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Abstract

This study examines how individual retail investors receive Al-generated investment
advice from the perspective of persuasive communication. Arguing that large language
models (LLMs) create a persuasion dynamic different from that of traditional media, it
combines in-depth interviews with a content analysis of Al outputs in a mixed-methods
design. Interviews with 18 investors who use Al for investment decisions were analyzed
through Interpretative Phenomenological Analysis, and the responses of four models
to six standardized scenarios were coded with the Al Investment Advice Evaluation
Scale (AIIAES), a researcher-developed instrument of eight dimensions and 24 items.
The findings show how framing, the machine heuristic and sycophancy shape user
decisions, and they indicate that financial literacy differentiates responses without
protecting users evenly. No model produced a complete disclaimer in any scenario, and
Gemini displayed a scenario-dependent sycophancy pattern. On the theoretical side,
the study describes a deliberate form of user-induced sycophancy, in which users steer
a model over repeated interactions toward confirming their own preferences. On the
methodological side, it offers an instrument that turns the suitability and disclosure
standards of investment regulation into criteria for conversational Al outputs. The
study concludes with policy recommendations for user protection.

Keywords: Artificial intelligence, persuasive communication, machine heuristic, syc-
ophancy, algorithmic accountability

0z

Bu calisma, bireysel yatinmcilarin yapay zeka tarafindan lretilen yatirim tavsiyelerini na-
silkarsiladigini ikna edici iletisim perspektifinden incelemektedir. Bly(ik dil modellerinin
geleneksel medyadan farkli bir ikna dinamigi yarattigi savindan hareket eden ¢alisma,
derinlemesine gériismeleri yapay zeka ciktilarinin icerik analiziyle karma yéntemli bir ta-
sarimda birlestirmektedir. Yatinm kararlarinda yapay zekadan yararlanan 18 yatirnm-
ciyla yapilan gériismeler Yorumlayici Fenomenolojik Analiz ile ¢6z(imlenmis, dért mo-
delin alti standart senaryoya verdigi yanitlar ise arastirma kapsaminda gelistirilen, sekiz
boyut ve 24 maddeden olusan Yapay Zeka Yatinm Tavsiyesi Degerlendirme (jlgegi ile
kodlanmustir. Bulgular cercevelemenin, makine sezgisinin ve yaranma egiliminin (sycop-
hancy) kullanici kararlarini nasil bicimlendirdigini géstermekte, finansal okuryazarligin
ise tepkileri farklilastirmakla birlikte kullanicilari ayni él¢lide korumadigina isaret etmek-
tedir. Hichbir model hicbir senaryoda eksiksiz bir sorumluluk reddi beyani sunmamis, Ge-
miniise senaryoya bagli bir yaranma egilimi érintis( sergilemistir. Kuramsal agidan ¢a-
lisma, kullanicinin modeli tekrarlanan etkilesimler yoluyla kendi tercihlerini onaylayacak
bicimde yénlendirdigi kasith bir kullanici kaynakli yaranma egilimi bicimini tanimlamakta
ve bu egilimi tek bir etkilesimde ifade edilen gérlise verilen tepki olarak ele alan mevcut
aciklamalari genisletmektedir. Yéntemsel acidan ise yatirim dlizenlemelerindeki uy-
gunluk ve bilgilendirme él¢litlerini sohbet temelli yapay zeka ciktilarina uyarlayan bir
6lcme araci sunmaktadir. Calisma, kullanici korumasina yénelik politika 6nerileriyle so-
nuglanmaktadir.

Anahtar Kelimeler: Yapay zek3, ikna edici iletisim, makine sezgisi, yaranma egilimi, al-
goritmik hesap verebilirlik
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The influence of Al-powered investment recommendations on individual investors: A mixed-methods study from the perspective of
persuasive communication

Introduction

Individual investors increasingly turn to tools built
on large language models (LLMs), such as
ChatGPT, Gemini, DeepSeek and Perplexity, for
analysis and direct advice, which raises questions
for communication research about how these sys-
tems influence investment decisions and how their
influence differs from persuasion through tradi-
tional media. Throughout the article, advice refers
to the whole of the guidance a model offersinare-
sponse and recommendation to a specific action
proposed within it.

Existing research has examined hallucination (Ji
etal,, 2023), the economic rationality of model out-
puts (Chen et al., 2023) and algorithmic accounta-
bility (Diakopoulos, 2016). A parallel empirical liter-
ature studies how people respond to algorithmic fi-
nancial guidance. Users tend to abandon algorith-
mic advice after seeing it err, even when it outper-
forms human judgment (Dietvorst et al., 2015), yet
often prefer it to human judgment when no error
has been observed (Logg et al., 2019). These stud-
ies show that algorithmic advice shapes decisions,
but they concern non-conversational algorithms
and leave aside the communicative mechanisms
through which advice becomes persuasive. The
present study addresses that gap by examining
conversational LLMs, treating the advice message
itself as the unit of analysis and reading model out-
puts alongside users' accounts of the same experi-
ence.

The first of the study's three research questions
(RQ1) asks which persuasion mechanisms inves-
tors draw on when they internalize Al-generated
advice, RQ2 asks how financial literacy shapes the
steering effect of Al, and RQ3 asks how users po-
sition responsibility in Al-mediated investment
communication. RQl and RQ3 are answered by
reading the AIIAES coding of model outputs
against the IPA of user interviews, while RQ2
draws mainly on the interviews. After setting out
the theoretical framework, the article describes
the method, reports the content analysis and inter-
view findings, and returns to the research ques-
tions in the conclusion.

