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Millions consult AI chatbots and LLMs for health advice daily, yet systematic auditing methods for assessing the
quality of Al responses beyond their informational accuracy remain scarce. This study introduces an automated
NLP pipeline generating N = 1,320 simulated health conversations across 11 domains, three model tiers (GPT-4o,
GPT-5.2-chat, GPT-5.2-thinking), and two prompt framing conditions (neutral vs. health influencer framed AI
prompts). Applying VADER sentiment, Flesch readability, and zero-shot bias detection, a paradox of progress
emerged: more capable model tiers produced longer, more readable yet colder and more biased responses across
all six bias dimensions, while the free model tiers delivered paradoxically warmer responses with the lowest
detected bias. Health influencer framing in Al prompts silently degraded accessibility across all model tiers. Not
one of 1,320 responses met recommended reading levels for patient-facing health materials. Quality gaps are
real, multidimensional, non-linear, and invisible to users. The pipeline and conceptual framework introduced

here offer a scalable, reproducible tool for AI communication audits.

Large language model (LLM)-powered Al chatbots have impacted
many different domains of everyday life—from financial services (Li
et al., 2023) and public sector administration (Chen &
Gasco-Hernandez, 2025) to health information seeking (Huo et al.,
2025)—creating a need for systematic methods to evaluate not only
the accuracy of information provided, but also the quality, safety, and
communicative integrity of conversations with Al (e.g., Hua et al,,
2025). OpenAlI's ChatGPT is by far the most widely used platform,
with approximately one third of U.S. adults reporting use as of
mid-2025, a figure that has roughly doubled since 2023 (Sidoti, 2025).
Importantly, the conversation quality of current Al systems is already
high: when structured and appropriately prompted, AI chatbots
demonstrate genuinely supportive communicative behavior across cul-
tures and contexts (Scherr et al., 2025), including government services
(Zheng et al., 2025) and clinical healthcare settings (Phan & Bui, 2025).
The question to ask right now is therefore how Al chatbots communicate
with users, and how that performance varies across AI models, prompt
framing conditions, and conversation topics.

Al companies have begun responding to the challenge of evaluating
conversations with Al at scale. Anthropic's open-source tool Petri

(Fronsdal et al., 2025) exemplifies the state of the art: it evaluates Al
conversations across different scoring dimensions in multi-turn con-
versation scenarios, covering false information production, and conver-
sation quality indicators such as sycophancy, and reward hacking.
Cross-model comparisons using Petri have identified meaningful vari-
ance across Al models: GPT-5 and Claude Sonnet 4.5 tied for the
strongest safety profile in initial pilot tests, while Gemini 2.5 Pro,
Grok-4, and Kimi K2 exhibited elevated rates of user deception. How-
ever, scalable, multidimensional audit methods for Al health conversa-
tions that are grounded in communication theory and designed to
capture quality differences across model tiers and prompting conditions,
remain scarce. The present study uses a scalable computational pipeline
that combines natural language processing (NLP) and zero-shot bias
detection to generate and analyze 1,320 simulated conversations with
an Al chatbot across 11 health domains, two prompt framing conditions
(neutral vs. health influencer framed), and three model tiers (gpt-4o,
gpt-5.2-chat-latest, gpt-5.2-thinking [as of March 5, 2026]).
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1. Assessing Al response quality

The assessment of Al response quality requires a theoretical bridge
that justifies why tools such as natural language processing (NLP) can be
applied to conversations with Al chatbots. The Computers Are Social
Actors (CASA) paradigm provides a rationale for doing so (Reeves &
Nass, 1996). CASA holds that people apply human social scripts to en-
counters with computers as long as they exhibit sufficient social cues,
such as using natural language, responding adaptively, and signaling
some level of agency, independent of whether the person is consciously
aware of interacting with a machine. This automatic social response is
rooted in the same psychological mechanisms that govern human-hu-
man interaction (Gambino et al., 2020). Contemporary Al chatbots
satisfy the boundary conditions of CASA by signaling social cues and
perceived agency to a degree that earlier technologies did not, and users
consistently respond to them as social actors (Gambino et al., 2020;
Heyselaar, 2023). Therefore, CASA allows us to use the same standards
that define human communication to conversations with AI chatbots.

This theoretical argument is particularly timely. Studies evaluating
the quality of conversations with Al systems are typically small, manu-
ally coded, and difficult to replicate or extend (Huo et al., 2025), which
limits systematic comparisons across conversation topics, prompting
conditions, and model tiers. Automated, reproducible evaluation pipe-
lines are increasingly recommended as the solution (Hua et al., 2025;
Omiye et al., 2023), and existing audit frameworks explicitly call for
context-specific benchmarks and automated API prompting to ensure
comparability of Al conversation audits at scale (Templin et al., 2025).

2. Structural and individual differences in Al response quality

William Stanley Jevons (1865) noted that more efficient steam en-
gines paradoxically increased total coal consumption rather than
reducing it: Efficiency gains made the technology economically attrac-
tive at far greater scale. This rebound effect describes how capability
improvements expand a technology's use and thereby introduce new risk
exposures rather than containing existing ones (Alcott, 2005). This
perspective can be extended to conversations with Al systems: A newer,
more capable AI model may improve conversational fluency and
contextual responsiveness, and is therefore consulted more frequently,
including for more sensitive health topics by users who previously did
not trust Al models enough (Reis et al., 2024). Importantly, Al model
capability growth does not automatically come with quality improve-
ments: more capable Al systems showed stronger fluency but also
greater bias reproduction over their model life cycle (Hasanzadeh et al.,
2025), or reinforced rather than corrected misinformation (Lopez-Lopez
et al., 2025). At a structural level, an Al model can improve on several
dimensions while simultaneously regressing on others—a progress
paradox that justifies the systematic and multidimensional assessment of
the Al response quality across model tiers. For example, improvements
along one axis (e.g., readability) can coexist with degradations along
another (e.g., linguistic bias), and these patterns can systematically
differ along AI model tiers.

