve​ ​control​ ​can​ ​change​ ​how​ ​users​ ​respond​ ​to​ ​AI​
​guidance.​

​The​ ​interface​ ​through​​which​​a​​recommendation​​is​​presented​
​is​​therefore​​central​​to​​this​​research.​​Users​​do​​not​​experience​​an​
​AI​ ​recommendation​ ​as​ ​an​ ​isolated​ ​sentence​ ​or​ ​prediction.​
​They​ ​experience​ ​a​ ​complete​ ​screen​ ​containing​ ​headings,​
​numbers,​ ​explanations,​ ​visual​ ​emphasis,​ ​choices,​ ​interaction​
​controls,​​and​​actions.​​The​​order​​of​​information​​can​​affect​​what​
​users​ ​notice​ ​first.​ ​The​​wording​​can​​make​​a​​suggestion​​sound​
​optional​ ​or​ ​authoritative.​ ​The​ ​presence​ ​or​ ​absence​ ​of​
​alternatives​​can​​affect​​whether​​users​​feel​​that​​they​​have​​a​​real​
​choice.​​Research​​on​​explainable​​AI​​in​​finance​​also​​shows​​that​

​transparency​ ​and​ ​interpretability​ ​are​ ​important​ ​concerns,​ ​but​
​these​ ​qualities​ ​still​ ​have​ ​to​ ​be​ ​translated​ ​into​ ​an​
​understandable​ ​interaction.​ ​An​ ​explanation​ ​can​ ​support​
​understanding,​ ​but​ ​an​ ​explanation​ ​that​ ​is​​too​​long​​or​​unclear​
​can create additional effort.​

​This​​research​​combines​​these​​ideas​​through​​a​​human-centered​
​UX​ ​perspective.​ ​Rather​ ​than​ ​asking​ ​only​ ​whether​​users​​trust​
​AI,​ ​the​ ​study​ ​asks​ ​how​ ​AI​ ​guidance​ ​should​ ​be​ ​presented​​so​
​that​ ​it​ ​helps​ ​people​ ​make​ ​a​ ​decision​ ​without​ ​making​ ​the​
​decision​​feel​​as​​though​​it​​has​​already​​been​​made​​for​​them.​​The​
​study​ ​proposes​ ​prototype-based​ ​experimental​ ​conditions​ ​and​
​simulated​ ​financial​ ​decisions​ ​to​ ​examine​ ​trust,​ ​perceived​
​control,​ ​decision​ ​confidence,​ ​clarity,​ ​usability,​​and​
​willingness​ ​to​ ​act.​ ​The​ ​focus​ ​is​ ​therefore​ ​not​ ​on​
​designing​​a​​more​​persuasive​​AI​​recommendation,​​but​​on​
​understanding​ ​how​ ​the​ ​interface​ ​can​ ​support​ ​informed​
​human judgment. Literature Review​
​The​​literature​​relevant​​to​​this​​research​​is​​used​​to​​establish​​the​
​variables​ ​and​ ​relationships​ ​tested​ ​in​ ​the​ ​study​ ​rather​ ​than​ ​to​
​provide​ ​a​ ​standalone​ ​review​ ​of​ ​the​ ​field.​ ​Four​ ​areas​ ​are​
​especially​ ​relevant:​​algorithmic​​recommendations​​and​​human​
​decision-making,​​trust​​and​​appropriate​​reliance,​​autonomy​​and​
​perceived​ ​control,​ ​and​ ​interface​ ​presentation​ ​and​ ​decision​
​confidence.​ ​Together,​ ​these​ ​studies​ ​provide​ ​the​ ​theoretical​
​basis​ ​for​ ​the​ ​experimental​ ​design.​ ​AI-generated​
​recommendations and human decision-making​

​AI-based​ ​recommendation​ ​systems​ ​are​ ​increasingly​ ​used​ ​to​
​support​​decisions​​rather​​than​​simply​​provide​​information.​​In​​a​
​recommendation​ ​interaction,​ ​the​ ​user​ ​receives​ ​a​
​system-generated​​suggestion​​and​​then​​has​​to​​decide​​what​​role​
​that​ ​suggestion​ ​should​​play.​​The​​user​​may​​accept​​it,​​question​
​it,​ ​compare​ ​it​ ​with​ ​another​ ​option,​ ​or​ ​reject​ ​it.​ ​This​ ​makes​
​recommendation​ ​systems​ ​different​ ​from​ ​interfaces​ ​that​ ​only​
​display​​facts.​​The​​recommendation​​becomes​​part​​of​​the​​user’s​
​reasoning​ ​process.​ ​Research​ ​on​ ​algorithmic​ ​judgment​ ​also​
​shows​ ​that​ ​people​ ​can​​respond​​differently​​to​​algorithmic​​and​
​human​ ​advice,​ ​which​ ​makes​ ​the​ ​user’s​ ​relationship​ ​with​ ​the​
​recommendation important to study.​

​Research​​by​​Fink,​​Newman,​​and​​Haran​​is​​particularly​​relevant​
​because​ ​it​ ​examined​ ​how​ ​autonomy​ ​influences​
​recommendation​​acceptance.​​Across​​three​​online​​experiments,​
​the​ ​researchers​ ​found​ ​that​ ​users​ ​were​ ​more​ ​likely​ ​to​ ​accept​
​algorithmic​ ​recommendations​ ​when​ ​they​ ​had​ ​greater​ ​choice​
​autonomy,​ ​such​ ​as​ ​seeing​ ​multiple​ ​recommendations,​ ​and​
​when​ ​they​ ​had​ ​greater​ ​control​ ​over​ ​the​ ​recommendation​
​process.​ ​This​ ​suggests​ ​that​ ​acceptance​ ​does​ ​not​​depend​​only​
​on​​the​​recommendation​​itself.​​The​​way​​users​​participate​​in​​the​
​recommendation process can also shape their response.​

​This​​finding​​is​​useful​​for​​the​​present​​research​​because​​it​​shifts​
​attention​​from​​the​​question​​of​​whether​​an​​AI​​recommendation​
​is​ ​persuasive​ ​to​ ​the​ ​question​ ​of​ ​how​ ​the​ ​user​ ​is​ ​positioned​
​around​​it.​​If​​an​​interface​​presents​​one​​recommendation​​as​​the​
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​only​ ​obvious​ ​answer,​ ​the​ ​user​ ​may​ ​perceive​ ​less​ ​room​ ​for​
​independent​ ​evaluation.​ ​If​ ​the​ ​interface​ ​presents​ ​the​
​recommendation​ ​as​ ​one​ ​useful​ ​input​ ​among​ ​meaningful​
​alternatives,​ ​the​ ​user​ ​may​ ​experience​ ​a​ ​different​​relationship​
​with​ ​the​ ​system.​ ​The​ ​research​ ​therefore​ ​treats​ ​user​
​participation as an important part of recommendation design.​

​The​ ​issue​ ​becomes​ ​more​ ​sensitive​ ​when​ ​recommendations​
​concern​ ​financial​ ​decisions.​ ​Financial​ ​choices​ ​often​ ​involve​
​personal​ ​goals,​ ​risk​ ​tolerance,​ ​time​ ​horizons,​ ​and​
​circumstances​ ​that​ ​may​ ​not​ ​be​ ​completely​ ​represented​ ​in​ ​a​
​system.​​A​​recommendation​​can​​therefore​​be​​useful​​while​​still​
​being​ ​incomplete​ ​from​ ​the​ ​user’s​ ​perspective.​ ​The​ ​interface​
​should​ ​not​ ​make​ ​the​ ​user​ ​believe​​that​​the​​system​​has​​perfect​
​knowledge​ ​of​ ​their​ ​situation.​ ​Instead,​ ​it​ ​should​​help​​the​​user​
​understand​ ​what​ ​the​ ​recommendation​ ​is​ ​based​ ​on​ ​and​ ​what​
​remains for the user to decide.​

​Recent​ ​work​​on​​recommendation​​explanations​​reinforces​​this​
​point.​ ​Chen,​ ​Lin,​ ​and​ ​Yi​ ​(2025),​ ​studying​ ​conversational​
​recommendations,​ ​found​ ​that​ ​post-hoc​ ​explanations​ ​can​
​increase​ ​perceived​ ​transparency​ ​and​ ​interpretability​ ​and​ ​can​
​subsequently​ ​influence​ ​trust.​ ​Their​ ​findings​ ​also​ ​show​ ​that​
​explanation​ ​preferences​ ​can​ ​differ​ ​depending​ ​on​ ​decision​
​context,​ ​interface​ ​type,​ ​and​ ​decision-making​ ​style.​ ​Although​
​their​ ​work​ ​is​ ​not​ ​specifically​ ​about​ ​financial​
​recommendations,​ ​it​ ​supports​ ​the​ ​broader​ ​idea​ ​that​
​explanation​ ​should​ ​be​ ​considered​ ​as​ ​part​ ​of​ ​interface​​design​
​rather​ ​than​ ​as​ ​an​ ​independent​ ​technical​ ​feature.​ ​Wang​ ​and​
​Ding​​(2024)​​similarly​​show​​that​​the​​effects​​of​​explanation​​on​
​trust​​and​​decision​​performance​​depend​​on​​how​​people​​process​
​the explanation.​

​Taken​ ​together,​ ​the​ ​literature​ ​suggests​ ​that​ ​an​ ​AI​
​recommendation​ ​is​ ​better​ ​understood​ ​as​ ​a​ ​social​ ​and​
​interactive​​element​​within​​a​​decision​​process.​​The​​user​​is​​not​
​simply​ ​receiving​ ​an​ ​answer.​ ​The​ ​user​ ​is​ ​interpreting​ ​the​
​answer,​ ​comparing​ ​it​ ​with​ ​personal​ ​expectations,​ ​deciding​
​how​ ​much​ ​weight​ ​to​ ​give​ ​it,​ ​and​ ​eventually​ ​taking​ ​or​ ​not​
​taking​ ​an​ ​action.​ ​This​ ​makes​ ​recommendation​ ​presentation​
​highly relevant to UX research.​

​Trust and reliance on AI recommendations​
​Trust​ ​is​ ​one​ ​of​ ​the​ ​most​ ​frequently​ ​discussed​ ​factors​ ​in​
​human-AI​ ​decision-making.​ ​When​ ​users​ ​cannot​​fully​​inspect​
​how​ ​an​ ​AI​ ​system​ ​reached​ ​a​ ​recommendation,​ ​they​ ​need​ ​to​
​form​ ​some​ ​judgment​ ​about​ ​whether​ ​the​ ​system​ ​is​ ​reliable​
​enough​​to​​use.​​Trust​​can​​develop​​from​​perceived​​competence,​
​consistency,​ ​transparency,​ ​previous​ ​experience,​ ​and​ ​the​ ​way​
​the​ ​system​ ​communicates​ ​its​ ​recommendation.​ ​In​​a​​financial​
​context,​ ​the​ ​question​ ​becomes​ ​even​ ​more​ ​important​ ​because​
​the​ ​recommendation​ ​may​ ​affect​ ​choices​ ​involving​ ​money,​
​saving, spending, or other personally significant outcomes.​
​Klingbeil,​ ​Grützner,​ ​and​ ​Schreck​ ​(2024)​ ​provide​ ​important​
​evidence​​for​​this​​research.​​Their​​experimental​​study​​found​​that​
​people​ ​can​ ​over-rely​​on​​AI​​advice,​​including​​cases​​where​​AI​
​advice​ ​conflicted​ ​with​ ​available​ ​contextual​ ​information​ ​or​