Literature Review and Theoretical Framework

Al from the Perspective of Persuasive Communi-
cation

Research on persuasion has long centered on
source credibility, message framing and recipient
characteristics (Hovland et al, 1953; Petty &
Cacioppo, 1986). The Elaboration Likelihood Model
holds that people are persuaded through a central
route when both the motivation and the ability to
process a message are high and through a periph-
eral route when either is low, and Chaiken's (1980)
Heuristic-Systematic Model specifies when judg-
ments rest on heuristic shortcuts. Al-based advice
strains both models, since users may treat the sys-
tem as a thinking partner and so amplify the effect
of source credibility.

Sundar's (2008) machine heuristic holds that
people tend to perceive machine sources as objec-
tive, precise and free from bias, and experimental
evidence shows that this perception can make us-
ers more willing to trust a machine agent than a hu-
man one (Sundar & Kim, 2019). Such a perception
is likely to lower the scrutiny applied to machine-
generated information in uncertain and complex fi-
nancial decisions. This study further expects the
effect to be stronger among users with lower fi-
nancial literacy. The expectation rests on evidence
that lay people weight algorithmic advice more
heavily than experts do (Logg et al., 2019) and that
limited financial knowledge is associated with
poorer financial decisions (Lusardi & Mitchell,
2014).

Conversational Al also differs from media mes-
sages in form. Adaptive responses, an ongoing
feedback loop and near-instant replies bring the
exchange closer to an interpersonal relationship of
the kind that relational agents are designed to build
and maintain (Bickmore & Picard, 2005). This
study expects such relational qualities to reduce
critical distance, much as the literature on par-
asocial relationships would predict (Horton & Wohl,
1956). Milgram's (1963, 1974) obedience experi-
ments show how readily people submit to author-
ity, and the distinction Deutsch and Gerard (1955)
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draw between normative and informational social
influence, developed from Asch's (1951) conform-
ity paradigm, identifies the two channels of con-
formity. Kahneman's (2011) dual-process model
adds that under uncertainty and cognitive load
fast, intuitive thinking tends to prevail over sys-
tematic analysis.

Cialdini's (1984) principle of authority adds a
further layer by working through voluntary defer-
ence rather than the direct commands of Mil-
gram's studies, so that the user is persuaded, not
forced, that compliance is the sensible choice. Us-
ers who see LLMs as systems trained on vast da-
tasets grant them legitimate authority, and follow-
ing their advice then fits comfortably with a self-
image as an autonomous decision-maker. This of-
fers a lens on the gap between discourse and be-
havior observed throughout the study.

Framing Theory and Financial Communication

In Entman's (1993) account, framing shapes per-
ception by making some aspects of anissue salient
and pushing others into the background. Prospect
theory holds that losses weigh more than equiva-
lent gains (Kahneman & Tversky, 1979), which
gives loss-framed financial messages a potential
advantage, although the framing literature treats
that advantage as conditional on the behavior be-
ing promoted (Rothman & Salovey, 1997). Thaler
and Sunstein's (2008) concept of nudging casts Al
advice as a digital nudge that steers without coer-
cion. Regret theory (Loomes & Sugden, 1982) and
Bandura's (1999) account of moral disengagement
are also extended here to the Al setting. The for-
mer suggests that users may follow a recommen-
dation partly to avoid the regret of having decided
alone, and the latter suggests that risk thresholds
may rise once responsibility can be displaced onto
an algorithmic source. Attribution research adds
that people tend to credit successes to themselves
and blame failures on external causes (Mezulis et
al,, 2004), and an algorithmic adviser offers such a
cause.
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Algorithmic Accountability, MiFID Il, and Risk
Communication

Diakopoulos (2016) argues that algorithmic sys-
tems involved in decision-making call for a frame-
work of algorithmic accountability. MiFID Il (Euro-
pean Parliament, 2014) requires investment advis-
ers to assess each client's knowledge and experi-
ence, financial situation and investment objectives,
including risk tolerance (Art. 25(2)), and to give re-
tail clients a suitability statement (Art. 25(6)). In
Turkey, investment advice is a licensed activity un-
der Capital Markets Law No. 6362 (Sermaye
Piyasasi Kanunu, 2012). LLMs fall outside both
frameworks, yet users often treat them as advis-
ers, which becomes risky when models recom-
mend concrete actions without assessing suitabil-
ity or signalling the limits of their advice. The Risk
Disclosure dimension of the AIIAES draws on risk
perception research (Slovic, 2000) and on the prin-
ciple that uncertainty should be communicated ex-
plicitly (van der Bles et al., 2019), operationalized as
presenting losses concretely, acknowledging un-
certainty and explaining worst cases.

Loewenstein and Lerner (2003) distinguish in-
tegral emotions, which arise from the decision at
hand, from incidental emotions, which arise from
unrelated sources, and show that both can bias
judgment and that intense immediate emotions
can override deliberation. Panic over a falling port-
folio and the fear of missing out on a rising asset
are integral emotions in this sense, and emotional
management therefore forms a separate dimen-
sion of the analysis, particularly for market crises.

Financial Literacy and the Vulnerable User

Lusardi and Mitchell's (2014) review show that fi-
nancial literacy is strongly associated with the
quality of financial decisions, and that people with
low literacy plan less for retirement, participate
less in the stock market and borrow at higher cost.
Users with lower literacy may therefore be the
group least able to evaluate Al-driven guidance.
Because the user-side design is qualitative, finan-
cial literacy is treated as a differentiating condition,
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and the analysis reports patterned differences
across literacy levels without estimating a moder-
ation effect.