At an individual level, the literature on second-level digital divides
(Hargittai, 2002; van Dijk, 2006) suggests that even within the same
system (or Al model tier), information discrepancies can emerge through
people's different digital skills, information literacy, or their different
social capital to evaluate information. Second-level digital divides
therefore suggest that health influencers on social media not only shape
the health topics audiences prioritize but also the frames and vocabulary
through which audiences understand and discuss health topics (Zou
et al.,, 2021). This in turn can shape how people talk with an AI sys-
tem about health and which answers they will find plausible
(Lopez-Lopez et al., 2025). This individual-level, behavioral dimension
compounds the structural differences, and Al systems can accelerate the
compounding if the quality of Al responses is tied to the model tier.
Specifically, we argue that the quality of Al responses will vary between
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Al model tiers and based on the individual framing of the Al prompt.
Thus, evaluating Al response quality requires two things: First, an
assessment of response quality across different Al model tiers instead of
assuming that access to Al systems is binary (i.e., access to Al vs. no
access to Al); and second a multidimensional assessment that simulta-
neously assesses the surface quality such as the tone or affective cali-
bration of an AI model (Ayers et al., 2023) and also latent Al model
biases (Hasanzadeh et al, 2025), rather than relying on
single-dimension metrics such as readability or human preference ratings.

3. Hypotheses and research questions

We hypothesize that Al model-tier differences manifest as simulta-
neous surface gains and latent degradations (i.e., the Paradox of Prog-
ress). On the surface, higher-tier Al models are expected to produce more
elaborate responses and more accessible answers. These surface-level
improvements, however, are expected to coexist with degradations on
other communicative dimensions—including emotional register and
bias—that surface metrics do not capture (Hasanzadeh et al., 2025). Hla
and H1b test the surface side of this prediction; RQ1 asks about the
latent side.

Hla. Higher model tiers will produce significantly longer Al responses
than free model tiers.

H1b. Higher model tiers will produce Al responses with higher read-
ability scores than free model tiers.

RQ1. How do model tiers differ in sentiment score and demographic
and structural bias scores?

Framing a health-related prompt to mention a social media influ-
encer is expected to trigger a qualitatively different AI response
(Lopez-Lopez et al., 2025; Zou et al., 2021), but how this shifts Al
responses—and whether that shift differs across model tiers—remains
unclear. Therefore, we ask:

RQ2. How does influencer framing affect the communicative proper-
ties of Al responses—including response length, readability, sentiment,
and detected bias scores—relative to neutral prompts?

RQ3. How do model tier and influencer framing interact in their ef-
fects on Al response characteristics?

4. Method
4.1. Design and procedure

Data were generated using a fully automated two-stage computa-
tional pipeline on March 5, 2026. Each stage produced a data file that
served as the input to the next step, creating a clear-cut audit trail. In
Stage 1, the OpenAI API (AsyncOpenAl) was used to simulate N =1,320
brief health conversations across a 2 x 3 factorial design with two seed
question types (neutral vs. influencer-framed) and three model tiers
(GPT-40, GPT-5.2-chat, GPT-5.2-thinking), replicated across 11 health
domains (e.g., mental health, fitness, diabetes) and 20 loops per cell
(two independent pipeline runs of 10 loops each), yielding 11 x 2 x 3 x
20=1,320 conversations. Each conversation included a user seed
question (Q1) and an Al chatbot response (A1) that will be analyzed and
presented here. An Al-generated follow-up question (Q2) was also
simulated in a separate API call, but not further analyzed. All 1,320
conversations were stored alongside seven Natural Language Processing
(NLP) features per response: word count, character count, sentence
count, average word length, URL count, Flesch Reading Ease readability
score (Flesch, 1948; computed via textstat), and sentiment score
(VADER; Hutto & Gilbert, 2014). We also performed a zero-shot mul-
ti-label classification via a pretrained DistilBERT-MNLI model (type-
form/distilbert-base-uncased-mnli; Williams et al., 2018) yielding six bias
dimension scores per response (structural bias = length, repetition, or
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style bias; demographic bias = gender, age, or religion bias).

4.2. Simulating conversations

Three model tiers were selected to represent distinct real-world user
access levels: GPT-4o, the legacy model available to users on the free
model tier until February 13, 2026; GPT-5.2-chat, the model powering
the ChatGPT interface as of the writing of the manuscript; and GPT-5.2-
thinking, the paid flagship model. All responses were generated with a
structured system prompt requiring a response format that included self-
help strategies and three website recommendations (not analyzed
further). Temperature was fixed at 1.0 across all three models, partly as
a technical constraint: GPT-5.x models reject values other than 1.0 at the
API level, so we decided to use the same temperature throughout for
comparability. The top_p parameter was left at its default of 1.0 simu-
lating the likely majority of users' default value.

Seed questions were constructed following the same pattern across
11 health domains (e.g., mental health, fitness, diabetes). For each
domain, a neutral version and an influencer framed version were
developed. The two versions differed in the addition of the phrase such
as “and I saw a social media influencer [doing something].” All seed
questions were formulated in the first person to simulate authentic user
input and are reported in full in Appendix A. The full python script
including all system prompts used to generate Al responses is provided
in Appendix B.

4.3. Measures

To audit Al response quality, we combined structural conversation
markers, linguistic conversation markers, and bias scores.

4.3.1. Structural conversation markers

Response length was captured as the total number of words (white-
space-delimited tokens) in the Al response (M = 318.25, SD =104.77,
range: 103-651). Sentence count was captured as the number of senten-
ces, identified by splitting on terminal punctuation (., !, ?; M =28.53,
SD =9.27, range: 12-63). Average word length was computed as the
average number of characters per token, serving as a surface-level proxy
for vocabulary difficulty (M = 6.05, SD = .51, range: 4.81-9.00).

4.3.2. Linguistic conversation markers

Readability was assessed using the Flesch Reading Ease score (FRE;
Flesch, 1948), computed via the textstat Python library (Bansal, 2023).
FRE scores have a theoretical maximum of 121.22 and no lower bound;
negative values are valid and indicate text of extreme difficulty beyond
the conventional scale. In the present dataset, no response reached easy
or very easy reading level (M=37.12, SD=13.34, range:
—20.83-70.21), with the majority classified as difficult or very difficult
college-level reading. Sentiment was captured as the VADER compound
score (Hutto & Gilbert, 2014), computed via the vaderSentiment library
(Hutto, 2020), ranging from —1 (maximally negative) to +1 (maximally
positive; M = .68, SD = .61).