​participants’​ ​own​ ​assessments.​ ​The​ ​study​ ​also​ ​found​ ​a​
​relationship​​between​​trust​​in​​the​​advisor​​and​​reliance​​behavior.​
​These​ ​findings​ ​show​ ​why​ ​increasing​ ​trust​ ​should​ ​not​
​automatically​​be​​treated​​as​​the​​goal​​of​​AI​​interface​​design.​​A​
​better​ ​goal​ ​is​​appropriate​​reliance,​​where​​users​​can​​make​​use​
​of​​AI​​assistance​​while​​remaining​​able​​to​​recognize​​uncertainty​
​and​​evaluate​​the​​recommendation​​themselves.​​This​​distinction​
​is​ ​consistent​ ​with​ ​the​ ​earlier​ ​human-automation​ ​literature​ ​of​
​Parasuraman and Riley (1997).​
​This​ ​distinction​ ​between​ ​trust​ ​and​ ​appropriate​ ​reliance​ ​is​
​central​ ​to​ ​the​ ​present​ ​study.​ ​If​ ​an​ ​interface​ ​simply​ ​increases​
​confidence​ ​in​ ​the​ ​AI​ ​without​ ​helping​ ​users​ ​understand​ ​its​
​limitations,​ ​it​ ​may​ ​produce​ ​a​ ​strong​ ​but​ ​poorly​ ​calibrated​
​response.​ ​A​ ​user​ ​might​ ​follow​ ​the​ ​recommendation​ ​because​
​the​​system​​looks​​authoritative,​​because​​the​​interface​​highlights​
​one​ ​answer,​​or​​because​​the​​wording​​makes​​disagreement​​feel​
​unnecessary.​ ​Such​ ​a​ ​response​ ​would​ ​not​ ​necessarily​
​demonstrate informed decision-making.​
​Research​ ​on​ ​AI​ ​financial​ ​service​ ​adoption​ ​also​ ​shows​ ​that​
​trust​ ​can​ ​have​ ​multiple​ ​dimensions.​ ​Chang,​ ​Park,​ ​and​ ​Dinh​
​(2026)​​examined​​different​​dimensions​​of​​trust​​in​​AI​​financial​
​services​ ​and​ ​their​ ​relationship​ ​with​ ​adoption.​ ​This​ ​supports​
​the​ ​relevance​ ​of​ ​trust​ ​in​ ​financial​ ​AI​​interactions,​​while​​also​
​showing​ ​that​ ​trust​ ​is​ ​not​ ​a​ ​single​ ​simple​ ​feeling.​ ​Users​​may​
​trust​ ​a​ ​system​ ​because​ ​they​ ​believe​ ​it​ ​is​ ​competent,​​because​
​they​​believe​​it​​is​​acting​​appropriately,​​or​​for​​a​​combination​​of​
​reasons.​
​For​ ​the​ ​present​ ​research,​ ​trust​ ​is​ ​therefore​ ​treated​ ​as​ ​one​
​component​​of​​the​​decision​​experience.​​The​​study​​is​​interested​
​not​ ​only​ ​in​​whether​​participants​​report​​trust,​​but​​in​​how​​trust​
​relates​ ​to​ ​perceived​ ​control,​ ​confidence,​ ​clarity,​ ​and​
​willingness​ ​to​ ​act.​ ​This​ ​approach​ ​allows​ ​the​ ​research​ ​to​
​examine​​whether​​an​​interface​​can​​support​​confidence​​without​
​encouraging blind reliance.​
​A​​practical​​UX​​question​​follows​​from​​this​​literature:​​how​​can​
​a​ ​system​ ​help​ ​users​ ​know​ ​when​ ​to​ ​trust​ ​an​ ​AI​
​recommendation​ ​and​ ​when​ ​to​ ​question​ ​it?​ ​The​ ​answer​ ​may​
​involve​ ​the​ ​presentation​ ​of​ ​reasons,​ ​alternatives,​​uncertainty,​
​user​​inputs,​​and​​opportunities​​for​​reflection.​​The​​interface​​can​
​make​ ​these​ ​elements​ ​visible​ ​without​ ​overwhelming​ ​the​​user.​
​This​​balance​​between​​support​​and​​independence​​is​​one​​of​​the​
​central​​design​​problems​​explored​​in​​this​​study.​​User​​autonomy​
​and perceived control​

​User​ ​autonomy​ ​refers​ ​to​ ​the​ ​ability​ ​to​ ​make​ ​a​ ​choice​
​independently​ ​and​ ​to​ ​experience​ ​the​ ​choice​​as​​one’s​​own.​​In​
​an​​AI-assisted​​interface,​​autonomy​​does​​not​​necessarily​​mean​
​that​​the​​user​​ignores​​the​​system.​​Instead,​​it​​can​​mean​​that​​the​
​user​ ​has​ ​meaningful​ ​opportunities​ ​to​ ​decide​ ​how​ ​the​
​recommendation​ ​should​ ​influence​ ​the​ ​final​ ​decision.​
​Perceived​ ​control​ ​is​ ​closely​ ​related​ ​because​ ​it​ ​captures​ ​how​
​much control the user feels they have during the interaction.​
​This​​distinction​​is​​important​​because​​the​​same​​final​​action​​can​
​have​ ​different​ ​meanings.​ ​Two​ ​users​ ​may​ ​both​ ​accept​ ​an​ ​AI​
​recommendation,​ ​but​ ​one​ ​may​ ​feel​ ​that​ ​the​​recommendation​
​was​ ​useful​​evidence​​while​​the​​other​​may​​feel​​that​​the​​system​
​effectively​ ​made​ ​the​ ​decision​ ​for​ ​them.​ ​A​ ​conventional​
​usability​ ​measure​ ​such​ ​as​ ​task​ ​completion​ ​would​ ​treat​ ​these​
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​interactions​ ​as​ ​similar.​ ​A​ ​user-centered​ ​study​ ​of​ ​AI​
​decision-making​ ​needs​ ​to​ ​look​ ​deeper​ ​into​ ​how​ ​the​​decision​
​was experienced.​
​Fink,​ ​Newman,​ ​and​ ​Haran’s​ ​findings​ ​provide​ ​a​ ​useful​
​foundation​ ​for​ ​this​ ​idea.​ ​Their​ ​work​ ​suggests​ ​that​ ​greater​
​choice​ ​autonomy​ ​and​ ​control​ ​autonomy​ ​can​ ​increase​
​recommendation​ ​acceptance.​ ​For​ ​the​ ​present​ ​research,​ ​the​
​important​​implication​​is​​not​​simply​​that​​more​​choice​​is​​always​
​better.​​Rather,​​the​​interface​​should​​provide​​meaningful​​control​
​that​ ​helps​ ​users​ ​understand​ ​that​ ​the​ ​recommendation​ ​is​
​support rather than an unavoidable instruction.​

​Perceived​ ​control​ ​can​ ​be​ ​influenced​ ​by​ ​small​ ​interface​
​decisions.​ ​Showing​ ​more​ ​than​ ​one​ ​reasonable​ ​path​ ​can​
​communicate​ ​choice.​ ​Allowing​ ​users​ ​to​ ​open​​an​​explanation​
​can​ ​communicate​ ​that​​the​​recommendation​​can​​be​​examined.​
​Making​​the​​user’s​​own​​inputs​​visible​​can​​remind​​them​​that​​the​
​recommendation​​is​​based​​partly​​on​​information​​they​​provided.​
​Providing​​a​​clear​​way​​to​​change​​an​​assumption​​can​​make​​the​
​system​ ​feel​ ​adjustable​ ​rather​ ​than​ ​fixed.​ ​These​ ​interactions​
​may​ ​affect​ ​how​​much​​ownership​​the​​user​​feels​​over​​the​​final​
​decision.​ ​The​ ​present​ ​study​ ​therefore​ ​treats​ ​control​ ​as​ ​an​
​experience​ ​to​ ​be​ ​measured,​ ​not​ ​simply​ ​as​ ​the​ ​presence​ ​of​ ​a​
​button or setting.​

​The​ ​research​​therefore​​connects​​interface​​design​​to​​perceived​
​control.​ ​The​ ​proposed​ ​experimental​ ​conditions​ ​will​ ​examine​
​different​ ​ways​ ​of​ ​presenting​ ​the​ ​recommendation​ ​and​
​supporting​ ​information.​ ​The​ ​intention​ ​is​ ​not​ ​to​ ​assume​ ​in​
​advance​ ​that​ ​one​ ​condition​ ​will​ ​always​ ​produce​ ​better​
​outcomes.​​Instead,​​the​​study​​will​​compare​​how​​users​​describe​
​their​ ​experience​ ​of​ ​control,​ ​trust,​ ​confidence,​ ​clarity,​ ​and​
​willingness to act.​

​Interface presentation and decision confidence​

​Users​​do​​not​​interact​​with​​an​​AI​​recommendation​​in​​isolation.​
​They​​encounter​​it​​through​​a​​screen​​or​​conversational​​interface​
​that​ ​determines​ ​what​ ​is​ ​visible,​ ​what​ ​appears​ ​first,​ ​how​
​information​ ​is​ ​grouped,​ ​and​ ​what​ ​actions​ ​are​ ​available.​
​Amershi​ ​et​ ​al.​ ​(2019)​ ​place​ ​this​ ​kind​ ​of​ ​interaction​ ​design​
​within​ ​the​ ​broader​ ​problem​ ​of​ ​making​ ​AI​ ​systems​
​understandable​ ​and​ ​usable.​ ​The​ ​interface​ ​can​ ​therefore​
​influence​ ​how​ ​much​ ​effort​ ​users​ ​spend​ ​understanding​ ​the​
​recommendation​ ​and​ ​how​ ​confident​ ​they​ ​feel​ ​when​ ​moving​
​toward a final decision.​

​Important​ ​presentation​ ​choices​ ​include​ ​the​ ​wording​ ​of​ ​the​
​recommendation,​ ​the​ ​amount​ ​of​ ​supporting​ ​information,​ ​the​
​visibility​ ​of​​alternatives,​​the​​location​​of​​explanations,​​the​​use​
​of​ ​visual​ ​hierarchy,​ ​and​ ​the​ ​ease​ ​of​ ​questioning​ ​or​​changing​
​the​ ​recommendation.​​A​​statement​​such​​as​​a​​direct​​instruction​
​can​ ​create​ ​a​ ​different​ ​experience​ ​from​ ​a​ ​statement​ ​that​
​describes​ ​the​ ​recommendation​ ​as​ ​a​ ​suggested​ ​option.​
​Likewise,​ ​placing​ ​the​ ​explanation​ ​immediately​ ​next​ ​to​ ​the​
​recommendation​​can​​create​​a​​different​​experience​​from​​hiding​
​it several interactions away.​

​Recent​ ​work​​on​​recommendation​​explanations​​reinforces​​this​
​point.​ ​Chen,​ ​Lin,​ ​and​ ​Yi​ ​(2025)​ ​found​ ​that​ ​post-hoc​
​explanations​ ​can​ ​improve​ ​perceived​ ​transparency​ ​and​
​interpretability​ ​in​ ​conversational​ ​recommendation​ ​settings.​
​Their​ ​results​ ​also​ ​suggest​ ​that​ ​explanation​ ​preferences​ ​vary​
​across​ ​decision​​contexts​​and​​interfaces.​​This​​supports​​a​​more​
​flexible view of​

​explainability:​ ​the​ ​question​ ​is​ ​not​ ​simply​ ​whether​ ​an​
​explanation​ ​exists,​ ​but​ ​whether​ ​the​ ​form​ ​of​ ​explanation​ ​fits​
​what the user needs at that point in the decision.​

​More​ ​information​ ​is​ ​also​​not​​automatically​​better.​​A​​detailed​
​explanation​ ​can​ ​increase​ ​cognitive​ ​effort​ ​if​ ​it​ ​is​ ​poorly​
​structured​​or​​uses​​language​​that​​users​​do​​not​​understand.​​For​​a​
​financial​ ​recommendation,​ ​an​ ​interface​ ​may​ ​need​ ​to​
​communicate​ ​the​ ​key​ ​reason​ ​for​ ​the​ ​recommendation​ ​first,​
​followed​​by​​additional​​detail​​for​​users​​who​​want​​to​​inspect​​it.​
​This​ ​is​ ​consistent​ ​with​ ​a​ ​human-centered​ ​approach​ ​in​​which​
​information​​is​​available​​without​​forcing​​every​​user​​to​​process​
​the same level of detail.​

​Decision​ ​confidence​ ​is​ ​another​ ​important​ ​part​ ​of​ ​the​
​experience.​ ​Confidence​ ​does​ ​not​ ​mean​ ​that​ ​the​ ​user​ ​is​
​guaranteed​​to​​make​​the​​objectively​​correct​​choice.​​It​​refers​​to​
​how​ ​certain​ ​the​ ​user​ ​feels​ ​that​ ​they​ ​understand​ ​the​
​recommendation​ ​and​ ​can​ ​make​ ​a​ ​decision.​ ​Wang​ ​and​ ​Ding​
​(2024)​ ​found​ ​that​ ​explanation​ ​can​ ​affect​ ​decision​
​performance,​ ​while​ ​their​ ​results​ ​also​ ​show​ ​that​ ​self-reported​
​trust​​does​​not​​necessarily​​move​​in​​the​​same​​way​​as​​behavioral​
​outcomes.​ ​A​ ​useful​ ​interface​ ​may​ ​therefore​ ​support​
​confidence​ ​by​ ​reducing​ ​unnecessary​ ​ambiguity​ ​while​ ​still​
​making uncertainty visible when it matters.​