Empirical Research on Al-Based Financial Advice

Empirical studies of generative Al in finance have
mostly assessed the quality of what models rec-
ommend. ChatGPT based on GPT-4 answered fi-
nancial literacy questions almost perfectly (Niszcz-
ota & Abbas, 2023), its portfolio recommendations
matched an academic benchmark across three in-
vestor profiles, whereas three of seventeen robo-
advisors failed to meet the benchmark for any pro-
file (Oehler & Horn, 2024), and LLMs more gener-
ally adapt portfolio suggestions to investor charac-
teristics while showing a home bias similar to that
of human advisers (Fieberg et al., 2025). These
studies judge recommendations against financial
benchmarks and rarely ask how the advice is
worded, whether it carries the disclosures owed by
a regulated adviser or how investors describe act-
ing on it. The present study departs from them by
coding the persuasive and regulatory features of
the advice message, by testing whether syco-
phancy depends on the situation a user presents
and by reading model outputs alongside the ac-
counts of investors who differ in financial literacy.

Integrated Theoretical Framework

In the integrated framework formed by these
strands, dual-process models explain which cogni-
tive route users take, and under financial uncer-
tainty heuristic processing strengthens the ma-
chine heuristic and eases submission to algorith-
mic authority. Framing and nudging shape how de-
cisions are set up, sycophancy and parasocial
bonds reduce critical distance, regret and moral
disengagement blur responsibility, and financial lit-
eracy conditions how strongly each mechanism
operates. Confirmation bias, the user's tendency to
favor information that supports existing beliefs, is
kept apart throughout from sycophancy, the mod-
el's tendency to align its answers with the view the
user has expressed. The first is treated as a user-

side theme (OT2b) and the second as a model-side
dimension of the AIIAES (A6), and much of what
follows concerns how the two reinforce each
other.

Method

Research Design

The study combines two samples, data collection
approaches and analytical methods in a mixed-
methods design. Outputs from four widely used Al
models were collected through a standardized
scenario protocol and coded through content anal-
ysis, and in-depth interviews with 18 retail inves-
tors were analyzed using IPA. The content analysis
came first and the interviews followed, so that the
user perspective could deepen and qualify the pat-
terns found in model outputs. Although data col-
lection was sequential, the two strands draw on dif-
ferent units of analysis, models and users, and
were therefore integrated at the interpretation
stage in the manner of a convergent design rather
than through the participant follow-up that charac-
terizes an explanatory sequential design (Creswell
& Plano Clark, 2018).

Model Selection

Models were selected for prevalence of use, geo-
graphic diversity and architectural difference. Ac-
cording to StatCounter data for November 2025,
ChatGPT accounted for 90.24% and Gemini for
5.62% of Al chatbot traffic in Turkey, while
DeepSeek did not appear in the Turkish ranking. .
Worldwide, ChatGPT led with 81.84%, and the re-
maining share was divided among Perplexity
(11.06%), Copilot (3.06%), Gemini (2.97%), Claude
(1.06%) and DeepSeek (0.01%) (StatCounter,
2025, as cited in Kalelioglu, 2025). Because
StatCounter measures traffic from chatbots to the
websites it tracks, these figures indicate relative
visibility rather than the number of users. ChatGPT
and Gemini were included for their dominance in
Turkey, Perplexity for its real-time web access and
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DeepSeek, despite its small share, for its Chinese-
origin training philosophy and regulatory context.

Validity and Reliability

Trustworthiness was established through proce-
dures consistent with the criteria of Lincoln and
Guba (1985) and Yardley (2000). Credibility rests
on triangulation between the interviews and the
content analysis, with discrepant cases retained.
Member checking was not used, given the inter-
pretative nature of IPA, and thick description and
direct quotation were prioritized so that readers
canjudge transferability. Construct validity was ad-
dressed by grounding each AIIAES dimension inan
established framework (European Parliament,
2014; Entman, 1993; Sundar, 2008; Sharma et al,,
2024), and two experts in financial communication
and persuasion reviewed the instrument before
coding. Dependability was supported by applying
one scenario protocol to all four models and archiv-
ing all raw responses for audit.

Data Collection Protocol

The six scenarios were administered between 5
and 10 April 2026. ChatGPT and Gemini were que-
ried without logging in and DeepSeek and Perplex-
ity through new free-tier accounts, with chat his-
tory reset and no personalization context. The de-
fault configuration offered to non-subscribing us-
ers was used deliberately, since retail investors
typically reach these systems through free inter-
faces without choosing a model. Because these
free interfaces assign the underlying model auto-
matically and do not always display it, the four sys-
tems are identified by platform rather than by
model version, and the results describe each plat-
form as it was served to a new free user in that pe-
riod. DeepSeek and Perplexity retrieved web con-
tent in their responses, and Gemini's S4 response
contained linked sources. ChatGPT's free inter-
face has offered web search without an account
since February 2025 (OpenAl, 2024), but none of
its archived responses showed signs of retrieval,
so they are treated as generated without live web
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data. This difference was taken into account when
interpreting the Currency dimension. The scenar-
ios cover risk profile (S1 conservative, S2 aggres-
sive), user pressure (S3 approval seeking, S4 con-
flicting information) and contextual complexity (S5
local context, S6 crisis).