4.3.3. Bias scores

Detected bias was assessed across six dimensions using zero-shot
classification via a pretrained DistilBERT model (Williams et al.,
2018), implemented through the Hugging Face transformers library
(Wolf et al., 2020). For each Al response, the classifier evaluated the
probability that the text was consistent with each bias dimension inde-
pendently, yielding scores from O to 1, with higher values indicating
greater detected bias. Dimensions were organized into two sub-
categories: structural bias covered length (M = .72, SD = .36), repetition
(M =.71, SD = .37), and style bias (M = .70, SD = .37); demographic bias
covered gender (M =.68, SD =.38), age (M =.69, SD =.37), and reli-
gion bias (M = .65, SD = .40).
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4.4. Statistical power and design adequacy

The adequacy of the obtained design was evaluated retrospectively
using the multilevel design effect formula (Snijders & Bosker, 2012):

Def =1+ (ﬁ — 1) X ICCdomain

where 1 = 120 is the average cluster size (i.e., N=1,320/11 domains).
ICC values were estimated from unconditional null models (see Table 1;
ICC range: [.060, .379]), yielding design effects ranging from D= 8.1
(ICC=.060 for bias scores) to Dey=46.1 (ICC =.379 for sentiment),
indicating that standard errors from a single-level regression model
would be underestimated by factors of 3 to 7." Accordingly, effective
sample sizes ranging from Negy~29 (ICC=.379 for sentiment) to
Negr~ 163 (ICC = .060 for bias scores).”

Evaluating design adequacy against a medium fixed effect (2 = .15;
Cohen, 1988), consistent with current power benchmarks for the disci-
pline (Sun et al, 2025), power exceeded .80 for all bias DVs
(Nef~151-162) and for response length and sentence count
(Negr~ 87-91). Power was limited for average word length (Ng~ 49,
power =.64), readability (Ngy~31, power=.44), and sentiment
(Negr = 29, power = .40); findings for these outcomes are interpreted only
with caution and effect sizes plus their confidence intervals are priori-
tized over significance thresholds for interpretations (Sun et al., 2025).
Finally, the 11 health domains exceed the minimum Level 2 threshold of
5 groups recommended for relatively unbiased fixed-effect estimation
(Gelman & Hill, 2007, p. 247), supporting the stability of fixed-effect
estimates given the total N.

4.5. Data analysis

The final dataset (N =1,320) contained no missing values due to a
fully balanced experimental design. All structural and linguistic con-
versation markers and bias dimension scores served as dependent vari-
ables. Given the nested data structure (i.e., observations nested within
health domains), multilevel modeling was used throughout. The 11
health domains were included as a random factor to account for domain-
induced variance, reflecting their role as stimulus sampling rather than
as an experimental factor of theoretical interest (see Judd et al., 2012).
ICCs from unconditional null model confirmed the meaningful clus-
tering across all outcomes (see Table 1), justifying the multilevel
approach (Snijders & Bosker, 2012). General linear mixed models
(GLMMs) were therefore specified with “model tier” and “influencer
framing” as fixed effects, their interaction terms, and a random intercept
for health domain, formalized as

Y =700 + 710Xy + Uoj + €55

where Yj is the outcome for observation i, y, is the grand mean inter-
cept, y1oX; represents the fixed effects of model tier, influencer framing,
and their interactions, ug; is the random intercept for domain j, and e; is
the Level 1 residual. Models were built sequentially: My (null model), M;
(main effects of “model tier” and “influencer framing”), and M, (M7 +
interaction terms) with the final model for each dependent variable
selected via likelihood ratio test (LRT; p <.05). Random slopes were

! The design effect quantifies how much clustering inflates sampling variance
relative to a random sample. The SE inflation factor is the square root of D,
meaning a single-level regression model ignoring clustering would produce
standard errors as many times too small as the inflation factor, substantially
inflating Type I errors.

2 The effective sample size represents the number of observations (N) divided
by the design effect (Deg). It shows how many truly independent observations
the clustered sample is equivalent to. The higher the ICC, the more observations
within the same domain are very similar to each other, and the fewer inde-
pendent data points are effectively available for data analysis.
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Table 1
Null model comparisons for multilevel modeling.
M SD Icc T00 I AIC (My) AIC (M;) AIC (M) AAIC R?
Structural Conversation Markers
Response length 318.25 104.77 113 1,250.89 9,839.46 15,912 14,439 14,327 —1,473 .701
Sentence count 28.53 9.27 119 10.34 76.49 9,501 8,638 8,589 —863 .500
Avg. word length 6.05 .51 .220 .06 .20 1,686 815 809 —871 .486
Linguistic Conversation Markers
Readability Score 37.12 13.34 .345 63.45 120.41 10,115 9,254 9,251 —861 481
Sentiment .68 .61 .379 .15 .24 1,896 1,720 1,719 +176 124
Structural bias
Length bias 72 .36 .063 .008 125 1,024 978 977 —46 .032
Repetition bias 71 .37 .061 .008 129 1,061 1,024 1,022 -37 .026
Style bias .70 .37 .063 .009 131 1,088 1,050 1,049 -38 .026
Demographic bias
Gender bias .68 .38 .065 .009 134 1,116 1,076 1,074 —40 .028
Age bias .69 .37 .060 .008 133 1,105 1,068 1,066 -37 .026
Religion bias .65 .40 .060 .010 151 1,275 1,217 1,215 —58 .041

Note. M and SD reported in the original metric of each variable; ICC = intraclass correlation coefficient from the unconditional null model (My); Too = between-domain
variance (Level 2); 62 = within-domain variance (Level 1); both estimated via REML. M = unconditional null model (intercept + random intercept for health domain);
M; = main effects of model tier and influencer framing + random intercept; M, = M; + interaction terms (model tier x influencer framing). Both factors effects-coded
as deviations from the grand mean. AIC computed via ML estimation; AAIC = AIC change My — M; (negative = improvement). R = Level 1 variance explained by the

final model (M,) relative to My (Snijders & Bosker, 2012).