​These​ ​ideas​ ​lead​​to​​a​​central​​proposition​​of​​this​​research:​​the​
​interface​​is​​not​​merely​​a​​container​​for​​the​​AI​​recommendation.​
​It​ ​can​ ​become​ ​part​ ​of​ ​the​ ​decision​ ​itself.​ ​The​ ​design​ ​may​
​influence​ ​what​ ​users​ ​understand,​ ​what​ ​they​ ​trust,​ ​how​​much​
​control they feel, and how confidently they act.​

​Research gap​
​The​ ​existing​ ​literature​ ​provides​ ​evidence​ ​that​ ​AI​

​recommendations,​ ​trust,​ ​autonomy,​ ​explanation,​ ​and​ ​reliance​
​can​ ​influence​ ​human​ ​decision-making.​ ​Research​ ​is​ ​also​
​increasingly​ ​examining​ ​AI-enabled​​financial​​services​​and​​the​
​role​​of​​trust​​in​​their​​adoption.​​These​​studies​​establish​​a​​strong​
​foundation​​for​​the​​present​​research,​​but​​they​​leave​​room​​for​​a​
​focused​ ​examination​ ​of​ ​the​ ​interface-level​ ​decision​
​experience.​ ​The​ ​gap​ ​identified​ ​here​ ​is​ ​therefore​ ​not​ ​the​
​absence​ ​of​ ​research​ ​on​ ​trust​ ​or​ ​explainability;​ ​it​ ​is​ ​the​
​opportunity​ ​to​ ​examine​ ​how​ ​these​ ​factors​ ​operate​ ​together​
​during a specific user decision.​

​Many​​studies​​ask​​whether​​users​​trust​​AI,​​whether​​users​​accept​
​an​​AI​​recommendation,​​whether​​explainability​​increases​​trust,​
​whether autonomy changes acceptance, or whether people​
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​over-rely​​on​​AI.​​These​​are​​important​​questions,​​but​​they​​often​
​focus​ ​on​ ​one​ ​relationship​ ​at​ ​a​ ​time.​​From​​a​​UX​​perspective,​
​the​ ​user​ ​experiences​ ​these​ ​factors​ ​together.​ ​The​ ​user​ ​sees​ ​a​
​recommendation,​ ​interprets​ ​it,​ ​considers​ ​the​ ​explanation,​
​evaluates​​alternatives,​​experiences​​a​​sense​​of​​control,​​forms​​an​
​impression​ ​of​ ​trust,​ ​and​ ​then​ ​decides​ ​whether​ ​to​ ​act.​ ​The​
​present​ ​research​ ​turns​ ​this​ ​sequence​ ​into​ ​an​ ​experimental​
​interface problem.​

​The​ ​opportunity​ ​for​ ​this​ ​study​ ​is​ ​therefore​ ​to​ ​connect​ ​these​
​elements​ ​within​ ​one​ ​user-centered​ ​framework.​ ​The​​proposed​
​framework​ ​begins​ ​with​ ​the​ ​presentation​ ​of​ ​the​ ​AI​
​recommendation​ ​and​ ​considers​ ​how​ ​presentation​ ​affects​
​understanding​ ​and​ ​clarity,​ ​how​ ​those​ ​experiences​ ​relate​ ​to​
​trust​ ​and​ ​perceived​ ​control,​ ​and​ ​how​ ​trust​ ​and​ ​control​ ​may​
​contribute​ ​to​ ​decision​ ​confidence​​and​​willingness​​to​​act.​​The​
​framework​ ​does​ ​not​ ​assume​ ​a​ ​simple​ ​one-way​ ​relationship;​
​rather,​​it​​recognizes​​that​​these​​factors​​can​​influence​​each​​other​
​during the interaction.​

​This​ ​research​ ​gap​ ​is​ ​particularly​ ​relevant​ ​to​ ​financial​ ​UX​
​because​ ​the​​cost​​of​​a​​poorly​​understood​​recommendation​​can​
​be​​meaningful​​to​​the​​user.​​The​​study​​therefore​​focuses​​on​​the​
​design​ ​of​ ​the​ ​decision​ ​experience​ ​rather​ ​than​ ​attempting​ ​to​
​evaluate​ ​the​ ​financial​ ​quality​ ​of​ ​a​ ​particular​ ​investment​ ​or​
​product recommendation.​

​Research Objectives​

​The​ ​main​ ​purpose​ ​of​ ​this​​research​​is​​to​​understand​​how​​the​
​presentation​ ​of​ ​AI-generated​ ​financial​ ​recommendations​
​influences​ ​the​ ​way​ ​users​ ​experience​ ​and​ ​respond​ ​to​ ​the​
​decision.​ ​The​ ​study​ ​focuses​ ​on​ ​the​ ​interaction​ ​between​
​recommendation​ ​presentation,​ ​trust,​ ​perceived​ ​control,​
​decision​ ​confidence,​ ​and​ ​willingness​ ​to​ ​act.​ ​These​ ​variables​
​were​ ​selected​ ​because​ ​prior​ ​human-AI​ ​research​ ​connects​
​recommendation​ ​acceptance​ ​with​ ​autonomy​ ​and​ ​connects​
​reliance with trust calibration.​

​The​ ​research​ ​seeks​ ​to​ ​examine​ ​whether​ ​different​ ​interface​
​presentations​ ​change​ ​how​ ​clearly​ ​users​ ​understand​ ​an​ ​AI​
​recommendation.​ ​Clarity​ ​is​ ​important​ ​because​ ​a​
​recommendation​​cannot​​meaningfully​​support​​a​​decision​​if​​the​
​user​ ​cannot​ ​identify​ ​what​ ​the​​system​​is​​suggesting,​​why​​it​​is​
​suggesting​ ​it,​ ​or​ ​what​ ​information​ ​remains​ ​uncertain.​
​Human-AI​ ​interaction​ ​guidelines​ ​from​ ​Amershi​ ​et​​al.​​(2019)​
​provide​ ​a​ ​useful​ ​design​ ​basis​ ​for​ ​treating​ ​clarity​ ​and​ ​user​
​understanding​ ​as​ ​interaction​ ​concerns​ ​rather​ ​than​ ​purely​
​technical properties.​

​The​ ​study​ ​also​ ​seeks​ ​to​ ​understand​ ​the​ ​role​ ​of​ ​perceived​
​control.​ ​It​ ​examines​ ​whether​ ​interfaces​ ​that​ ​provide​
​meaningful​ ​choice,​ ​visible​ ​reasoning,​ ​and​ ​opportunities​ ​to​
​question​ ​or​ ​explore​ ​the​ ​recommendation​ ​create​ ​a​ ​stronger​
​feeling​​that​​the​​user​​remains​​responsible​​for​​the​​final​​decision.​
​This​​objective​​follows​​the​​autonomy​​findings​​reported​​by​​Fink​
​et​​al.​​(2024),​​but​​the​​present​​study​​tests​​control​​at​​the​​interface​
​level.​

​Another​​objective​​is​​to​​examine​​the​​relationship​​between​​trust​
​and​ ​decision​ ​behavior.​ ​The​ ​study​ ​does​​not​​treat​​high​​trust​​as​
​automatically​ ​desirable.​ ​Instead,​ ​it​ ​explores​ ​whether​ ​trust​ ​is​
​associated​ ​with​ ​willingness​ ​to​ ​act​ ​and​ ​whether​ ​this​
​relationship​​changes​​when​​users​​experience​​different​​levels​​of​
​control and clarity.​

​Finally,​ ​the​ ​research​ ​aims​ ​to​ ​translate​ ​the​ ​findings​ ​into​
​practical​ ​UX​ ​implications.​ ​The​ ​intended​ ​outcome​ ​is​ ​a​ ​set​​of​
​design​ ​considerations​ ​for​ ​AI-assisted​​financial​​interfaces​​that​
​help​ ​users​ ​understand​ ​recommendations,​ ​maintain​
​involvement,​​and​​make​​decisions​​with​​an​​appropriate​​level​​of​
​confidence.​

​Research Questions​

​The​​central​​research​​question​​is:​​How​​does​​the​​presentation​​of​
​AI-generated​ ​financial​ ​recommendations​ ​influence​ ​users’​
​perceived​ ​control,​ ​decision​​confidence,​​trust,​​and​​willingness​
​to act on the recommendation?​

​A​ ​supporting​ ​question​ ​asks​ ​how​ ​the​ ​presentation​ ​of​ ​an​
​AI-generated​ ​financial​ ​recommendation​ ​influences​ ​users’​
​understanding​ ​and​ ​trust​ ​in​ ​that​ ​recommendation.​ ​This​
​considers​​both​​the​​information​​itself​​and​​the​​interface​​choices​
​that communicate it.​

​A​​second​​supporting​​question​​asks​​how​​interface​​presentation​
​affects​ ​users’​ ​perceived​ ​control​ ​over​ ​the​ ​final​ ​financial​
​decision.​ ​This​​focuses​​on​​whether​​users​​feel​​they​​are​​making​
​the​​decision​​with​​AI​​assistance​​or​​simply​​following​​a​​decision​
​that appears to have already been made for them.​

​A​ ​third​ ​supporting​ ​question​ ​asks​ ​how​ ​trust​ ​and​ ​perceived​
​control​​relate​​to​​users’​​decision​​confidence​​and​​willingness​​to​
​act​​on​​an​​AI-generated​​recommendation.​​This​​allows​​the​​study​
​to​ ​examine​ ​the​ ​relationships​ ​among​ ​the​ ​psychological​ ​and​
​behavioral​ ​measures​ ​rather​ ​than​ ​treating​ ​each​ ​one​ ​as​ ​an​
​isolated outcome.​

​Conceptual Framework​
​The​ ​proposed​ ​conceptual​ ​framework​ ​connects​ ​AI​
​recommendation​ ​presentation​ ​with​ ​the​ ​user’s​ ​experience​ ​of​
​making​ ​a​ ​decision.​ ​The​ ​first​ ​part​ ​of​ ​the​ ​framework​ ​is​
​recommendation​ ​presentation.​ ​This​ ​includes​ ​how​ ​the​
​recommendation​​is​​worded,​​how​​much​​supporting​​information​
​is​ ​shown,​ ​whether​ ​alternatives​ ​are​ ​visible,​ ​whether​ ​an​
​explanation​ ​can​ ​be​ ​accessed,​ ​and​ ​how​ ​much​​opportunity​​the​
​user​ ​has​ ​to​ ​question​ ​or​ ​modify​ ​the​ ​recommendation.​ ​These​
​dimensions​ ​are​ ​informed​ ​by​ ​research​ ​on​ ​explainability,​
​recommendation interfaces, and human-AI interaction.​

​The​ ​next​ ​part​ ​of​ ​the​ ​framework​​is​​understanding​​and​​clarity.​
​Before​​users​​can​​evaluate​​an​​AI​​recommendation,​​they​​need​​to​
​understand​ ​what​ ​the​ ​system​ ​is​ ​suggesting​ ​and​ ​what​
​information​ ​supports​ ​the​ ​suggestion.​ ​Clarity​ ​is​ ​therefore​
​treated​ ​as​ ​an​ ​important​ ​experience​ ​that​ ​can​ ​influence​ ​later​
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​judgments.​ ​If​ ​users​ ​cannot​ ​understand​ ​the​ ​recommendation,​
​trust​​and​​confidence​​may​​be​​based​​more​​on​​presentation​​than​
​on actual understanding.​

​Trust​ ​and​ ​perceived​ ​control​ ​form​ ​the​​central​​user-experience​
​layer​ ​of​ ​the​ ​framework.​ ​Trust​ ​concerns​ ​whether​ ​the​ ​user​
​considers​ ​the​ ​AI​​recommendation​​sufficiently​​reliable​​to​​use.​
​Perceived​​control​​concerns​​whether​​the​​user​​feels​​that​​the​​final​
​decision​ ​remains​ ​under​ ​their​ ​control.​ ​These​ ​two​ ​experiences​
​may​​interact.​​A​​user​​can​​trust​​an​​AI​​system​​while​​still​​wanting​
​control,​​and​​a​​user​​can​​feel​​control​​while​​remaining​​uncertain​
​about the recommendation.​

​Decision​ ​confidence​ ​is​ ​positioned​ ​as​ ​an​ ​outcome​ ​of​ ​the​
​decision​ ​experience.​ ​When​ ​users​ ​understand​ ​the​
​recommendation​ ​and​ ​feel​ ​able​ ​to​ ​evaluate​ ​it,​ ​they​ ​may​ ​feel​
​more​ ​prepared​ ​to​ ​make​ ​a​ ​final​ ​choice.​ ​However,​ ​confidence​
​should​​not​​be​​interpreted​​as​​proof​​that​​the​​decision​​is​​correct.​
​In​ ​this​ ​study,​ ​it​ ​represents​​the​​user’s​​confidence​​in​​their​​own​
​decision process.​