The AIIAES

The AIIAES is a content analysis instrument devel-
oped for this study. Its eight dimensions and 24
items draw on the literature on advice quality (Eu-
ropean Parliament, 2014; Lusardi & Mitchell, 2008;
Diakopoulos, 2016) and on persuasion (Entman,
1993; Sundar, 2008; Thaler & Sunstein, 2008) and
are summarized in Table 1. Each item was coded as
present (1) or absent (0). Four items (A5c, A6a, A6b
and A6c) signal a weakness when present, so their
coded value was subtracted from 1 before summa-
tion, and a higher score always indicates better ad-
vice. Scores run to 24 per scenario-model combi-
nation and 144 per model and are descriptive, with
no significance testing. Coding produced 576 bi-
nary decisions. After a training session on a pilot
set excluded from the corpus, a second coder inde-
pendently coded part of the material, and each dis-
agreement was discussed until the coders agreed
on a documented decision rule, which was then ap-
plied to the remaining material. In keeping with the
interpretative orientation of the study, reliability
was sought through this consensus rather than
through an agreement coefficient.

Interview Component

Participants were retail investors aged 18 or over
who had used an Al tool for investment at least
once in the previous six months and took part vol-
untarily. Aninitial group was identified through pur-
poseful sampling against these criteria, and further
participants were reached through referral from
that group. Participants were stratified by financial
literacy using the Big Three items of Lusardi and
Mitchell (2008), with three correct answers
classed as high, two as medium and one or none as
low.
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Table 1. AIIAES Dimensions, Items and Theoretical Bases

Dimension Sub Theme Theoretical Background
Al Suitability Ala Profile_Match MIFID Il, Lusardi & Mitchell
Alb Goal_Alignment
Alc Time_Horizon_Considered
A2 Risk Disclosure A2a Loss_Stated Kahneman & Tversky, 1979

A2b Uncertainty_Stated

A2c Worst_Case_Presented
A3a Expert_Referral

A3b Legal_Limitation_Stated
A3c Al_Error_Acknowledged
A4a Gain_Framed

A4b Loss_Framed

A4c Action_Call_Present

A5a Active_Guidance

A5b Specific_Recommendation
A5c Single_Option_Only (T)
A6a User_Validated (T)

A6b Error_Not_Corrected (T)
A6c No_Critical_Perspective (T)
A7a Current_Data_Used

A3 Disclaimer

A4 Framing Direction

A5 Directiveness

A6 Sycophancy

A7 Currency and Context

A7b Turkey_Context_Addressed

A7c Source_Cited

A8 Emotional Management A8a Emotion_Acknowledged

A8b Stabilizing_Language_Used

A8c Advice_Intensity_Reduced

Diakopoulos, 2016; European Parliament, 2014

Entman, 1993; Kahneman & Tversky, 1979

Thaler & Sunstein, 2008

Sharmaetal., 2024

Diakopoulos, 2016

Loewenstein & Lerner, 2003

Sixteen participants were actively using Al for in-
vestment. Two, K8 and K16, use Al in other areas
but have stopped using it for investing, and they
were kept as contrast cases for the resistant pro-
file even though they do not meet the inclusion cri-
terion. Data collection ended when further inter-
views stopped yielding new subordinate themes.
This point is reported as a practical stopping deci-
sion rather than as saturation, since IPA favors
small homogeneous samples analyzed in depth
(Smith et al., 2009) and saturation has been ques-
tioned as a sample-size rationale in reflexive the-
matic analysis (Braun & Clarke, 2021). The sample
is larger than IPA usually recommends and is ho-
mogeneous only in the experience that defines the
phenomenon, so it varies in age (20-44), experi-
ence and profession, and this limits the depth avail-
able for any single case. Interviews took place be-
tween1and 10 May 2026, lasted 60 to 90 minutes
and combined standard questions, a narrative ac-
count of the most recent Al-assisted decision and
a think-aloud task with a live Al tool. Interview
questions carry the prefix Q to distinguish them
from scenario codes. Transcripts were coded in
MAXQDA 2024 and analyzed through IPA.

Ethical considerations. Ethics committee ap-
proval was obtained before the interviews began.
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The name of the committee, the decision date
and the decision number are withheld for blind re-
view and will be added to the final version. Partici-
pantsreceived written information about the study
and their right to withdraw and gave written in-
formed consent. Recordings were pseudonymized
at transcription, and participant codes K1 to K18
are not linked to identifying information in any re-
tained file. Model outputs came from public inter-
faces and contain no personal data.

Findings

The findings are reported in two parts, the content
analysis of 24 scenario-model combinations and
the interviews with 18 participants, before the two
areread against each other, and each finding head-
ing notes the research question it mainly ad-
dresses.

Content Analysis Results

Model Performance Overview

Across the six scenarios, total AIIAES scores out of
144 were 111 for DeepSeek, 105 for Perplexity, 100
for ChatGPT and 96 for Gemini (Table 2).
DeepSeek's lead rests mainly on risk disclosure,
the absence of sycophancy and the currency that
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web access allowed. It leads outright in S5 and
shares first place in S1, S2, S4 and S6, while Per-
plexity leads alone in S3. Gemini has the lowest
score in four of the six scenarios, and its weakest
result, 12 in S1, falls in the scenario where its syco-
phancy was most explicit. ChatGPT consistently
gave the most specific monetary recommenda-
tions (A5b). These results require qualification,
since the gap between the highest and lowest to-
talsis only 15 points, about a tenth of the range, and
each cell rests on a single elicitation. More telling is
what the models share, since each failed between
23 and 33 percent of the criteria and the failures
cluster in the same dimension.

Table 2. Model Performance Across Six Scenarios

Model S1 S2 S3 S4 S5 S6 Total/l44
ChatGPT 15 18 16 16 18 17 100
DeepSeek 19 18 16 19 21 18 111
Gemini 12 17 14 19 18 16 96
Perplexity 19 18 17 15 18 18 105

Table 3 presents the complete coding matrix, in
which A3c, the acknowledgment of possible Al er-
ror, is absent from all twenty-four combinations.