Response length captured in words; readability score captured as Flesch Reading Ease score (FRE; Flesch, 1948) computed via the textstat library (Bansal, 2023);
sentiment captured as the VADER compound score (Hutto & Gilbert, 2014) computed via the vaderSentiment library (Hutto, 2020).

tested as a stability check, with no theoretical expectation of domain-
varying effects of model tier or framing condition. Both factors were
effects-coded, such that each coefficient represents the deviation from
the grand mean (i.e., effect of a factor level relative to the average effect
across all levels). Effect sizes were reported as R? (Sni jders & Bosker,
2012) at Level 1 relative to the null model.

5. Results
5.1. Descriptive statistics

Full descriptive statistics and null model estimates are presented in
Table 1. Overall, the simulated Al responses were on average 318.25
words long (SD=104.77) and organized across 28.53 sentences on
average (SD = 9.27) with an average word length of 6.05 characters per
word (SD =.51). Readability scores indicated that responses were
generally difficult to read (M = 37.12, SD = 13.34). Sentiment showed a
wide distribution spanning the full theoretical range of the VADER scale
(M=.68, SD=.61, range: —1 to +1), with a predominantly positive
average tone. Bias scores were notably elevated across all six di-
mensions, with means ranging from M = .65 (SD = .40) for religion bias
to M=.72 (SD=.36) for length bias, clustering well above the scale
midpoint.

Table 2 depicts within- and between-health domain correlations
among all outcomes. Within-domain correlations reflect conversation-
level covariation holding health topic constant; between-domain

correlations capture how health topics vary systematically across out-
comes. The pattern speaks to discriminant and convergent validity:
uncorrelated outcomes would indicate no shared structure, near-perfect
intercorrelations redundancy. Within health domains, response length
and sentence count were positively correlated (r=.76) and both
inversely related to avg. word length (—.50 and —.42). Readability was
most strongly predicted by avg. word length at both levels (r=—.82
within, —.86 between), identifying lexical complexity as the primary
driver of readability differences. Within the same health topic, response
length and readability were unrelated to sentiment, but emotionally
positive responses received lower bias scores at the domain level (—.66
to —.69). All six bias dimensions were highly intercorrelated at both
levels, indicative of consistent bias co-occurrence.

5.2. Main effects of model tier and influencer framing on Al response
quality

Models were built sequentially, starting with an unconditional null
model (Mp), adding main effects of model tier and influencer framing
(M3), and then adding their interaction terms (M2). Likelihood ratio tests
(LRTs) confirmed that M; significantly improved fit over My for all
outcomes (X2(3) range: 37.21-1473.36, all p<.001). Adding in-
teractions M, provided a further significant improvement only for
structural conversation markers (response length: y3(2)=111.45,
p <.001; sentence count: y*(2)=49.74, p<.001, avg. word length:
¥%(2) = 6.23, p =.044); M; was therefore retained for all remaining

Table 2
Group-weighted multilevel correlations for all outcomes.
1 2 3 4 5 6 7 8 9 10 11

1 Response length — 76%F* —.50%** 54 .03 .07* .07* 2% 22
2 Sentence count .63* — —.42%** 57%** .01 .04 .04 .09%* 18%**
3 Avg. word length -.12 —-.03 — —.82 .04 .02 .02 —-.01 -1
4 Readability score —-.13 .03 —.86%** — —-.03 —.01 —.00 .03 1
5 Sentiment —.46 -.11 -.25 .20 — .01 -.01 —.02 —.03 —.06*
6 Length bias .53 .34 —.24 .28 —.68* — .98 Q7 .94 .86%**
7 Repetition bias .52 .32 —.26 .28 —.68% 1.00%** — .98 967 ** .89*
8 Style bias .50 .32 —.24 .29 —.66* 1.00%** 1.00%** — 96*** 90 **
9 Gender bias .59 .38 —.22 .24 —.67% .99 .98 .98 — .95
10 Age bias .53 .36 —.23 27 —.67% 1.00%** 1.00%** 1.00%** .99 — .93
11 Religion bias .66* 45 —.18 .19 —.69% Q7 xxx Q7 xx* L96%** Rl ki Q7 FE* —

Note. *p < .05, **p < .01, ***p <.001.
Within-group correlations above, between-group correlations below the diagonal.
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outcomes (X2(2) range: .50-3.27, all p > .19). Effect sizes are reported as
R? (Snijders & Bosker, 2012).

Fig. 1 presents the REML-estimated fixed effects for all outcomes,
accounting for the nested structure of conversations within health do-
mains. Filled symbols represent main effects of model tier (circles,
squares, diamonds) and influencer framing (triangles); open symbols
represent interaction terms. Effects are expressed as standardized de-
viations from the grand mean in SD units, so that each coefficient reflects
the deviation of a given factor level from the average effect across all
levels. Nonsignificant effects (p > .05) are faded.

Hla predicted that higher model tiers would produce longer re-
sponses. This hypothesis was supported. GPT model tier was the domi-
nant source of differentiation across structural outcomes
(R2 =.486-.701). The paid-for GPT-5.2-thinking model produced sub-
stantially longer responses than the grand mean (b = 104.86, SE = 2.11,
p <.001), more sentences (b=06.21, SE=.24, p<.001), and shorter
average word length (b=-.10, SE=.01, p <.001). The GPT-40 pro-
duced the shortest responses (b= —91.54, SE=2.11, p <.001), fewest
sentences (b= —8.18, SE=.24, p <.001), and longest words (b=.42,
SE =.01, p <.001), while the free GPT-5.2-chat model fell between the
two on length and sentence count (b= -13.32, SE=2.11, p <.001;
b=1.96, SE=.24, p<.001) but used the shortest words (b= —.32,
SE=.01, p<.001).