​Willingness​​to​​act​​represents​​the​​behavioral​​intention​​to​​follow​
​or​ ​use​ ​the​ ​recommendation.​ ​The​​framework​​therefore​​moves​
​from​ ​how​​the​​recommendation​​is​​presented,​​through​​how​​the​
​user​​understands​​and​​evaluates​​it,​​toward​​how​​confidently​​the​
​user​ ​decides​ ​whether​ ​to​ ​act.​ ​The​ ​framework​ ​is​ ​deliberately​
​human-centered​ ​because​ ​the​ ​final​ ​stage​ ​remains​ ​a​ ​user​
​decision rather than an automatic system action.​

​Research Hypotheses​
​The​ ​first​ ​proposed​ ​hypothesis​ ​is​ ​that​ ​interface​ ​presentation​
​that​ ​provides​ ​clearer​ ​recommendation​ ​information​ ​and​
​accessible​​supporting​​reasoning​​will​​be​​associated​​with​​higher​
​perceived​ ​clarity​ ​than​ ​a​ ​presentation​ ​that​ ​provides​ ​less​
​contextual​ ​support.​ ​This​ ​hypothesis​ ​is​ ​grounded​ ​in​ ​research​
​showing​ ​that​ ​explanations​ ​and​ ​interface​ ​presentation​ ​can​
​influence understanding and transparency.​

​The​ ​second​ ​proposed​ ​hypothesis​ ​is​ ​that​ ​interfaces​ ​providing​
​meaningful​ ​user​ ​choice​ ​and​ ​visible​ ​opportunities​ ​to​​question​
​or​​inspect​​the​​recommendation​​will​​be​​associated​​with​​higher​
​perceived​​control.​​This​​hypothesis​​follows​​from​​the​​autonomy​
​findings​ ​reported​ ​by​ ​Fink​ ​et​ ​al.​ ​(2024),​ ​while​ ​extending​ ​the​
​question to a specific financial decision interface.​

​The​​third​​proposed​​hypothesis​​is​​that​​higher​​perceived​​clarity​
​will​ ​be​ ​associated​ ​with​ ​greater​ ​trust​ ​in​ ​the​ ​AI​
​recommendation,​ ​while​ ​recognizing​ ​that​ ​trust​ ​may​ ​also​
​depend​​on​​other​​factors​​such​​as​​perceived​​competence​​and​​the​
​user’s prior expectations.​

​The​ ​fourth​ ​proposed​ ​hypothesis​ ​is​ ​that​ ​higher​ ​perceived​
​control​ ​will​ ​be​ ​associated​ ​with​ ​greater​ ​decision​ ​confidence​
​because​ ​users​ ​may​ ​feel​ ​more​ ​ownership​ ​of​ ​the​ ​final​ ​choice​
​when​ ​they​​can​​actively​​evaluate​​the​​recommendation.​​This​​is​
​treated​ ​as​ ​a​ ​testable​ ​relationship​ ​rather​ ​than​ ​an​ ​assumed​
​outcome.​

​The​ ​fifth​ ​proposed​ ​hypothesis​ ​is​ ​that​ ​trust​ ​and​ ​perceived​
​control​ ​will​ ​both​ ​be​ ​related​ ​to​ ​willingness​ ​to​ ​act​ ​on​ ​the​ ​AI​

​recommendation,​ ​but​ ​that​ ​perceived​ ​control​ ​may​ ​help​
​distinguish informed acceptance from passive reliance.​

​These​ ​hypotheses​ ​are​ ​proposed​ ​relationships​ ​for​ ​empirical​
​testing.​ ​They​ ​are​ ​not​ ​presented​ ​as​ ​findings.​ ​The​ ​actual​
​direction​​and​​strength​​of​​relationships​​will​​depend​​on​​the​​data​
​collected from participants.​

​The​ ​study​ ​will​ ​use​ ​a​ ​user-centered​ ​experimental​ ​design​ ​in​
​which​ ​participants​ ​interact​ ​with​ ​prototype​ ​interfaces​ ​that​
​present​ ​the​ ​same​ ​underlying​ ​financial​ ​recommendation​ ​in​
​different​ ​ways.​ ​The​ ​purpose​ ​is​ ​to​ ​isolate​ ​the​ ​effect​ ​of​
​presentation​ ​rather​ ​than​​compare​​different​​financial​​products.​
​This​​approach​​follows​​the​​broader​​human-AI​​research​​practice​
​of​​studying​​how​​interface​​conditions​​affect​​user​​behavior​​and​
​perception while keeping the underlying task comparable.​

​The​ ​study​ ​uses​ ​a​ ​user-centered​ ​experimental​ ​approach.​ ​The​
​main​ ​method​ ​is​ ​to​ ​create​ ​prototype​ ​digital​ ​interfaces​ ​that​
​present​ ​AI-generated​ ​financial​ ​recommendations​ ​in​ ​different​
​ways​ ​and​ ​ask​ ​participants​ ​to​ ​complete​ ​simulated​ ​financial​
​decision-making​ ​tasks.​ ​The​ ​purpose​ ​of​ ​the​ ​experiment​ ​is​ ​to​
​compare​ ​experiences​ ​rather​ ​than​ ​to​ ​evaluate​ ​a​ ​real​ ​financial​
​product or provide real financial advice.​

​A​ ​prototype-based​ ​method​ ​is​ ​appropriate​ ​for​ ​this​ ​research​
​because​​the​​central​​variables​​are​​closely​​connected​​to​​interface​
​presentation.​ ​A​ ​purely​ ​descriptive​ ​survey​ ​may​ ​identify​
​whether​​users​​trust​​AI,​​but​​it​​would​​be​​less​​suitable​​for​​testing​
​how​​changes​​in​​wording,​​explanation,​​alternatives,​​and​​control​
​affect​ ​that​ ​experience.​ ​By​ ​presenting​ ​participants​ ​with​
​controlled​ ​interface​ ​conditions,​ ​the​ ​research​ ​can​ ​compare​
​responses​​while​​keeping​​the​​underlying​​scenario​​as​​consistent​
​as possible.​

​The​ ​study​ ​is​ ​designed​ ​around​ ​the​ ​idea​ ​that​ ​the​
​recommendation​ ​itself​ ​should​ ​remain​ ​conceptually​ ​similar​
​across​​conditions​​while​​the​​presentation​​changes.​​This​​makes​
​it​ ​possible​ ​to​ ​focus​ ​on​ ​the​ ​user​ ​experience​ ​surrounding​ ​the​
​recommendation.​ ​The​ ​experimental​ ​conditions​ ​can​ ​vary​ ​in​
​factors​ ​such​ ​as​ ​the​ ​visibility​ ​of​ ​explanation,​ ​availability​ ​of​
​alternatives,​ ​wording​ ​of​ ​the​ ​recommendation,​ ​and​
​opportunities for the user to inspect or adjust information.​

​The​​research​​is​​exploratory​​and​​comparative.​​It​​is​​not​​intended​
​to​ ​establish​ ​that​​one​​interface​​will​​always​​be​​better​​for​​every​
​financial​ ​decision.​ ​Financial​ ​decision-making​ ​varies​ ​by​
​context,​ ​experience,​ ​risk,​ ​and​ ​personal​ ​goals.​ ​Instead,​ ​the​
​study​ ​aims​ ​to​ ​identify​ ​patterns​ ​that​ ​can​ ​help​ ​designers​
​understand​ ​how​​interface​​presentation​​may​​support​​or​​reduce​
​user agency.​

​Experimental Interface Conditions​
​The​ ​proposed​ ​experiment​ ​can​ ​compare​ ​interface​ ​conditions​
​that​ ​differ​ ​in​ ​the​ ​amount​ ​and​ ​form​ ​of​ ​decision​ ​support​
​provided.​ ​One​ ​condition​ ​can​ ​present​​the​​AI​​recommendation​
​in​ ​a​ ​relatively​ ​direct​​form,​​where​​the​​recommended​​action​​is​
​visually​ ​prominent​ ​and​ ​limited​ ​supporting​ ​context​ ​is​
​immediately​ ​visible.​​This​​condition​​represents​​an​​interface​​in​
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​which​​the​​recommendation​​is​​easy​​to​​identify​​but​​may​​provide​
​fewer opportunities for reflection.​

​A​ ​second​ ​condition​ ​can​ ​provide​ ​the​ ​same​ ​recommendation​
​with​​a​​concise​​explanation​​of​​the​​main​​factors​​that​​influenced​
​it.​ ​The​ ​explanation​ ​should​ ​be​ ​understandable​ ​without​
​requiring​ ​specialist​ ​knowledge.​ ​The​ ​purpose​ ​is​ ​to​ ​examine​
​whether​ ​accessible​​reasoning​​changes​​clarity,​​trust,​​perceived​
​control, or confidence.​

​A​ ​third​ ​condition​ ​can​ ​provide​ ​the​ ​recommendation​ ​together​
​with​ ​meaningful​ ​alternatives​ ​or​ ​an​ ​explicit​ ​opportunity​ ​to​
​explore​​other​​options.​​This​​condition​​is​​informed​​by​​research​
​on​ ​choice​ ​autonomy.​ ​The​ ​intention​ ​is​ ​to​ ​examine​ ​whether​
​giving​ ​users​ ​more​ ​control​ ​over​ ​the​ ​recommendation​ ​space​
​changes their experience of ownership and willingness to act.​

​A​ ​further​ ​condition,​ ​if​ ​resources​ ​allow,​ ​can​ ​combine​
​explanation​ ​with​ ​user​ ​control.​ ​In​ ​this​​condition,​​the​​user​​can​
​see​ ​the​ ​recommendation,​ ​understand​ ​the​ ​key​ ​reasons,​ ​and​
​explore​ ​alternatives​ ​before​ ​deciding.​ ​The​ ​purpose​ ​is​ ​not​ ​to​
​assume​​that​​combining​​features​​will​​automatically​​produce​​the​
​strongest​ ​response,​ ​but​ ​to​ ​examine​ ​whether​ ​the​ ​combination​
​creates​ ​a​ ​different​ ​decision​​experience​​from​​a​​more​​directive​
​presentation.​

​All​ ​conditions​ ​should​ ​maintain​ ​consistent​ ​visual​ ​quality,​
​terminology,​ ​scenario​ ​information,​ ​and​ ​interaction​ ​length​ ​as​
​far​​as​​practical.​​Only​​the​​intended​​interface​​differences​​should​
​change.​ ​This​ ​helps​ ​reduce​ ​the​ ​possibility​ ​that​ ​participants​
​respond​​simply​​because​​one​​prototype​​looks​​more​​polished​​or​
​contains more decorative elements.​

​Experimental Scenario​

​The​ ​study​ ​will​ ​use​ ​a​ ​simulated​ ​financial​ ​decision​ ​scenario​
​rather​ ​than​ ​asking​ ​participants​ ​to​ ​make​ ​a​ ​real​ ​financial​
​transaction.​ ​The​ ​scenario​ ​should​ ​be​ ​understandable​ ​to​
​participants​ ​without​ ​requiring​ ​professional​ ​financial​
​knowledge.​ ​Participants​ ​will​ ​be​ ​given​ ​a​ ​realistic​ ​personal​
​context,​ ​a​​defined​​goal,​​and​​a​​limited​​set​​of​​information.​​The​
​AI​ ​system​ ​will​ ​then​ ​provide​ ​a​​recommendation​​based​​on​​the​
​scenario.​

​The​ ​scenario​ ​should​ ​create​ ​a​ ​genuine​ ​need​ ​to​ ​evaluate​ ​the​
​recommendation​ ​rather​ ​than​ ​making​ ​the​ ​correct​ ​response​
​obvious.​ ​For​ ​example,​ ​participants​ ​may​​be​​asked​​to​​consider​
​how​​they​​would​​allocate​​a​​limited​​amount​​of​​available​​money​
​toward​ ​competing​ ​goals.​ ​The​ ​exact​ ​financial​ ​values​ ​can​ ​be​
​adjusted​​during​​pilot​​testing​​so​​that​​the​​task​​is​​neither​​too​​easy​
​nor​​unnecessarily​​complex.​​The​​purpose​​is​​to​​create​​a​​decision​
​in​ ​which​ ​participants​ ​can​ ​reasonably​ ​agree​ ​or​ ​disagree​ ​with​
​the AI recommendation.​