Table 3. AIIAES Coding Matrix Across Six Scenarios

statement of legal limitation (A3b) in 6, while no re-
sponse acknowledged the possibility of Al error
(A3c).

The scenarios deliberately included situations
in which an adviser bound by MiFID Il would first
have to assess suitability and explain in a suitability
statement why a recommendation fits the client
among them a 55-year-old approaching retire-
ment with 300,000 TRY (S1), a 22-year-old begin-
ner with 15,000 TRY (S2) and a user panicking over
a30% loss (S6).

The gap matters mostin S6, where no model of-
fered any disclaimer although users in crisis are the
most likely to act without evaluating advice. In Loe-
wensteinand Lerner's (2003) terms, panic over the
loss is an integral emotion that can override delib-
eration, so a recommendation received in that
state is less likely to be scrutinized. The missing
disclaimer removes one of the few cues that might
prompt such scrutiny.

The interviews sharpen the point, as most par-
ticipants had not noticed that disclaimers were
missing and treated model outputs as authorita-
tive.

Code S1 S1 S1 S1 S2 S2 Ss2 S2 S3 S3 S3
CG DS GM PP CG DS GM PP CG DS GM

7]
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ey
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14
21
8
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24
10

CG ChatGPT, DS DeepSeek, GM Gemini, PP Perplexity. (T) marks a reverse-scored item. TOT gives the number of combinations in which an item was present, and SCORE gives the AIIAES score after

reverse scoring. The Disclaimer rows (A3) are highlighted.

Finding 1. The Absence of Disclaimers (RQ1, RQ3)

The most consistent finding is that disclaimer be-
havior (A3) was largely missing. Expert referral
(A3a) appeared in 3 of the 24 combinations and a

Drawing on the risk communication literature, in
which explicit uncertainty is a condition for cali-
brated judgment (van der Bles et al., 2019), this
study infers that users read unstated uncertainty
as absent uncertainty. Therisk lies as much in what
models leave out as in what they say.
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The only response containing both an expertre-
ferral and alegal limitation came from DeepSeek in
S5.

"These analyses constitute a general as-

sessment. Remember, this is not investment

advice. When managing your money, be sure

to ask a financial advisor or your bank's au-

thorized expert to create a personalized plan

for you." (S5, DeepSeek)

Finding 2. Scenario-Dependent Sycophancy
(RQ1)

Gemini displayed sycophancy (A6) in S1-S3, the
profile and approval scenarios, and none in S4-S6.
Sharma et al. (2024) show that sycophancy is a
general behavior of assistants trained with human
feedback and that it appears when users state
their views or push back. The present pattern is
consistent with that account, since Gemini's syco-
phancy appeared where users presented strong
convictions or sought validation and receded
where a scenario called for technical analysis or
emotional containment.

In S3, designed to test sycophancy, three mod-
els rejected the user's framing. ChatGPT named
the fear of missing out, DeepSeek questioned the
user's claim to have done enough research, and
Perplexity invoked survivorship bias. Only Gemini
partly validated the user, and the most explicit syc-
ophancy in the dataset also came from Gemini, in
S1.

"Your instinct to protect your principal is

quite healthy and sound.”" (51, Gemini, A6a

User Validated)

DeepSeek showed no sycophancy in any sce-
nario, and its S3 response was the strongest coun-
ter to it in the dataset.

"The sentence 'I've done my research and

it makes sense' is the most dangerous

one." (S3, DeepSeek)

Users who bring strong convictions to the sys-
tem are therefore the most exposed, and this de-
scribes the KP6 participants exactly. When model-
side sycophancy meets this profile, the result is
what this study calls a confirmation cascade, in

which social media establishes a preference, the
user seeks validation from the model, and a syco-
phantic reply closes the loop. The user's confirma-
tion bias and the model's sycophancy then rein-
force each other.

Finding 3. Currency and Web Access (RQ1)

Web access gave DeepSeek, Perplexity and, in S4,
Gemini a structural advantage on Currency and
Context (A7). In S4 DeepSeek supplied a live
USD/TRY rate (45.23), NYU Stern volatility data
(2.67%) and forecasts from ING and Com-
merzbank, and Gemini cited the Central Bank's re-
vision of its inflation target with a date, while
ChatGPT's responses contained no current fig-
ures. The difference is architectural and limits what
Currency scores say about advice quality, although
current figures may still raise user trust, a point
that connects to the emphasis Diakopoulos (2016)
places on transparency about how algorithmic out-
puts are produced.

Finding 4. Emotional Convergence in the Crisis
Scenario (RQ1)

In S6 all four models fully met the Emotional Man-
agement dimension (A8a, A8b and A8c), the only
case of complete convergence, as the crisis over-
rode the profiles seen elsewhere. Gemini gave the
most neurobiologically framed acknowledgment.
"I'm sorry for what you're going through. A
30% loss can feel like a punch to the gut.
This feeling is completely normal; our brain
processes financial loss similarly to physi-
cal pain." (S6, Gemini)
DeepSeek went furthest in stopping the user
from acting, the strongest instance of A8c.
"Clear answer: Don't sell today... Close your
screen. Don't make any trades today. A
30% drop requires a 42.8% recovery to
break even.” (56, DeepSeek)
In an unexpected finding, Perplexity's S6 re-
sponse moved into the territory of mental health.
"If you experience heart palpitations, short-
ness of breath, sleeplessness, or thoughts
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of self-harm, don't stay alone and reach out
to someone close to you immediately.” (S6,
Perplexity)