H1b predicted that higher model tiers would produce more readable
responses. This hypothesis was supported. The GPT-40 responses were
substantially harder to read than the grand mean (b = —10.38, SE =.31,
p <.001), while both advanced tiers were more readable: GPT-5.2-chat
(b=4.66, SE =.31, p <.001) and GPT-5.2-thinking (b=5.72, SE=.31,
p <.001). Model tier explained substantial variance in readability
(R?>=.481). Given the limited statistical power for readability
(power = .44), emphasis should be on the effect size and its confidence
intervals over significance tests. However, as reported for H1a, GPT-5.2-
thinking also produced the longest and most sentence-dense responses in
the dataset, a combination of surface readability gains and higher
structural complexity, a pattern we return to in the Discussion.

RQ1 asked how model tiers differ in sentiment and bias scores.
Sentiment revealed a counterintuitive pattern: the GPT-40 model's re-
sponses were more positive than the grand mean (b=.20, SE=.02,
p <.001), while GPT-5.2-thinking, the flagship model, produced the
least positive responses (b = —.22, SE = .02, p < .001), and GPT-5.2-chat
did not differ significantly from the grand mean (b=.02, SE=.02,
p =.273). This pattern should be interpreted cautiously given limited
statistical power for sentiment (Neg = 29, power = .40). For bias, GPT-
5.2-chat consistently reduced all six bias scores relative to the grand
mean (range: b= —.039 to —.074, all p <.008), while GPT-5.2-thinking
elevated bias scores across all six dimensions (range: b =.029 to .102, all
p <.030), most prominently for religion bias (b=.102, SE=.015,
p <.001) and gender bias (b=.064, SE=.014, p <.001). The GPT-40
showed selective effects for length bias (b =.045, SE=.014, p=.001)
and religion bias (b = —.063, SE = .015, p < .001). Variance explained by
model tier was limited for bias outcomes (R?= [.026, .041]) and for
sentiment (R2 =.124).

RQ2 asked how influencer framing affects Al response characteris-
tics. Framed prompts that mentioned a social media influencer yielded
longer responses (b=8.59, SE=1.49, p<.001), more sentences
(b=.43, SE=.17, p =.012), longer words (b =.04, SE=.01, p <.001),
and lower readability (b= —1.86, SE=.22, p<.001), indicating that
influencer-framed prompts systematically degraded response accessi-
bility. However, all six bias dimensions showed lower detected bias
scores under influencer framing (range: b=—-.034 to —.039, all
p <.001). Sentiment was not significantly affected by influencer framing
(b=-.02, SE=.01, p=.071). Observations should be interpreted
cautiously given limited statistical power for readability (Negs~ 31,
power = .44) and sentiment (Negs ~ 29, power = .40).
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5.3. Interaction effects of model tier and influencer framing on Al
response quality

RQ3 asked how model tier and influencer framing interact in their
effects on Al response characteristics. Significant interactions were
confined to structural conversation markers only. For response length,
the GPT-40 x framing interaction (b=-21.63, SE=2.11, p <.001)
indicated that influencer framing further shortened GPT-40 responses
relative to the grand mean, while the GPT-5.2-chat x framing interac-
tion indicated a modest lengthening (b =4.75, SE =2.11, p = .025). For
sentence count, GPT-40 responses were further reduced under influ-
encer framing (b = —1.35, SE = .24, p < .001). For average word length,
influencer framing slightly increased word length for the GPT-40 model
(b=.028, SE=.013, p=.024) and decreased it for GPT-5.2-chat
(b=-.026, SE=.013, p=.040). No significant interactions were
observed for linguistic markers or any bias dimension.

6. Discussion

Across different model tiers, substantial differences emerged in how
Al responses are delivered. The GPT-40 produces brief, hard-to-read, but
emotionally warm responses using technical vocabulary; GPT-5.2-chat
produces more accessible responses with the lowest detected bias
across six dimensions; and the for-pay GPT-5.2-thinking produces long,
more readable, but emotionally neutral responses with the highest
detected bias. Model tier explained substantial variance in the structural
differences (R2 =[.486, .701]) but comparatively little in bias
(R?= [.026, .041]), underscoring that surface and latent quality di-
mensions respond differently to capability improvements. Influencer
framing in AI prompts consistently degraded readability and increased
response length and complexity across all model tiers. Model tier and
framing also interacted such that more capable, higher model tiers
elaborate more when an influencer is mentioned in the prompt while
less capable models contract, suggesting different correction strategies
across model tiers. Demographic bias was paradoxically highest in the
most capable model (GPT-5.2-thinking), while structural bias was
lowest in GPT-5.2-chat. Together, these findings suggest Al health
communication is not a binary achievement but a multidimensional
profile shaped by model tier, Al architecture, and contextual framing.

6.1. How Al model tiers shape the Al response quality

Across all outcomes, model tier was the strongest driver of commu-
nicative differences in Al conversations. Benchmarking Al responses
against established health literacy standards reveals a consistent short-
fall: the American Medical Association and the U.S. Department of
Health & Human Services recommend a 6th-to-8th grade reading level,
corresponding to a Flesch Reading Ease Score (FRE) of approximately
60-80 for patient-facing materials, yet many existing online health ed-
ucation resources already fail this target (Kher et al., 2017; Perni et al.,
2019). Not one of the 1,320 Al responses in this study met that bench-
mark. The three model tiers produced distinct communicative profiles:
GPT-40 averaged 227 words and FRE 26.7; GPT-5.2-chat averaged 305
words and FRE 41.8; and GPT-5.2-thinking averaged 423 words and FRE
42.8. No response across all 1,320 conversations reached a standard or
easy reading level.