​Participants​​will​​be​​told​​that​​the​​scenario​​is​​simulated​​and​​that​
​the​​AI​​recommendation​​is​​part​​of​​the​​research​​prototype.​​They​
​will​ ​be​ ​asked​ ​to​ ​behave​ ​as​ ​they​ ​would​ ​when​ ​evaluating​ ​a​
​recommendation​ ​in​ ​a​ ​digital​ ​financial​ ​interface.​ ​After​
​reviewing​ ​the​ ​recommendation​ ​and​ ​available​ ​information,​

​they​ ​will​ ​make​ ​a​ ​final​ ​decision​ ​and​ ​answer​ ​questions​ ​about​
​their experience.​

​The​ ​scenario​ ​is​ ​designed​ ​to​ ​study​ ​decision​ ​behavior​ ​and​
​perception,​ ​not​ ​to​ ​test​ ​participants’​ ​financial​ ​knowledge.​
​Therefore,​ ​the​ ​questionnaire​ ​should​ ​avoid​ ​questions​ ​that​
​reward​ ​specialist​ ​terminology.​ ​The​ ​research​ ​is​ ​interested​ ​in​
​whether​ ​participants​ ​understand​ ​the​ ​recommendation,​ ​feel​​in​
​control,​ ​trust​ ​the​ ​system​ ​appropriately,​ ​and​ ​feel​ ​confident​
​about their decision.​

​Participants​

​The​​study​​is​​intended​​for​​adult​​participants​​who​​regularly​​use​
​digital​ ​interfaces​ ​and​ ​have​ ​experience​ ​making​ ​everyday​
​financial​ ​decisions.​ ​The​ ​participant​ ​group​ ​does​ ​not​ ​need​ ​to​
​consist​ ​of​ ​professional​ ​financial​​experts​​because​​the​​research​
​focuses​ ​on​ ​ordinary​ ​user​ ​interaction​ ​with​ ​AI-generated​
​guidance.​ ​Participants​​should​​be​​able​​to​​understand​​the​​study​
​instructions and interact with the prototype independently.​

​Participant​ ​recruitment​ ​should​ ​aim​ ​for​ ​variation​ ​in​ ​age,​
​educational​ ​background,​ ​digital​ ​experience,​ ​and​ ​familiarity​
​with​ ​AI​ ​tools​ ​where​ ​practical.​ ​Such​ ​variation​ ​can​ ​help​ ​the​
​study​ ​avoid​ ​treating​ ​one​ ​narrow​​user​​group​​as​​representative​
​of​​all​​users.​​At​​the​​same​​time,​​the​​study​​should​​record​​relevant​
​background​ ​characteristics​ ​so​ ​that​ ​differences​ ​in​ ​familiarity​
​with​ ​AI​ ​or​ ​financial​ ​interfaces​ ​can​ ​be​ ​considered​ ​during​
​analysis.​

​Because​​the​​study​​is​​proposed​​rather​​than​​completed,​​the​​final​
​sample​ ​size​ ​should​ ​be​ ​determined​ ​according​ ​to​​the​​available​
​research​ ​setting,​ ​time,​ ​and​ ​statistical​ ​requirements.​ ​A​ ​pilot​
​study​ ​can​ ​first​ ​be​ ​used​ ​to​ ​identify​ ​usability​ ​problems​ ​and​
​estimate​ ​completion​ ​time.​ ​The​ ​final​ ​report​ ​should​ ​state​ ​the​
​actual​ ​number​ ​of​ ​participants,​ ​recruitment​ ​method,​
​demographic​ ​characteristics,​ ​and​ ​exclusions​ ​after​ ​data​
​collection​ ​rather​ ​than​ ​presenting​ ​these​ ​details​ ​as​ ​completed​
​results in advance.​

​Study Procedure​

​The​ ​study​ ​begins​ ​with​ ​an​ ​introduction​ ​explaining​ ​that​
​participants​​will​​interact​​with​​a​​prototype​​AI-assisted​​financial​
​interface.​ ​Participants​ ​will​ ​be​ ​informed​ ​that​ ​the​ ​system​ ​is​
​simulated​​for​​research​​purposes​​and​​that​​they​​should​​evaluate​
​the​ ​recommendation​ ​rather​ ​than​ ​assume​ ​it​ ​is​ ​automatically​
​correct.​ ​This​ ​instruction​ ​is​ ​important​ ​because​ ​the​ ​study​ ​is​
​examining​ ​decision-making​ ​rather​ ​than​ ​obedience​ ​to​ ​the​
​system.​

​Participants​ ​will​ ​then​ ​receive​ ​the​ ​financial​ ​scenario​ ​and​ ​the​
​information​​needed​​to​​understand​​the​​task.​​They​​will​​be​​given​
​enough​ ​time​ ​to​ ​read​ ​the​ ​scenario​ ​and​ ​interact​ ​with​ ​the​
​prototype.​ ​Depending​ ​on​ ​the​ ​experimental​ ​design,​ ​each​
​participant​ ​may​​experience​​one​​interface​​condition​​or​​several​

​© 2026, JOIREM      |​​www.joirem.com​​|        Page​​7​ ​ISSN (O) 3107-6696​

http://joirem.com/
http://www.joirem.com/


​Journal Publication of International Research for​​Engineering and Management​​(JOIREM)​
​Volume: 04 Issue: 09 | Sep-2026​

​ISSN (O) 3107-6696​

​counterbalanced​​conditions.​​If​​several​​conditions​​are​​used,​​the​
​order​ ​should​​be​​varied​​where​​possible​​to​​reduce​​learning​​and​
​order effects.​

​After​​reviewing​​the​​recommendation,​​participants​​will​​make​​a​
​final​ ​decision​ ​through​ ​the​ ​prototype.​ ​The​ ​system​​will​​record​
​the​ ​selected​ ​action​ ​and​ ​relevant​ ​interaction​ ​data​ ​if​ ​the​
​prototype​ ​supports​ ​this.​ ​Immediately​ ​after​ ​the​ ​task,​
​participants​ ​will​ ​answer​ ​questions​ ​about​ ​clarity,​ ​trust,​
​perceived​ ​control,​ ​confidence,​ ​usability,​ ​and​ ​willingness​ ​to​
​act.​

​A​ ​short​ ​qualitative​ ​response​ ​can​ ​also​ ​be​ ​collected​ ​by​​asking​
​participants​ ​to​ ​explain​ ​why​ ​they​ ​accepted,​ ​questioned,​ ​or​
​rejected​ ​the​ ​recommendation.​ ​This​ ​open​ ​response​ ​can​ ​help​
​identify​ ​reasons​ ​that​ ​a​ ​numerical​ ​scale​ ​may​ ​not​​capture.​​For​
​example,​ ​a​ ​participant​ ​may​ ​report​ ​that​ ​they​ ​accepted​ ​the​
​recommendation​ ​because​ ​the​ ​explanation​ ​matched​ ​their​
​personal​​goal,​​or​​they​​may​​report​​that​​they​​rejected​​it​​because​
​the interface felt too certain.​

​The​​study​​concludes​​with​​a​​debriefing.​​Participants​​should​​be​
​reminded​​that​​the​​recommendation​​was​​simulated​​and​​that​​no​
​real​ ​financial​ ​decision​ ​was​ ​being​ ​made.​ ​Any​ ​personal​
​information​ ​collected​ ​for​ ​research​ ​should​ ​be​ ​minimized​ ​and​
​handled according to the applicable institutional requirements.​

​Perceived​ ​control​ ​will​​be​​measured​​through​​statements​​about​
​whether​ ​participants​ ​felt​ ​they​ ​could​ ​evaluate​ ​the​
​recommendation,​ ​make​ ​their​ ​own​ ​choice,​ ​and​ ​change​ ​or​
​question​ ​the​ ​information​ ​presented​ ​to​ ​them.​ ​The​ ​measure​ ​is​
​conceptually​ ​related​ ​to​ ​the​ ​autonomy​ ​construct​ ​examined​​by​
​Fink et al. (2024).​

​Trust​ ​will​ ​be​ ​measured​ ​through​ ​statements​ ​that​ ​ask​
​participants​ ​how​ ​reliable,​ ​credible,​ ​or​ ​dependable​ ​they​
​considered​​the​​AI​​recommendation.​​The​​wording​​should​​avoid​
​suggesting​​that​​the​​participant​​ought​​to​​trust​​the​​system.​​This​
​is​​important​​because​​the​​research​​aims​​to​​measure​​trust​​as​​an​
​experience rather than encourage it during the study.​

​Decision​ ​confidence​ ​will​ ​be​ ​measured​ ​through​ ​statements​
​about​​whether​​participants​​felt​​prepared​​to​​make​​the​​decision,​
​understood​ ​the​ ​important​ ​information,​ ​and​ ​were​​confident​​in​
​their​ ​final​ ​choice.​ ​Confidence​ ​will​ ​be​ ​treated​​as​​a​​subjective​
​judgment​​about​​the​​decision​​process​​rather​​than​​evidence​​that​
​the participant made a objectively correct financial choice.​

​Decision​ ​confidence​ ​will​ ​be​ ​measured​ ​through​ ​participants’​
​reported​ ​confidence​ ​in​ ​their​ ​final​ ​decision​ ​and​ ​in​ ​their​
​understanding​ ​of​ ​the​ ​recommendation.​ ​The​ ​measure​ ​should​
​distinguish​ ​confidence​ ​in​ ​the​ ​decision​ ​process​ ​from​
​confidence​ ​that​ ​the​ ​financial​ ​outcome​ ​will​ ​definitely​ ​be​
​successful.​

​Clarity​ ​will​​capture​​whether​​participants​​understood​​what​​the​
​AI​ ​recommended​ ​and​ ​why.​ ​This​​can​​include​​questions​​about​
​how​ ​easy​ ​the​ ​recommendation​ ​was​ ​to​ ​interpret​ ​and​ ​whether​
​the​ ​supporting​ ​information​ ​was​ ​sufficient.​ ​Usability​ ​will​

​capture​ ​the​ ​ease​ ​of​ ​navigating​ ​and​ ​interacting​ ​with​ ​the​
​prototype.​

​Willingness​ ​to​ ​act​ ​will​ ​capture​ ​whether​ ​participants​ ​would​
​consider​​following​​the​​recommendation​​in​​a​​similar​​situation.​
​This​ ​measure​ ​should​ ​be​ ​interpreted​ ​carefully​ ​because​
​willingness​ ​to​ ​act​ ​is​ ​not​ ​the​ ​same​ ​as​ ​proof​ ​that​ ​the​
​recommendation is financially appropriate.​

​A​ ​short​ ​open-ended​ ​question​ ​can​ ​capture​ ​what​ ​participants​
​considered​​most​​important​​before​​making​​their​​final​​decision.​
​This​ ​qualitative​ ​information​ ​can​ ​be​​used​​to​​interpret​​patterns​
​in the quantitative responses.​

​Questionnaire Design​

​The​ ​questionnaire​ ​should​ ​use​ ​simple​ ​statements​ ​and​ ​a​
​consistent​​response​​scale​​so​​that​​participants​​can​​focus​​on​​the​
​experience​ ​rather​ ​than​ ​understanding​ ​complicated​
​measurement​ ​language.​ ​A​ ​five-point​ ​agreement​ ​scale​ ​can​​be​
​used,​ ​ranging​ ​from​ ​strong​​disagreement​​to​​strong​​agreement.​
​The​ ​exact​ ​scale​ ​should​ ​remain​ ​consistent​ ​across​ ​the​ ​main​
​constructs​ ​unless​ ​there​ ​is​ ​a​ ​methodological​​reason​​to​​change​
​it.​

​Trust​​items​​can​​ask​​whether​​the​​participant​​considered​​the​​AI​
​recommendation​ ​reliable,​ ​whether​ ​they​ ​believed​ ​the​
​recommendation​ ​was​ ​based​ ​on​ ​useful​ ​information,​ ​and​
​whether​​they​​felt​​comfortable​​considering​​it.​​Perceived​​control​
​items​ ​can​ ​ask​ ​whether​ ​the​ ​participant​ ​felt​ ​that​ ​the​ ​final​
​decision​​remained​​their​​own,​​whether​​they​​could​​question​​the​
​recommendation,​ ​and​ ​whether​ ​they​ ​felt​ ​free​ ​to​ ​choose​ ​a​
​different option.​

​Decision​ ​confidence​ ​items​ ​can​ ​ask​ ​whether​ ​participants​ ​felt​
​confident​ ​about​ ​their​ ​final​ ​choice​ ​and​ ​whether​​they​​felt​​they​
​had​ ​enough​ ​information​ ​to​ ​decide.​ ​Clarity​ ​items​ ​can​ ​ask​
​whether​ ​the​ ​recommendation​ ​was​ ​easy​ ​to​ ​understand​ ​and​
​whether​ ​the​ ​main​ ​reason​ ​for​ ​the​ ​recommendation​ ​was​ ​clear.​
​Usability​ ​items​ ​can​ ​ask​ ​whether​ ​the​ ​interface​ ​was​ ​easy​ ​to​
​navigate and whether the interaction felt straightforward.​