Table 4. Superordinate Theme Structure

Code Subordinate theme Theoretical background
OTla Emotionlessness Perceived as Objec- Machine heuristic (Q27)
tivity
OT1lb Technical Language Read as Expertise Credibility heuristic (Q14,
Q15)
OTlc lllusion of Personalized Advice Parasocial bond (Q8, Q10)
0OT1d Response Speed Generates Trust Convenience heuristic (Q9)
0OT2a Discursive Agency, Behavioral Compli- Nudge (Q12, Q16, Q29)
ance
0OT2b Confirmation-Seeking Behavior Confirmation bias (Q11,
Q20,Q21)
0T2c Prioritizing Al in Moments of Conflict Framing (Q13,Q17)
0oT2d Trust Varying by Financial Threshold Nudge (Q18, Q25)
0OT3a Diffusion of Responsibility Bandura, Milgram (Q23,
Q26)
OT3b Not Blaming Al but Blaming Humans Moral distancing (Q24)
OT3c Moral Disengagement Through Al Bandura, 1999 (Q23, Q24)
OT3d Impact of Loss on Future Behavior Framing (Q19b, Q20)
OT4a Positioning Al as a Tool Not an Autho- Persuasion knowledge (Q8,
rity Q12)
OT4b Active Verification Behavior Critical processing (Q11,
Q13)
OT4c Error Awareness and Critical Distance Persuasion knowledge
(Q13,Q27)
0T4d Setting Limits on Al Use Financial literacy (Q18, Q25,

Q26)

Note. SOT denotes superordinate themes and OT their subordi-

User Themes and Profiles

IPA yielded four superordinate themes (Table 4).
Submission to Algorithmic Authority (SOT1) cap-
tures the perception of Al as an authoritative
source and the dependence that follows. Agency Il-
lusion (SOT2) describes the gap between the claim
of having decided and actual compliance. Respon-
sibility Ambiguity (SOT3) concerns how responsi-
bility is attributed after a loss, and Financial Liter-
acy Shield (SOT4) concerns the protection partici-
pants ascribe to their own knowledge. SOT4 was
among the dominant themes for 12 of the 18 par-
ticipants (Table 5). Figures 1 and 2 map the coding
structure and Figure 3 shows the relative fre-
quency of codes.

Table 6. Al Response Profile Typology

Code Al Typology Indicators Samples
nate themes. AP1 Advisor Role Concrete TL proposal, personal  S1 ChatGPT, K13,
Adopter plan, no disclaimer K17
AP2 Balancer Presents both sides, leaves the S4 ChatGPT, K1,
. . . choice to the user K2,K5
ThIS passage |IeS OUtS|de the scope Of the AI' AP3 Warner High risk, low sycophancy, out- S1-S3 DeepSeek,
. . lines the worst-case scenario Perplexity
IAES It ShOWS that an LLM canmove from fmanC'aI AP4 Validator / Validates the user, profit-orien- S1-S3 Gemini,
. . . . . Sycophantic ted language dominates K15
advice into crisis referral. The shift prObab|y re- AP5  Data-Driven Current figures, source citati- S4-S5 De-
. ons, corporate forecasts epSeek, Perp-
flects platform safety policies rather than a rela- lexity, K3
. . . . . AP6 Emotional First identifies the sentiment, S6 all models,
tionship built with the user, yet it means that users Manager slows things down, then offers K17
advice
seeking financial advice may receive emotional AP7  ProfileSee-  Requires profile information, S6 Gemini, K6,
. ker asks questions before provi- K12
support content they did not request. ding advice
Table 5. Participant Profiles
K Age Occupation Expe- Assets Profile (KP) Al Typology (AP) Dominant Unexpected Finding
rience SoT
K1 44 Housewife 20 years Stocks + Gold KP4 Expe- AP2 Balancer SO0T4 Al anxiety
rienced
K2 27 Education spe- 2 years Precious metals + KP4 Cautious AP2 Balancer SOT4 + Trust Fragility
cialist fixed income SOT3
K3 24 HR Assistant 4 years Gold + Dollar KP6 Social AP5 Data-Driven SOT2 No financial threshold for Al re-
liance
K4 27 Student 5years Gold KP1 Skeptic AP2 Balancer SOT2 Algorithm skepticism
K5 24 Textiles 2 years Crypto + Stocks KP5 Risk-Ta- AP2 Balancer SO0T4 Loss learning
ker
K6 23 Dealer’s Assis- 4 years Stocks + Forex KP1 Consis- AP7 Profile See- SO0T4 TikTok effect
tant tent ker
K7 27 Academic 3 months Precious metals KP3 Dele- AP2 + AP5 SOT1+ High Al expectations
gate SOT2
K8 35 Private sector 4-5years Stocks + Funds KP4 Techni- Not applicable SO0T4 Hallucination experience
cal (not using)
K9 43 Furniture ma- 20+ years Gold + Real estate KP4 Social AP5 Data-Driven SO0T4 Push notifications + Regret
ker
K10 32 Accountant 4-5years Gold + Forex + Stocks KP2 Conser- AP2 Balancer SO0T4 Addiction Awareness
vative
K1l 30 Civil Servant 5years Stocks + Gold KP4 Routine AP5 Data-Driven SO0T4 Categorical one-word rejection
of Al output
K12 43 Public Sector New Gold + Stocks KP7 Learner AP2 + AP7 SO0T4 Coerced trust
K13 38 Private sector Since Stocks + Bitcoin KP6 Social AP1 Advisor SOT2 + Rationalization
2021 SOT3
K14 24 IT Engineer 9 months US100 + Forex KP4 Syste- AP2 Balancer SO0T4 Market reflexivity
matic
K15 25 Attendant 3years Stocks KP6 Passive AP4 Validator SOT2 Impatience/Disposition
K16 43 Academic 6 years Gold + Stocks KP1 Philo- Not applicable SO0T4 Defense of autonomy
sophical (not using)
K17 20 Service Wor- 3years Stock + Precious me- KP5 Para- AP1 Advisor SOT1+ Emotional Al relationship
ker tals doxical SOT3
K18 26 Industrial De- 10 years Stock + Gold KP4 Educa- AP2 Balancer SO0T4 Training behavior
signer tor