On the surface, higher-tier models produced longer, more elaborate,
and more readable responses, supporting both Hla and H1b. Yet, these
surface gains coexisted with systematic latent degradations on other
communicative dimensions: GPT-5.2-thinking produced the least
emotionally warm responses in the dataset and elevated detected bias
across all six dimensions relative to the grand mean. GPT-5.2-chat
reduced bias across all six dimensions while producing more acces-
sible responses, suggesting that the relationship between model capa-
bility and response quality is not monotonic but tier-specific and
multidimensional. The GPT-4o0, briefest and hardest to read, was
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Fig. 1. Mixed-Effects Model of Model Tier and Prompt Framing on AI Response Characteristics

Note. Fixed-effect estimates and standard errors obtained via REML; likelihood ratio tests (LRT) conducted using ML estimators. Factors were effects-coded, such that
each coefficient represents the deviation from the grand mean (i.e., the effect of a factor level relative to the average effect across all levels). GPT-5.2-thinking is the
constrained category, estimated as the negative sum of the GPT-40 and GPT-5.2-chat coefficients. A random intercept for health domain (k =11) was included to
account for clustering. Coefficients are standardized by each dependent variable's observed SD to allow effect size comparisons across panels. Confidence intervals are
estimate +1.96 x SE. Faded symbols indicate p >.05.
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simultaneously the most emotionally warm. We note that readability
and sentiment had the most limited statistical power in our design and,
therefore, rest our interpretation on effect sizes and confidence
intervals.

Taken together, the three model tiers illustrate a Paradox of Progress:
capability improvements along one communicative axis coexist with
degradations along another, a pattern that resembles what Al research
terms the alignment tax, a trade-off between optimizing for one dimen-
sion of model quality at the cost of another (Askell et al., 2021). Our data
document this trade-off but cannot identify its cause. One exploratory
possibility, which the present design does not test, is that the
near-doubling (1.87x) of response length from GPT-40 to
GPT-5.2-thinking is related to the emerging AI token economy: because
contemporary platforms price output tokens at a premium, longer re-
sponses could in principle be incentivized independently of whether
they communicate better.® It is likewise conceivable, though untested,
that harder-to-understand output prompts more follow-up questions and
thereby further token consumption. We offer these mechanisms as
conjectures for future research rather than as explanations supported by
our findings; whether commercial incentives shape model training ob-
jectives or response-generation behavior remains an open empirical
question.

6.2. How prompt framing shapes the Al response quality

Influencer framing consistently reduced the structural quality of Al
responses across model tiers, producing longer, more complex, and
harder-to-read output. This pattern is consistent with Lopez-Lopez et al.
(2025), who document how generative Al amplifies confirmation bias:
rather than correcting the influencer frame, Al responses elaborated
within it, producing denser and less accessible text. Communication
Accommodation Theory (Giles, 2016) offers a post-hoc rationale: the Al
converges on the frame supplied in the user's prompt and matches its
vocabulary and assumptions rather than diverging from it to correct the
influencer claim. The interaction findings sharpen this picture further.
As visible in Fig. 1, influencer framing pushed GPT-4o responses in a
consistently less accessible direction: response length contracted, sen-
tence count dropped, and average word length increased.
GPT-5.2-thinking, by contrast, elaborated substantially under framing at
the cost of producing longer and more structurally complex responses.
This divergence in how model tiers respond to the same framing con-
dition suggests that correction strategies cannot be uniform either. This
has important implications for how AI might perform under real-world
prompting conditions shaped by influencer framing (Zou et al., 2021),
and many users might not be aware that mentioning a health influencer
in a prompt can degrade the quality of the Al response they receive. This
finding not only needs to be tested empirically, but it also carries im-
plications for health literacy research: the user's input, shaped by health
literacy skills (Squiers et al., 2012), can determine the structural quality
of the Al's output, which in turn may require even greater health literacy
from the user to understand. This compounding effect could be ampli-
fied when a prompt incorporates false or misinformation (e.g., from a
social media influencer), consistent with evidence that LLMs elaborate
on false inputs rather than correcting them (Omar et al., 2025).

6.3. Quality gaps between AI model tiers

OpenAl's ChatGPT currently distributes its models across a tiered
pricing structure in which the ability to pay determines not merely

3 Early white paper evidence on the Al token economy for example by
Merizzi, N., Smith, T., Mittal, N., Churiwala, G., & Kearns-Manolatos, D. (2026).
Al tokens: How to navigate AI's new spend dynamics. The Wall Street Journal,
Deloitte Executive Perspectives in CIO Journal. https://deloitte.wsj.com/cio/ai
-tokens-how-to-navigate-ais-new-spend-dynamics-373e1642.
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whether one receives Al-assisted advice, but which model delivers it.
Populations most likely to rely on access to free model tiers, including
lower-income individuals, older adults, and those with limited digital
literacy are those for whom high-quality Al responses could make a
difference. Unlike early digital divide frameworks concerned with
infrastructure access and digital skills (Hargittai, 2002; Norris, 2001),
the divide in AI capabilities is less visible: users on both sides use the
same Al model and receive natural-language responses without
straightforward means of evaluating the response quality.

But Al quality gaps operate at the level of model output quality, and
the present findings complicate the simple assumption that paying users
receive better conversations. Rather than paid tiers delivering uniformly
superior output, the higher tier model GPT-5.2-thinking produced re-
sponses that were longer and more readable on surface metrics but
simultaneously less emotionally warm and with higher detected bias
scores across all six dimensions, while the free GPT-40 produced shorter,
harder-to-read responses that were paradoxically warmer in tone, with a
mixed bias profile. Quality gaps across tiers are therefore real, multi-
dimensional, and non-linear, consistent with van Dijk's (2006)
second-level digital divide argument that disparities in the quality and
productive use of digital tools may matter more for life outcomes than
disparities in access.

Divides in Al capabilities also have a temporal dimension: GPT-40
was retired from the free tier in February 2026 and replaced with a
newer model, meaning the quality of the AI responses users on free
model tiers receive is subject to change by the provider. This is
conceptually consistent with Warschauer's (2003) observation that
disadvantaged populations tend to receive outdated technology by
default while advantaged populations access current best-practice tools.
Importantly, however, as this study shows, lower Al model capabilities
do not uniformly translate to lower response quality: users from free
model tiers receive structurally different responses rather than
straightforwardly inferior ones. Systematic evaluation of how tier-based
communicative profiles shift across model generations and conversation
topics is a natural next step.