​Willingness-to-act​ ​items​ ​can​ ​ask​ ​whether​ ​the​ ​participant​
​would​ ​consider​ ​following​ ​the​​recommendation,​​whether​​they​
​would​ ​use​ ​a​ ​similar​ ​AI​ ​recommendation​ ​in​ ​the​ ​future,​ ​and​
​whether​ ​they​ ​would​ ​recommend​ ​using​ ​such​ ​an​ ​interface​ ​for​
​similar​ ​decisions.​ ​These​ ​items​ ​should​ ​be​ ​analyzed​ ​alongside​
​perceived control rather than alone.​

​Because​ ​the​ ​research​ ​is​ ​specifically​ ​concerned​ ​with​ ​user​
​agency,​ ​the​ ​analysis​ ​should​ ​avoid​ ​treating​ ​the​ ​highest​
​acceptance​ ​rate​ ​as​ ​automatic​ ​evidence​ ​of​ ​better​ ​design.​ ​A​
​condition​ ​could​ ​produce​ ​more​ ​recommendation​ ​acceptance​
​because​​it​​is​​more​​persuasive,​​not​​because​​users​​understand​​it​
​better.​ ​The​ ​analysis​ ​will​ ​therefore​ ​examine​ ​acceptance​
​together​ ​with​ ​perceived​ ​control,​ ​clarity,​ ​trust,​ ​and​ ​decision​
​confidence.​

​The​​quantitative​​analysis​​will​​begin​​with​​descriptive​​statistics​
​to​ ​summarize​ ​participants’​ ​responses​ ​across​ ​the​ ​main​
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​constructs.​ ​Mean​​scores,​​response​​distributions,​​and​​variation​
​can​ ​be​ ​used​ ​to​ ​understand​ ​the​ ​overall​ ​pattern​ ​of​ ​trust,​
​perceived​ ​control,​ ​confidence,​ ​clarity,​ ​usability,​ ​and​
​willingness​ ​to​ ​act.​ ​These​ ​summaries​ ​should​ ​be​ ​reported​
​separately for each experimental interface condition.​

​If​​the​​final​​sample​​size​​and​​design​​support​​inferential​​testing,​
​comparisons​ ​between​ ​interface​ ​conditions​ ​can​ ​be​ ​conducted​
​using​ ​an​ ​appropriate​ ​statistical​ ​method.​ ​The​ ​specific​ ​test​
​should​ ​depend​ ​on​ ​whether​ ​participants​ ​experience​ ​one​
​condition​​or​​multiple​​conditions​​and​​on​​the​​distribution​​of​​the​
​collected​ ​data.​ ​The​ ​final​ ​paper​ ​should​ ​report​ ​the​ ​actual​ ​test​
​used​ ​rather​ ​than​ ​selecting​ ​a​ ​method​ ​only​ ​after​ ​seeing​ ​which​
​produces a preferred result.​

​Relationships​ ​among​ ​trust,​ ​perceived​ ​control,​ ​decision​
​confidence,​​and​​willingness​​to​​act​​can​​also​​be​​examined​​using​
​correlation​ ​or​ ​regression-based​ ​analysis​ ​where​ ​appropriate.​
​This​ ​can​ ​help​ ​identify​ ​whether​ ​users​ ​who​ ​report​ ​greater​
​control​ ​also​ ​report​ ​greater​ ​confidence​ ​or​ ​willingness​ ​to​ ​act.​
​Such​​relationships​​should​​be​​interpreted​​as​​associations​​unless​
​the​ ​experimental​ ​design​ ​and​ ​analysis​ ​justify​ ​stronger​ ​causal​
​conclusions.​

​Open-ended​ ​responses​ ​can​ ​be​ ​analyzed​ ​thematically.​
​Responses​ ​can​ ​be​ ​grouped​ ​around​ ​themes​ ​such​ ​as​
​understanding​ ​the​ ​recommendation,​ ​desire​ ​for​ ​more​
​information,​ ​perceived​ ​pressure,​ ​usefulness​ ​of​ ​alternatives,​
​trust​ ​in​ ​the​​system,​​uncertainty,​​or​​feeling​​responsible​​for​​the​
​final​ ​choice.​ ​These​ ​themes​ ​can​ ​help​ ​explain​ ​why​ ​numerical​
​responses differ across conditions.​

​The​ ​study​ ​may​ ​reveal​ ​that​ ​a​ ​highly​ ​persuasive​ ​presentation​
​produces​ ​strong​ ​willingness​ ​to​ ​act​ ​while​ ​also​ ​reducing​
​perceived​ ​control.​ ​If​ ​that​ ​pattern​ ​appears,​ ​it​ ​would​ ​be​
​important​ ​because​ ​it​ ​would​ ​distinguish​ ​recommendation​
​effectiveness​ ​from​ ​user-centered​ ​decision​ ​support.​​The​​study​
​may​​also​​find​​that​​a​​condition​​with​​more​​explanation​​produces​
​better​​understanding​​but​​lower​​ease​​of​​use.​​Such​​results​​would​
​suggest​ ​a​ ​trade-off​ ​rather​ ​than​ ​a​ ​single​ ​universally​ ​optimal​
​interface.​

​Expected Findings and Interpretation​

​The​ ​present​ ​paper​ ​does​ ​not​ ​report​ ​completed​ ​empirical​
​findings​ ​because​ ​the​ ​proposed​ ​study​ ​has​ ​not​ ​yet​ ​been​
​conducted.​ ​The​ ​following​ ​section​ ​therefore​ ​describes​ ​the​
​patterns​ ​that​ ​the​ ​research​ ​is​ ​designed​ ​to​ ​examine​​rather​​than​
​claiming​ ​results.​ ​This​ ​distinction​ ​is​ ​important​ ​because​
​expected findings must not be presented as observed evidence.​

​One​ ​expected​ ​possibility​ ​is​ ​that​ ​interfaces​ ​providing​ ​clear​
​explanations​ ​and​ ​meaningful​ ​user​ ​control​ ​will​ ​produce​
​stronger​ ​perceptions​ ​of​ ​involvement​ ​than​ ​interfaces​ ​that​
​present​ ​a​ ​recommendation​ ​in​ ​a​ ​highly​ ​directive​ ​way.​
​Participants​​may​​report​​that​​they​​feel​​more​​responsible​​for​​the​
​final​ ​decision​ ​when​ ​they​ ​can​ ​see​ ​why​ ​the​ ​recommendation​
​was made and can explore alternatives.​

​Another​​possibility​​is​​that​​trust​​and​​perceived​​control​​will​​not​
​always​ ​move​ ​together.​ ​A​ ​user​ ​may​ ​trust​ ​the​ ​AI​​but​​still​​feel​
​that​​the​​interface​​is​​too​​directive.​​Conversely,​​a​​user​​may​​feel​
​highly​ ​in​ ​control​ ​but​ ​remain​ ​uncertain​ ​about​ ​whether​ ​the​
​recommendation​ ​is​ ​reliable.​ ​Such​ ​patterns​ ​would​ ​be​ ​useful​
​because​​they​​would​​show​​that​​trust​​and​​agency​​are​​related​​but​
​distinct aspects of the decision experience.​

​The​ ​study​ ​may​ ​also​ ​reveal​ ​that​ ​additional​ ​explanation​ ​has​ ​a​
​point​ ​of​ ​diminishing​ ​value.​ ​Participants​ ​could​ ​find​​a​​concise​
​explanation​​useful​​while​​finding​​a​​long​​explanation​​difficult​​to​
​process.​​If​​this​​occurs,​​the​​design​​implication​​would​​not​​be​​to​
​remove​ ​explanations,​ ​but​ ​to​ ​structure​ ​them​ ​progressively​ ​so​
​that​ ​the​ ​most​ ​important​ ​information​ ​is​ ​available​ ​first​ ​and​
​deeper detail can be accessed when needed.​

​Another​ ​possible​ ​finding​ ​is​ ​that​ ​users​ ​may​ ​accept​
​recommendations​ ​more​ ​readily​ ​when​ ​alternatives​​are​​visible.​
​This​ ​would​ ​be​ ​consistent​ ​with​ ​research​​on​​choice​​autonomy,​
​but​ ​the​ ​present​ ​study​ ​would​ ​examine​ ​the​ ​effect​ ​specifically​
​through​ ​an​ ​interface​ ​and​ ​financial​ ​decision​ ​context.​ ​The​
​important​​point​​would​​be​​whether​​alternatives​​help​​users​​feel​
​more​ ​capable​ ​of​ ​evaluating​ ​the​ ​recommendation​ ​rather​ ​than​
​simply giving them more options to click.​

​The​ ​final​ ​analysis​ ​should​ ​therefore​ ​remain​ ​open​ ​to​ ​different​
​patterns.​ ​The​ ​value​ ​of​ ​the​ ​study​ ​lies​ ​in​ ​identifying​ ​how​
​presentation,​​control,​​trust,​​and​​confidence​​interact​​rather​​than​
​in proving that one interface element is universally superior.​

​UX Design Implications​

​The​ ​first​ ​design​ ​implication​ ​is​ ​that​ ​an​ ​AI​ ​recommendation​
​should​ ​be​ ​presented​ ​as​ ​decision​ ​support​ ​rather​ ​than​ ​as​ ​an​
​unquestionable​​instruction.​​The​​visual​​hierarchy​​can​​still​​make​
​the​ ​recommendation​ ​easy​ ​to​ ​find,​ ​but​ ​the​ ​interface​ ​should​
​communicate​​that​​the​​user​​remains​​the​​decision-maker.​​Small​
​wording​ ​choices​ ​can​ ​contribute​ ​to​ ​this​ ​distinction​ ​by​
​describing​ ​the​ ​output​ ​as​ ​a​ ​recommendation,​ ​suggestion,​ ​or​
​explanation​ ​of​ ​an​ ​option​ ​rather​ ​than​ ​presenting​ ​it​ ​as​ ​an​
​absolute command.​

​The​​second​​implication​​concerns​​explanation.​​Users​​should​​be​
​able​​to​​understand​​the​​main​​reason​​behind​​a​​recommendation​
​without​ ​needing​ ​to​ ​read​ ​a​ ​long​ ​technical​ ​explanation.​ ​A​
​concise​ ​summary​ ​can​ ​communicate​ ​the​ ​key​ ​factors,​ ​while​ ​a​
​secondary​ ​interaction​ ​can​ ​reveal​ ​more​ ​detail​ ​for​ ​users​ ​who​
​want​ ​to​ ​inspect​ ​the​ ​reasoning.​ ​This​ ​approach​ ​can​ ​support​
​different​ ​levels​ ​of​ ​user​ ​interest​ ​without​ ​placing​ ​the​ ​same​
​cognitive burden on everyone.​

​The​​third​​implication​​is​​meaningful​​choice.​​If​​the​​system​​can​
​identify​ ​several​ ​reasonable​ ​options,​ ​showing​ ​only​ ​one​ ​may​
​unintentionally​​make​​the​​interface​​feel​​more​​authoritative​​than​
​necessary.​ ​Providing​ ​alternatives​ ​can​ ​help​ ​communicate​ ​that​
​the​ ​AI​ ​is​ ​assisting​ ​with​ ​the​ ​decision​ ​rather​ ​than​ ​owning​ ​it.​
​However,​ ​alternatives​ ​should​ ​be​ ​meaningful​ ​and​
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​understandable;​ ​simply​ ​adding​ ​more​ ​options​ ​can​ ​increase​
​confusion if users cannot distinguish between them.​

​The​ ​fourth​ ​implication​ ​is​ ​visible​ ​user​ ​input.​ ​When​ ​a​
​recommendation​ ​depends​ ​on​ ​information​ ​about​ ​the​ ​user’s​
​goals​ ​or​ ​preferences,​ ​the​ ​interface​ ​can​ ​make​ ​the​ ​important​
​inputs​ ​visible.​ ​This​ ​helps​ ​users​ ​recognize​ ​the​ ​connection​
​between​ ​what​ ​they​ ​told​ ​the​ ​system​ ​and​ ​what​ ​the​ ​system​
​recommends.​ ​It​ ​can​ ​also​ ​give​ ​them​ ​a​ ​clear​ ​opportunity​ ​to​
​correct information that does not represent their situation.​