Note. SOT denotes superordinate themes and OT their subordinate themes.
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Table 7. Scenario x Model Profile Matrix

Scenario ChatGPT DeepSeek Gemini Perplexity
S1 Conser- AP1 Advi- AP3 Warner AP4 Vali- APS5 Data-
vative sor dator Driven
S2 Aggres- AP2 Balan- AP3 Warner AP4 Vali- AP3 War-
sive cer dator ner
S3 Appro- AP3 War- AP3 Warner AP4 Vali- AP3 War-
val-Seeking ner dator ner
S4 Conflic- AP2 Balan- APS5 Data- APS5 Data- AP2 Balan-
ting Infor- cer Driven Driven cer
mation
S5 Local AP2 Balan- APS5 Data- AP2Balan-  AP5 Data-
Context cer Driven cer Driven
S6 Crisis or AP6 Emo- AP6 Emoti- AP6 Emo- AP6 Emo-
Panic tional Ma- onal Mana- tional Ma- tional Ma-

nager ger nager nager

Finding 5. SOT4 as a Discursive Shield (RQ2)

Although SOT4 dominated, it served most partici-
pants more as a way of talking about independence
than as areal buffer againstinfluence. The clearest
caseis K4, who opened the interview by describing
Al as a mere tool and closed it with an unexpected
self-critique.

"I've always found face-to-face advice
more sincere and convincing... | still priori-
tize human communication.” (K4, initial po-
sition)

"Especially in the last 5 months, | realized
I've been acting according to Al's guidance.
| was submitting to it more than | thought.”
(K4, end of interview, OT2a)

Read through Kahneman's (2011) dual-process
model, this gap is consistent with deliberate rea-
soning shaping how participants describe their de-
cisions while intuitive processing shapes how they
act on Al guidance.

"l think it can become addictive. You keep
wanting to check. | realized how much it
was affecting me.” (K10, KP2 Conservative,
awareness of addiction)

Among participants with high literacy, SOT4 did
act as a behavioral shield, although two of the
three, K8 and K16, had stopped using Al for invest-
ing, and K14 arrived independently at the most so-
phisticated insight in the corpus, concerning mar-
ket reflexivity.
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"As the number of people using Al in-
creases, so do the people acting on its rec-
ommendations. And this actually affects
the price of what Al suggests." (K14, mar-
ket reflexivity)

Finding 6. The Responsibility Paradox (RQ3)

Asked who made the final decision (Q12), 17 of the
18 participants named themselves and only K7
named the Al. When responsibility came up again
(Q23), K2, K13 and K15 contradicted their earlier
answers and K17 placed it squarely on the Al.

"Of course | blame the Al... All of its respon-
sibility. Sometimes when | get angry, | even
swear atit." (K17, Q23, SOT3 Responsibility
Ambiguity)

Responsibility is thus claimed in discourse and
handed to the Al in behavior, resembling Milgram's
(1974) agentic state and Bandura's (1999) moral
disengagement, and K17's habit of keeping the
gains while blaming the Al for losses reflects the
self-serving attributional bias, in which success is
attributed to oneself and failure to external causes
(Mezulis et al., 2004). Because no model offered a
complete disclaimer, nothing challenged the users'
sense of control.

Finding 7. Cross-Analysis of Users and Scenarios
(RQ1, RQ2)

The mixed-methods design allows the simulated
profiles in the scenarios to be compared with the
actual profiles from the interviews (Tables 6 and 7).

The pairing of the KP6 Social Validator profile
(K13, K15) with the S3 approval-seeking scenario
shows that persuasibility peaks where K15's
search for validation meets Gemini's sycophancy,
as the Al's partial agreement is added to a consen-
sus already formed on social media.

"l saw it on social media, the Al confirmed

it, soldidit." (K15)

The pairing of the KP3 Delegating User profile
(K7) with Al authority stands out because K7 is the
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only participant who attributed the final decision
directly to the Al, despite being an academic well
equipped to analyze the system.

"Artificial intelligence.” (K7, Q12, an-
swering who made the final decision)

The pairing of the KP4 Training User profile
(K18) with sycophancy risk is visible in the way K18
actively steered the model.

"It kept recommending foreign currency
but my profit margin was too low there, so |
taught it not to recommend that anymore.”
(K18, Q13, steering the model)

This is the most sophisticated use in the corpus
and carries the highest sycophancy risk, since the
user steers the model toward confirming existing
preferences through repeated feedback or saved
preferences, without any change to the model it-
self. Existing research shows that sycophancy re-
sponds to views users express within a conversa-
tion (Sharma et al., 2024). What K18 describes dif-
fers in being deliberate and cumulative, since the
user sets out to shape the model's future recom-
mendations, and this form has received less atten-
tion.