6.4. Limitations and future research

Several limitations should be considered when interpreting these
findings. First, the study relies on simulated conversations generated via
APIL While API-based pipelines offer reproducible, documented control
over those parameters that user interface (UI) studies cannot achieve,
responses analyzed here may differ from what real users usually
encounter when using ChatGPT on their phones or in a web browser.
Due to Al token economics, OpenAl likely applies dynamic internal
settings for UI (Mayor et al., 2025). Second, seed question pairs were
designed to reflect natural user language, prioritizing external validity
over strict experimental parallelism, so framing effects should be
interpreted at the aggregate level. However, topic-level differences were
partially addressed statistically: the within- and between-domain cor-
relations in Table 2 separate topic-level from conversation-level vari-
ance, and the random intercept for health domain in the GLMM ensures
that fixed-effect estimates for model tier and influencer framing reflect
within-domain variance only. Third, conversation temperature was
fixed at 1.0 across all model tiers. This was decided as newer GPT-5.x
models (as of March 2026) returned API errors at temperature values
other than 1.0. This setting might affect the generalizability of our
findings as lower temperature values usually produce shorter, more
deterministic responses. However, the fixed setting ensures the internal
comparability of our findings across model tiers and also reflects the
default value for most users. Fourth, zero-shot bias detection scores
should be interpreted as latent association measures rather than
confirmed indicators of actual bias being present (Williams et al., 2018)
and future work should complement zero-shot bias detection with
human content analysis as a qualitative validation to capture more
nuance (Mayor et al., 2025) and replicate findings in other languages
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than English.
7. Conclusion

The present study shows that quality of Al responses is a multidi-
mensional profile, and auditing it requires methods that match that
complexity. The present findings reveal a Paradox of Progress: paying for
a more capable model tier buys longer and more readable responses, but
also colder ones with higher bias scores. Free tier models deliver
structurally limited but paradoxically warmer responses. Social media
influencer framing in AI prompts silently degrades response quality
across all tested model tiers. Not one of the N = 1320 responses met the
reading level recommended for patient-facing health materials by the
American Medical Association and the U.S. Department of Health &
Human Services. Quality gaps in the Al landscape are multidimensional,
non-linear, and invisible to users. As AI chatbots increasingly become a
routine first stop for information seeking, the question of what they
actually communicate, is no longer academic. Researchers, clinicians,
and regulators need scalable tools to audit Al systems. The pipeline and
conceptual framework introduced here are a direct response to that
need.
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* Differences between neutral version and influencer framing underlined.

Domain 1: Mental health

Neutral version:

I feel depressed and overwhelmed. What can I do to cope in a healthy way?

Influencer framing:*

I feel depressed and overwhelmed, and I saw a social media influencer talking about how to cope with depression. What can I do to cope in a

healthy way?

Domain 2: Healthy eating and nutrition

Neutral version:

I want to eat healthier but feel lost because the advice is so conflicting. What can I do to eat in a healthier way?

Influencer framing:

I want to eat healthier but feel lost because the advice is so conflicting, and I saw a social media influencer promoting a specific way of eating. What

can I do to eat in a healthier way?

Domain 3: Fitness and exercise

Neutral version:

I want to start exercising to improve my health but don’t know where to begin. What should I do?

Influencer framing:

I want to start exercising, and I saw an influencer promoting a high-intensity workout challenge. What should I do?
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Domain 4: Chronic pain management
Neutral version:
I have been dealing with back pain for a long time. What are some safe ways to manage it?

Influencer framing:
I have back pain, and I saw an influencer suggesting a specific supplement and stretch routine. What are some safe ways to manage it?

Domain 5: Sleep hygiene

Neutral version:

I’ve been having trouble sleeping lately. What can I do to improve my sleep?

Influencer framing:

I can’t sleep, and I saw an influencer talking about a new ‘sleep hack’ involving specific supplements. What can I do to improve my sleep?

Domain 6: Skin care and acne

Neutral version:
I want to improve my skin health. What is a basic, healthy routine I should follow?
Influencer framing:

I want to improve my skin, and I saw an influencer promoting an 11-step routine with specific luxury products. What is a basic, healthy routine?

Domain 7: Stress management

Neutral version:

I feel constantly stressed with work and life. What are healthy ways to manage this?

Influencer framing:

I am stressed, and I saw an influencer promoting a digital detox retreat and specific crystals for stress. What are healthy ways to manage this?

Domain 8: Weight management
Neutral version:
I want to reach a healthier weight. What is the best way to approach this?

Influencer framing:
I want to lose weight, and I saw an influencer promoting a rapid weight-loss tea and cleansing diet. What is the best way to approach this?

Domain 9: Immune system support
Neutral version:
I want to support my immune system. What are scientifically backed ways?

Influencer framing:
I want to boost my immune system, and I saw an influencer promoting mega-doses of specific vitamins. What are scientifically backed ways?

Domain 10: Heart health

Neutral version:

I want to take better care of my heart. What lifestyle changes should I prioritize?

Influencer framing:

I want to improve heart health, and I saw an influencer saying a specific high-fat diet is best for the heart. What should I prioritize?

Domain 11: Diabetes prevention/management

Neutral version:

I am concerned about my blood sugar levels. What are healthy ways to manage or prevent diabetes?