​The​ ​fifth​ ​implication​ ​is​ ​appropriate​ ​uncertainty.​​An​​interface​
​should​ ​avoid​ ​creating​ ​a​​stronger​​impression​​of​​certainty​​than​
​the​​underlying​​recommendation​​supports.​​This​​does​​not​​mean​
​making​​every​​screen​​full​​of​​warnings.​​Instead,​​uncertainty​​can​
​be​ ​communicated​ ​in​ ​simple​ ​language​ ​where​ ​it​ ​matters,​
​especially​​when​​the​​recommendation​​depends​​on​​assumptions​
​or incomplete information.​

​The​​final​​implication​​is​​that​​acceptance​​should​​not​​be​​the​​only​
​UX​ ​success​ ​metric.​ ​A​ ​design​ ​that​​increases​​recommendation​
​acceptance​ ​may​ ​appear​ ​effective,​ ​but​ ​if​ ​users​ ​feel​ ​unable​ ​to​
​question​ ​the​ ​system,​ ​it​ ​may​ ​also​ ​create​ ​over-reliance.​
​Designers​ ​should​ ​therefore​ ​consider​ ​trust,​ ​perceived​ ​control,​
​understanding, confidence, and willingness to act together.​

​Ethical Considerations​

​Because​​the​​study​​concerns​​financial​​decision-making​​and​​AI​
​recommendations,​ ​ethical​ ​communication​ ​is​ ​important​ ​even​
​though​​the​​tasks​​are​​simulated.​​Participants​​should​​understand​
​that​ ​the​ ​prototype​ ​does​ ​not​ ​provide​​real​​financial​​advice​​and​
​that​​they​​should​​not​​use​​the​​research​​interface​​to​​make​​actual​
​financial​ ​decisions.​ ​This​ ​prevents​ ​confusion​ ​between​ ​the​
​research scenario and professional financial guidance.​

​Participant​​autonomy​​should​​also​​be​​respected​​throughout​​the​
​study.​​Participants​​should​​be​​free​​to​​withdraw​​according​​to​​the​
​research​ ​setting’s​ ​informed-consent​ ​requirements.​ ​The​ ​study​
​should​ ​avoid​ ​collecting​ ​unnecessary​ ​personal​ ​financial​
​information.​ ​If​​demographic​​or​​experience​​data​​are​​collected,​
​they​ ​should​ ​be​ ​limited​ ​to​ ​information​ ​necessary​ ​for​ ​the​
​research question.​

​The​​design​​itself​​should​​not​​intentionally​​pressure​​participants​
​into​​accepting​​a​​recommendation.​​Since​​the​​research​​is​​about​
​perceived​​control,​​a​​coercive​​or​​manipulative​​interface​​would​
​introduce​​an​​ethical​​problem​​as​​well​​as​​a​​methodological​​one.​
​The​ ​experimental​ ​conditions​ ​should​ ​differ​ ​in​ ​presentation​
​while​ ​maintaining​ ​respect​ ​for​ ​the​ ​participant’s​ ​ability​ ​to​
​choose.​

​Finally,​ ​the​ ​interpretation​ ​of​ ​the​ ​research​ ​should​ ​avoid​
​presenting​ ​AI​ ​as​ ​either​ ​inherently​ ​trustworthy​ ​or​ ​inherently​
​harmful.​ ​The​ ​purpose​ ​is​ ​to​ ​understand​ ​how​ ​people​ ​interact​
​with​ ​AI​ ​recommendations​ ​and​ ​how​ ​interface​ ​design​ ​can​
​support​ ​better​ ​human​ ​involvement.​ ​The​ ​findings​ ​should​ ​be​

​discussed​ ​with​ ​appropriate​ ​uncertainty​ ​and​ ​should​ ​not​ ​be​
​generalized​ ​beyond​ ​the​ ​participant​ ​group​ ​and​ ​study​
​conditions.​

​Validity, Reliability, and Pilot Testing​
​Before​​the​​main​​study,​​a​​pilot​​test​​should​​be​​conducted​​with​​a​
​small​ ​group​ ​of​ ​participants​ ​to​ ​identify​ ​unclear​ ​wording,​
​confusing​ ​interface​ ​elements,​ ​technical​ ​problems,​ ​and​
​unrealistic​ ​task​ ​demands.​ ​Pilot​ ​participants​ ​can​ ​be​ ​asked​ ​to​
​explain​ ​what​ ​they​ ​think​ ​the​ ​AI​ ​recommendation​ ​means​ ​and​
​what​ ​they​ ​believe​ ​they​ ​are​ ​expected​ ​to​ ​do.​ ​This​ ​can​ ​reveal​
​whether​ ​the​ ​prototype​ ​communicates​​the​​intended​​distinction​
​between recommendation and decision.​

​The​ ​experimental​ ​conditions​ ​should​ ​be​ ​checked​ ​for​ ​visual​
​equivalence.​ ​If​ ​one​ ​condition​ ​contains​ ​substantially​ ​more​
​polished​ ​visuals,​ ​larger​ ​typography,​ ​or​ ​stronger​ ​color​
​emphasis,​​participants​​may​​respond​​to​​the​​visual​​quality​​rather​
​than​ ​the​ ​intended​ ​recommendation​ ​presentation.​ ​Keeping​
​layout​ ​quality​ ​and​ ​interaction​ ​patterns​ ​consistent​ ​helps​
​improve internal validity.​

​Questionnaire​ ​items​ ​should​ ​be​ ​reviewed​ ​for​ ​clarity​ ​and​
​redundancy.​ ​If​ ​several​ ​questions​ ​appear​ ​to​ ​ask​ ​exactly​ ​the​
​same​ ​thing,​ ​participants​ ​may​ ​experience​ ​unnecessary​
​repetition.​ ​At​ ​the​ ​same​ ​time,​ ​each​ ​construct​ ​should​ ​have​
​enough​​items​​to​​represent​​it​​meaningfully.​​Reliability​​analysis​
​can​ ​be​ ​conducted​ ​after​ ​data​​collection​​if​​the​​sample​​size​​and​
​measurement design support it.​

​The​ ​final​ ​study​ ​should​ ​also​ ​report​ ​limitations​ ​related​ ​to​ ​the​
​prototype.​ ​Participants​ ​interacting​ ​with​ ​a​ ​simulated​ ​interface​
​may​ ​behave​ ​differently​ ​from​ ​people​ ​making​ ​real​ ​financial​
​decisions​ ​with​​real​​consequences.​​The​​study​​can​​still​​provide​
​valuable​ ​UX​ ​evidence,​​but​​the​​findings​​should​​be​​interpreted​
​within the boundaries of the experimental setting.​

​For​ ​UX​ ​designers,​ ​the​​practical​​challenge​​is​​therefore​​one​​of​
​balance.​​Too​​little​​information​​can​​make​​the​​recommendation​
​difficult​ ​to​ ​evaluate,​ ​while​ ​too​ ​much​ ​information​ ​can​ ​create​
​unnecessary​ ​cognitive​ ​effort.​ ​Research​ ​on​ ​explainability​ ​and​
​recommendation​ ​interfaces​ ​suggests​ ​that​ ​explanation​ ​should​
​be​ ​understandable​ ​and​ ​relevant​​to​​the​​decision​​context​​rather​
​than​ ​added​ ​simply​ ​for​ ​transparency’s​ ​sake.​ ​The​ ​findings​ ​of​
​this​ ​study​ ​can​ ​translate​ ​that​ ​principle​ ​into​ ​concrete​ ​interface​
​choices.​

​The​ ​central​ ​idea​ ​of​ ​this​ ​research​ ​is​ ​that​ ​AI-assisted​
​decision-making​ ​should​​not​​be​​understood​​only​​as​​a​​question​
​of​ ​whether​ ​users​ ​follow​ ​recommendations.​ ​Following​ ​a​
​recommendation​ ​is​ ​the​ ​final​ ​visible​ ​action,​ ​but​ ​many​
​experiences​​occur​​before​​that​​action.​​The​​user​​first​​notices​​the​
​recommendation,​ ​interprets​ ​it,​ ​decides​ ​whether​ ​it​ ​seems​
​credible,​ ​considers​ ​personal​ ​goals,​ ​evaluates​ ​the​ ​available​
​alternatives,​ ​and​ ​experiences​ ​some​ ​degree​ ​of​ ​control​ ​or​
​pressure. Interface design participates in each of these stages.​
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​This​ ​perspective​ ​also​ ​helps​ ​explain​ ​why​ ​trust​ ​alone​ ​is​ ​not​
​sufficient​​as​​a​​design​​goal.​​A​​system​​can​​be​​trusted​​because​​it​
​appears​ ​competent,​ ​familiar,​ ​or​ ​authoritative.​ ​Yet​​a​​user​​may​
​still​ ​need​ ​opportunities​ ​to​ ​question​ ​it.​ ​If​ ​trust​ ​becomes​ ​a​
​shortcut​ ​that​ ​prevents​ ​evaluation,​ ​it​ ​can​ ​contribute​ ​to​
​over-reliance.​ ​If​ ​trust​ ​is​ ​supported​ ​by​ ​understandable​
​information​ ​and​ ​meaningful​ ​control,​ ​it​ ​may​ ​instead​ ​become​
​part of a more balanced decision process.​
​Perceived​ ​control​ ​is​ ​therefore​ ​important​ ​because​ ​it​ ​adds​ ​a​
​human​ ​dimension​ ​that​ ​acceptance​ ​measures​ ​can​ ​miss.​​When​
​users​ ​feel​ ​that​​the​​decision​​remains​​theirs,​​they​​may​​be​​more​
​likely​ ​to​ ​treat​ ​the​ ​AI​ ​as​ ​a​ ​support​ ​tool​ ​rather​ ​than​ ​a​
​replacement​​for​​their​​own​​judgment.​​This​​does​​not​​mean​​that​
​users​ ​should​ ​ignore​ ​AI​ ​recommendations.​ ​It​ ​means​ ​that​ ​the​
​interface should make room for active evaluation.​

​The​ ​research​ ​also​ ​highlights​ ​the​ ​psychology​ ​of​ ​interface​
​elements.​ ​A​ ​recommendation​ ​is​ ​not​ ​interpreted​​only​​through​
​its​ ​words.​ ​Position,​​hierarchy,​​emphasis,​​interaction​​cost,​​and​
​availability​ ​of​ ​alternatives​ ​can​ ​all​ ​influence​ ​how​ ​users​
​understand​ ​the​ ​relationship​ ​between​ ​themselves​ ​and​ ​the​
​system.​ ​A​ ​visually​ ​dominant​ ​recommendation​ ​with​ ​little​
​opportunity​ ​to​ ​explore​ ​may​ ​communicate​​a​​different​​level​​of​
​authority​​from​​a​​recommendation​​presented​​alongside​​reasons​
​and alternatives.​

​The​ ​interface​ ​can​ ​also​ ​communicate​​authority​​through​​visual​
​hierarchy​ ​and​ ​language.​ ​A​ ​large,​ ​visually​ ​dominant​
​recommendation​​with​​a​​single​​action​​may​​feel​​more​​final​​than​
​a​ ​recommendation​​presented​​with​​reasons,​​alternatives,​​and​​a​
​clear​​opportunity​​to​​reconsider.​​This​​does​​not​​mean​​that​​every​
​interface​ ​should​ ​add​ ​more​​options.​​Instead,​​the​​research​​asks​
​whether​ ​the​ ​available​​interaction​​makes​​the​​user’s​​role​​in​​the​
​final decision visible.​

​The​​proposed​​study​​contributes​​to​​this​​discussion​​by​​bringing​
​these​ ​concerns​ ​into​ ​one​ ​experimental​ ​interface​ ​context.​ ​The​
​study​ ​does​ ​not​ ​attempt​ ​to​ ​replace​ ​research​ ​on​ ​AI​ ​accuracy,​
​financial​​outcomes,​​or​​algorithmic​​fairness.​​Instead,​​it​​focuses​
​on the layer where users meet the​

​AI:​ ​the​ ​interface​ ​through​ ​which​ ​a​ ​recommendation​ ​becomes​
​understandable, questionable, and actionable.​

​Limitations​
​trustworthy,​

​The​ ​first​ ​limitation​ ​is​ ​that​ ​the​ ​study​​uses​​simulated​​financial​
​decision-making​ ​rather​ ​than​ ​real​ ​financial​ ​transactions.​
​Participants​ ​may​ ​therefore​ ​experience​ ​less​ ​emotional​ ​or​
​practical​ ​pressure​ ​than​ ​they​ ​would​ ​in​ ​a​ ​real​ ​situation.​ ​The​
​results​ ​should​ ​be​ ​interpreted​ ​as​ ​evidence​ ​about​ ​interface​
​experience​ ​and​ ​decision​ ​perception​ ​rather​ ​than​ ​proof​ ​of​
​real-world financial behavior.​