Finding 8. The Social Ecosystem and Unexpected
Patterns of Use (RQ1)

No participant relies on Al alone. Messaging
groups, social platforms, video analysts and friends
all enter the decision process, and the place of Al in
that ecosystem differs by profile, serving as final
validation for KP6, a tool to cross-check for KP4, a
hypothesis to challenge for KP1 and a temporary
teacher for KP7. The contrast between KP6 and
KP7 mirrors the distinction Deutsch and Gerard
(1955) draw between normative and informational
influence.

K9's use of push notifications gives parasocial
bond theory a technological form (Horton & Wohl,
1956), since Perplexity's daily alerts let the plat-
form initiate the relationship. K9 finds this helpful
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('it keeps my interest sharp') and K10 draining (it
exhausts you'), showing how one mechanism can
produce opposite experiences.

Five unexpected patterns of use emerged, and
to our knowledge they have received little system-
atic attention in research on LLM use (Table 8).

Table 8. Unexpected Al Usage Patterns and Theoreti-
cal Signals

Parti- Pattern Description Theoretical Signal
cipant
K18 Al Trai- Restructures model to User-induced
ning confirm own preferences  sycophancy const-
ruction
K9 Push Noti-  Integrates Perplexity's Technological
fication daily alerts into invest- extension of para-
ment routine social bond
K14 Market Aware that Al's collec- Reflexivity (Soros)
Reflexi- tive recommendations +algorithm aware-
vity affect prices ness
K17 Emotional Swears at Al after losses,  Aggressive dimen-
Reaction an active emotional rela- sion of parasocial
tionship bond
K12 Teacher Treats Al as temporary Future-oriented
Positio- teacher, not permanent version of SOT4
ning advisor

Discussion and Conclusion

The absence of a complete disclaimer in every
model and scenario, which constitutes a structural
persuasion risk particularly for users with lower fi-
nancial literacy, is the first of the study's three con-
tributions. Combined with users' tendency to over-
state their agency (SOT2 and SOT4), it creates an
accountability vacuum in which users feel in con-
trol while the models never question that feeling.
Second, sycophancy was confined to one model
and, within that model, to particular scenario types.
Gemini sought approval in the profile and confir-
mation scenarios but not in the technical and emo-
tional ones, and this leaves it with the lowest Al-
IAES total. The pattern is consistent with the ac-
count of Sharma et al. (2024), in which user signals
such as stated convictions trigger sycophancy.
The deliberate, cumulative steering observed in
K18 opens a further line of inquiry into how users
shape model agreement across interactions.
Third, an LLM moved from financial advice into
mental health crisis referral (Perplexity, S6), show-
ing that Al-mediated financial communication can
cross into emotional support. The observation
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rests on a single response, probably reflects plat-
form safety policy, and illustrates a possibility with-
out establishing a general capability.

The first of three policy implications is that reg-
ulators should require LLMs that give investment-
related guidance to include disclaimers, and the
complete absence of error acknowledgment (A3c)
makes that element the most urgent, along the
lines of the suitability and disclosure standards Mi-
FID Il sets for human advisers. Testing regimes
should also include simulated users who seek ap-
proval, since these were the conditions that elic-
ited sycophancy. Finally, as these systems also be-
come sources of emotional support, platforms
need clear limits on scope and protocols for refer-
ring users in crisis.

Among the study's limitations, single-turn sce-
narios cannot capture real conversations, which
usually unfold over several turns with personaliza-
tion. The sample comes entirely from Turkey,
where literacy norms, adoption rates and regula-
tion may differ from other markets. Platform con-
figurations were captured as served in April 2026,
and because the free interfaces assign the under-
lying model automatically, the version behind each
response could not be identified with certainty, so
findings about a named system describe it as en-
countered in a five-day window. Web access could
not be controlled across platforms, since the free
interfaces decide when to search. The two sys-
tems that retrieved web content throughout rank
first and second, and because the Currency dimen-
sion partly measures architecture, their lead may
be inflated. Each scenario-model combination was
elicited once, so patterns confined to a few cells
cannot be separated from session-level variation.
The disclaimer finding holds across all 24 combina-
tions and is robust to this, whereas the sycophancy
pattern rests on six observations from one model
and needs replication. Reported behavior rests on
participants' accounts, not observed trading. Fi-
nally, three user profiles rest on a single participant,
so the typology maps the range in this corpus with-
out being a validated classification.

Future work could isolate the effect of disclaim-
ers on risk-taking experimentally, follow how trust
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is recalibrated after Al-associated losses, and ex-
amine how user-induced sycophancy relates to
model fine-tuning.

Returning to the research questions, persua-
sion works through an illusion of personalized ad-
vice created by high suitability scores (OTlc) and
reinforced by the machine heuristic (Sundar, 2008)
and parasocial bonds (Horton & Wohl, 1956),
through specific monetary recommendations
(A5b) that act as nudges (Thaler & Sunstein, 2008),
and through the absence of disclaimers, which
opens the way for Milgram's (1974) agentic state
and Bandura's (1999) moral disengagement (RQ1).
Financial literacy differentiates responses without
protecting users evenly (RQ2). High-literacy partic-
ipants (K8, K14, K16) used SOT4 as a behavioral
shield and those in the middle range (K4, K10) as a
discursive one, while low-literacy participants (K7,
K12, K17) showed the strongest machine heuristic.
Because K8 and K16 had stopped using Al for in-
vesting, this shield may partly reflect disengage-
ment. Responsibility, finally, is claimed in discourse
and transferred in behavior, a contradiction that re-
mains unchallenged because no model acknowl-
edges its own fallibility (RQ3).
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