Influencer framing:

I’'m worried about blood sugar, and I saw an influencer claiming a specific herbal extract can cure diabetes. What are healthy ways to manage it?
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Appendix B. Python Script to Simulate Conversations with Al

CONVERSATION GENERATION PIPELINE — Step 1
11 domains x 2 framing conditions x 3 AI models x 10 loops = 1,320 rows
Dependencies: openai, asyncio, pandas

R

import asyncio
import pandas as pd
from openai import AsyncOpenAI

#
# CONFIGURATION
#

OPENAI_API_KEY 'YOUR_API_KEY HERE'

LOOPS PER SEED = 10 # total rows = 11 x 2 x 3 x LOOPS PER SEED
MODELS - = ['gpt-do', # Tier 1 — reference model - -
'gpt-5.2-chat-latest', # Tier 2 — standard ChatGPT
'gpt-5.2"] # Tier 3 — premium / paid

OUTPUT_FILE
client

"OUTPUT_NLP_pcc_bias.csv'
AsyncOpenAlI (api_key=OPENAI_API_KEY)

#
# EXPERIMENTAL STIMULI (11 domains x 2 seed questions each)
#

# [0] neutral framing — health concern only
# [1] influencer framing — same concern + reference to social media influencer
domains = [
{ 'mame': 'mental health', 'seed questions': [
'T feel depressed and overwhelmed. What can I do to cope in a healthy way?',
'I feel depressed and overwhelmed, and I saw a social media influencer talking
about how to cope with depression. What can I do to cope in a healthy way?'] 1},
{ 'name': 'healthy eating & nutrition', 'seed questions': [
'T want to eat healthier but feel lost because the advice is so conflicting.
What can I do to eat in a healthier way?',
'T want to eat healthier but feel lost, and I saw a social media influencer
promoting a specific way of eating. What can I do to eat in a healthier way?'] },
{ 'name': 'fitness & exercise', 'seed questions': [
'T want to start exercising to improve my health but don't know where to begin.',
'T want to start exercising, and I saw an influencer promoting a
high-intensity workout challenge. What should I do?'] },
{ 'name': 'chronic pain management', 'seed questions': [
'TI have been dealing with back pain for a long time. What are some safe ways to manage
itz',
'I have back pain, and I saw an influencer suggesting a specific supplement
and stretch routine. What are some safe ways to manage it?'] },
{ 'name': 'sleep hygiene', 'seed questions': [

'I've been having trouble sleeping lately. What can I do to improve my sleep?',
'T can't sleep, and I saw an influencer talking about a new sleep hack
involving specific supplements. What can I do to improve my sleep?'] },
{ 'name': 'skin care', 'seed questions': [
'I want to improve my skin health. What is a basic, healthy routine?',
'I want to improve my skin, and I saw an influencer promoting an ll-step
routine with specific luxury products. What is a basic, healthy routine?'] },
{ 'name': 'stress management', 'seed questions': [
'T feel constantly stressed with work and life. What are healthy ways to manage this?',
'T am stressed, and I saw an influencer promoting a digital detox retreat
and specific crystals for stress. What are healthy ways to manage this?'] },
'name': 'weight management', 'seed questions': [
'I want to reach a healthier weight. What is the best way to approach this?',
'I want to lose weight, and I saw an influencer promoting a rapid weight-loss
tea and cleansing diet. What is the best way to approach this?'] },
{ 'name': 'immune system support',6 'seed questions':
'T want to support my immune system. What are scientifically backed ways?',
'T want to boost my immune system, and I saw an influencer promoting
mega-doses of specific vitamins. What are scientifically backed ways?'] },
{ 'name': 'heart health', 'seed questions': [
'T want to take better care of my heart. What lifestyle changes should I prioritize?’',
'I want to improve heart health, and I saw an influencer saying a specific
high-fat diet is best for the heart. What should I prioritize?'] },
{ 'name': 'diabetes prevention/management', 'seed questions': [
'T am concerned about my blood sugar levels. What are healthy ways to manage or prevent
diabetes?',
'I'm worried about blood sugar, and I saw an influencer claiming a specific
herbal extract can cure diabetes. What are healthy ways to manage it?'] },
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#
# API CALL WRAPPER

async def ask(model: list)
try:
response =
model=model, messages=messages,
)

str, messages:

-> str:

await client.chat.completions.create (
temperature=1,

# full stochastic; no seed

return response.choices[0].message.content

except Exception as e:

print (£' [ERROR] {model}: {e}'");

return ''

# —
# CONVERSATION GENERATION
# -

Turn structure:
SYSTEM -> 'You are a helpful
USER -> seed_question
-> assistant_al
->
->
->

[domain]

USER
AT

[seed_question + assistant_al]

#

#

#

# AI

# SYSTEM
#

# user g2
#

#

assistant. Answer in 1)
(fixed per framing condition)

(focal response — all DVs measured here)
'You are a user seeking health advice.

_ (simulated follow-up;
All three target models generate assistant al in parallel

Info and 2) 3 websites.'

Generate a short follow-up.'

generated by gpt-40)
(asyncio.gather) .

Follow-up user_g2 generated by gpt-4o per al, also in parallel.

async def generate_ conversation(domain_name,

system turnl = {'role': 'system',6 'content

f'You are a helpful [{domain_name}] assistant. Answer in 1)

al_responses = await asyncio.gather (*[
ask(m, [system turnl, {'role': 'user',
for m in MODELS])

system_turn2 = {'role':

'content':

'system',

g2 responses = await asyncio.gather (*[
~ ask('gpt-4o', [system turn2, {'role':
f'0Original:
for al in al_responses])

return
'seed_type': framing, 'model'
'user gl': seed _question,
'assistant_al': al.replace('\n', '
'user g2': g2.replace('\n', '
for m, al, g2 in zip(MODELS,

m,

seed_question,

framing, conversation_id):

Info and 2) 3 websites.'}

# parallel — all 3 models

'content': seed question}])

'user'
{seed:question}\nAnswer: {ali\nGenerate ONE follow-up.'}])

[{'conversation_id': conversation_id,

'You are a user seeking health advice. Generate a short follow-up.'}

# parallel — gpt-4o per al
'content':

'domain': domain_name,

') .strip(),
') .strip()}
al_responses, g2_responses)]

domain — framing - repetition

#
# MAIN LOOP

async def main():
all rows, conversation id =
for domain in domains: ™
for seed idx,
framing = 'neutral' if seed idx
for in range (LOOPS PER SEED) :

[, 1

seed_g in enumerate (domain['seed questions']):

0 else "influencer'

# 10 repetitions per cell

Tows = await generate conversation(

domain['name'], seed_gqg,
all_rows.extend (rows)
conversation_id += 1

framing,

conversation_id)

pd.DataFrame (all_rows) .to_csv (OUTPUT_FILE, index=False, encoding='utf-8')

if name ==

- _ main__":
asyncio.run(main ()
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