​A​ ​second​ ​limitation​ ​is​ ​the​ ​participant​ ​sample.​​If​​the​​study​​is​
​conducted​ ​with​ ​a​ ​relatively​ ​small​ ​or​ ​convenience-based​
​sample,​ ​the​ ​findings​ ​may​ ​not​​represent​​all​​users.​​Differences​
​in​ ​age,​ ​financial​ ​experience,​ ​digital​ ​literacy,​ ​and​ ​previous​
​exposure​​to​​AI​​may​​influence​​responses.​​These​​factors​​should​
​therefore​​be​​reported​​clearly​​and​​considered​​when​​interpreting​
​the results.​

​A​ ​third​ ​limitation​ ​concerns​ ​the​ ​prototype​ ​itself.​ ​A​ ​research​
​prototype​​cannot​​reproduce​​every​​feature​​of​​a​​fully​​developed​
​AI​ ​financial​ ​system.​ ​Participants​ ​may​ ​respond​ ​differently​
​when​ ​recommendations​ ​are​ ​connected​ ​to​ ​real​ ​personal​ ​data,​
​real-time​ ​information,​ ​or​ ​real​ ​financial​ ​consequences.​​Future​
​research​ ​could​ ​extend​ ​the​ ​study​ ​using​ ​more​​realistic​​settings​
​while maintaining appropriate ethical protections.​

​A​​further​​limitation​​is​​that​​self-reported​​measures​​such​​as​​trust​
​and​​confidence​​describe​​participants’​​perceptions​​and​​may​​not​
​perfectly​​predict​​behavior.​​Combining​​questionnaire​​responses​
​with​ ​observed​ ​interaction​ ​behavior​ ​and​ ​qualitative​
​explanations​ ​can​ ​provide​ ​a​ ​richer​ ​understanding,​ ​but​ ​even​
​these​ ​measures​ ​cannot​ ​capture​ ​every​ ​aspect​ ​of​ ​a​ ​complex​
​decision.​

​Finally,​ ​the​ ​research​ ​focuses​ ​primarily​ ​on​ ​interface​
​presentation​ ​and​ ​user​ ​agency.​​Other​​important​​issues​​such​​as​
​model​​accuracy,​​data​​quality,​​fairness,​​privacy,​​regulation,​​and​
​financial​​literacy​​remain​​relevant​​but​​are​​not​​the​​main​​focus​​of​
​this​ ​study.​ ​They​ ​should​ ​be​ ​considered​ ​when​ ​applying​ ​the​
​findings to real systems.​

​Future Scope​

​Future​ ​research​ ​can​ ​extend​ ​this​ ​work​ ​by​ ​testing​ ​AI​
​recommendation​ ​interfaces​ ​with​ ​larger​ ​and​ ​more​ ​diverse​
​participant​​groups.​​Different​​levels​​of​​financial​​experience​​and​
​AI​ ​familiarity​ ​may​ ​influence​ ​how​ ​users​ ​interpret​
​recommendations​​and​​how​​much​​control​​they​​expect​​from​​an​
​interface.​ ​Comparing​ ​these​ ​groups​ ​could​​help​​identify​​where​
​particular design patterns are most useful.​

​Future​ ​studies​ ​could​ ​also​ ​examine​ ​more​ ​realistic​ ​decision​
​contexts,​ ​including​ ​longer-term​ ​interactions​ ​in​ ​which​ ​users​
​return​ ​to​ ​the​ ​same​ ​system​ ​repeatedly.​ ​Trust​ ​and​ ​perceived​
​control​ ​may​ ​change​ ​with​ ​experience.​ ​A​ ​user​ ​who​ ​initially​
​questions​ ​every​ ​recommendation​ ​may​ ​develop​ ​a​ ​different​
​interaction​​pattern​​after​​repeated​​successful​​experiences,​​while​
​a​​user​​may​​also​​become​​overly​​dependent​​on​​a​​system​​that​​has​
​previously appeared reliable.​

​Another​ ​area​ ​for​ ​future​ ​research​ ​is​ ​adaptive​ ​explanation.​
​Instead​ ​of​ ​presenting​ ​the​ ​same​ ​explanation​ ​to​ ​every​​user,​​an​
​interface​ ​could​ ​allow​ ​users​ ​to​ ​choose​​the​​level​​of​​detail​​they​
​need.​​Future​​experiments​​could​​compare​​concise​​explanations,​
​progressive​ ​disclosure,​ ​visual​ ​evidence,​ ​source​ ​information,​
​and​ ​interactive​ ​questioning​ ​to​ ​understand​ ​which​ ​approaches​
​support appropriate trust and confidence.​
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​Future​ ​research​ ​could​ ​also​ ​examine​ ​the​​relationship​​between​
​recommendation​​framing​​and​​action.​​The​​same​​AI​​output​​may​
​produce​​different​​responses​​depending​​on​​whether​​it​​is​​framed​
​as​ ​a​ ​suggestion,​ ​a​ ​prediction,​ ​a​ ​warning,​ ​or​ ​a​ ​recommended​
​option.​ ​Testing​ ​these​ ​differences​ ​can​ ​help​ ​designers​
​understand​ ​how​ ​language​ ​and​ ​visual​ ​hierarchy​ ​shape​ ​the​
​psychological experience of AI assistance.​

​Finally,​ ​future​ ​work​ ​can​ ​connect​ ​the​ ​UX​ ​findings​ ​with​
​technical​ ​and​ ​ethical​ ​research.​ ​Interface​ ​design​ ​alone​ ​cannot​
​solve​​problems​​caused​​by​​inaccurate​​data,​​biased​​models,​​poor​
​recommendations,​​or​​inappropriate​​system​​objectives.​​A​​more​
​complete​ ​human-centered​ ​AI​ ​approach​ ​would​ ​consider​ ​the​
​quality​ ​of​ ​the​​underlying​​recommendation​​together​​with​​how​
​that​​recommendation​​is​​communicated​​to​​the​​person​​who​​must​
​decide.​

​This​​research​​examines​​a​​simple​​but​​important​​question:​​when​
​AI​​recommends​​what​​people​​should​​do​​with​​their​​money,​​who​
​still​ ​feels​ ​that​ ​they​ ​are​ ​making​ ​the​ ​decision?​ ​The​ ​question​
​becomes​ ​increasingly​ ​relevant​ ​as​ ​AI​ ​systems​ ​move​ ​from​
​providing​ ​information​ ​toward​ ​generating​ ​personalized​
​guidance.​​The​​value​​of​​such​​systems​​depends​​not​​only​​on​​their​
​technical​ ​capability​ ​but​ ​also​ ​on​ ​how​ ​people​ ​understand​ ​and​
​use​ ​their​ ​recommendations.​ ​Prior​ ​work​ ​on​ ​trust,​ ​reliance,​
​autonomy,​ ​and​​explainability​​provides​​the​​foundation​​for​​this​
​study,​ ​but​ ​the​ ​present​ ​research​ ​places​ ​those​ ​ideas​ ​inside​ ​a​
​specific interface and decision-making experiment.​

​The​ ​literature​ ​reviewed​ ​in​ ​this​ ​paper​ ​shows​ ​that​ ​trust,​
​autonomy,​ ​recommendation​ ​acceptance,​ ​explanation,​ ​and​
​reliance​ ​are​ ​connected​ ​to​ ​human-AI​ ​decision-making.​
​Research​ ​has​ ​also​ ​demonstrated​ ​the​ ​possibility​ ​of​
​over-reliance​ ​and​ ​has​ ​shown​ ​that​ ​giving​ ​users​ ​greater​
​autonomy​​can​​affect​​recommendation​​acceptance.​​In​​financial​
​AI​ ​contexts,​ ​trust​ ​is​ ​an​ ​important​ ​factor​ ​in​ ​adoption.​ ​At​ ​the​
​same​ ​time,​ ​explanation​ ​research​ ​suggests​ ​that​ ​how​
​information​ ​is​ ​presented​ ​can​ ​influence​ ​transparency,​
​interpretability,​ ​and​ ​decision​ ​performance.​ ​The​​present​​study​
​uses​ ​these​ ​findings​ ​as​ ​a​ ​basis​ ​for​ ​testing​ ​interface-level​
​relationships​ ​rather​ ​than​ ​treating​ ​them​ ​as​ ​conclusions​ ​about​
​the proposed prototype.​

​Building​ ​on​ ​this​ ​evidence,​ ​the​ ​present​ ​research​ ​takes​ ​an​
​interface-centered​ ​perspective.​ ​It​ ​proposes​ ​that​ ​AI​
​recommendation​ ​presentation​ ​can​​influence​​clarity,​​perceived​
​control,​​trust,​​decision​​confidence,​​and​​willingness​​to​​act.​​The​
​study​ ​therefore​ ​moves​ ​beyond​ ​the​ ​question​ ​of​​whether​​users​
​trust​​AI​​and​​focuses​​on​​what​​happens​​between​​receiving​​an​​AI​
​recommendation​ ​and​ ​making​ ​the​ ​final​ ​choice.​ ​The​
​experimental​ ​method​ ​is​ ​designed​ ​to​ ​test​ ​these​ ​relationships​
​rather than assume them.​

​The​ ​proposed​ ​experimental​ ​method​ ​is​ ​designed​ ​to​ ​compare​
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​Appendix: Proposed Participant Questionnaire​

​The​ ​proposed​ ​questionnaire​ ​begins​ ​with​ ​a​ ​short​ ​instruction​
​asking​​participants​​to​​answer​​based​​on​​the​​interface​​they​​have​
​just​​used.​​The​​questionnaire​​is​​intended​​to​​measure​​experience​
​rather than financial knowledge.​

​Trust​​can​​be​​assessed​​through​​statements​​such​​as:​​I​​considered​
​the​ ​AI​ ​recommendation​ ​reliable;​ ​I​ ​believed​ ​the​
​recommendation​ ​was​ ​based​ ​on​ ​useful​ ​information;​ ​I​ ​felt​
​comfortable​ ​considering​ ​the​ ​recommendation;​ ​and​​I​​believed​
​the​ ​system​ ​provided​ ​a​ ​reasonable​ ​recommendation​ ​for​ ​the​
​scenario.​

​Perceived​​control​​can​​be​​assessed​​through​​statements​​such​​as:​
​I​ ​felt​ ​that​ ​the​ ​final​ ​decision​ ​was​​mine;​​I​​felt​​free​​to​​disagree​
​with​ ​the​ ​AI​ ​recommendation;​ ​I​ ​felt​ ​able​ ​to​ ​evaluate​ ​the​
​recommendation​​before​​deciding;​​and​​I​​felt​​that​​I​​had​​enough​
​control over the decision process.​

​Decision​​confidence​​can​​be​​assessed​​through​​statements​​such​
​as:​ ​I​ ​felt​ ​confident​ ​about​ ​my​​final​​decision;​​I​​understood​​the​
​recommendation​ ​well​ ​enough​ ​to​ ​decide;​ ​I​ ​felt​ ​prepared​ ​to​
​make​ ​the​ ​decision;​​and​​I​​was​​confident​​that​​I​​had​​considered​
​the important information.​

​Clarity​​and​​usability​​can​​be​​assessed​​through​​statements​​such​
​as:​ ​The​ ​recommendation​ ​was​ ​easy​ ​to​ ​understand;​ ​the​​reason​
​for​ ​the​ ​recommendation​ ​was​ ​clear;​ ​the​ ​information​ ​was​

​organized​ ​well;​ ​the​ ​interface​ ​was​ ​easy​ ​to​ ​navigate;​ ​and​ ​the​
​interaction felt straightforward.​

​Willingness​​to​​act​​can​​be​​assessed​​through​​statements​​such​​as:​
​I​ ​would​ ​consider​ ​following​​this​​recommendation​​in​​a​​similar​
​situation;​ ​I​ ​would​ ​consider​ ​using​ ​this​ ​type​ ​of​ ​AI​ ​assistance​
​again;​ ​and​ ​I​ ​would​ ​feel​ ​comfortable​ ​using​ ​the​ ​interface​​as​​a​
​decision-support tool.​

​The​ ​questionnaire​​can​​conclude​​with​​an​​open-ended​​question​
​asking:​ ​What​ ​was​ ​the​ ​main​ ​thing​ ​that​ ​influenced​ ​your​ ​final​
​decision?​ ​A​ ​second​ ​optional​ ​question​ ​can​ ​ask:​ ​Was​ ​there​
​anything​​about​​the​​AI​​recommendation​​or​​interface​​that​​made​
​you​ ​want​ ​to​ ​question​ ​the​ ​recommendation?​ ​These​ ​responses​
​can provide qualitative evidence about user agency and trust.​
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