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Abstract
Objective

To evaluate the extent to which large language models (LLMs) reproduce human assessments of the
quality of stroke-related information on social media.

Background

Social media is a major source of health information, yet content quality varies. The reliability of LLMs in
evaluating stroke-related social media content against human assessments remains uncertain.

Methods

This cross-sectional study evaluated 50 TikTok and Instagram videos using human reference scores and
three Al models: ChatGPT, Microsoft 365 Copilot, and Claude. Publicly unavailable videos and those
featuring songs or lacking transcribable speech were excluded. Spoken audio was transcribed using a
free tool, and transcripts were submitted to all three models with an identical standardized prompt.
Scores were compared using Mann—Whitney U tests; Spearman’s correlation assessed associations with
human ratings, and linear regression quantified explained variance.

Results

The median human reference score was 37.00 (IQR, 35.00-45.00). All Al models scored significantly
lower: ChatGPT, 34.50 (p = 0.001); Microsoft Copilot, 33.50 (p < 0.001); and Claude, 26.00 (p < 0.001). All
models correlated significantly with human ratings, with the strongest association for Claude (p = 0.593;
p <0.001), followed by ChatGPT (p = 0.550; p < 0.001) and Copilot (p = 0.396; p = 0.004). Claude
explained 32.1% of the variance in human scores (R? = 0.321), compared with 31.4% for ChatGPT and
14.8% for Copilot. Inter-model correlation was strongest between ChatGPT and Copilot (p =0.862; p <
0.001).

Conclusions

All three LLMs showed significant positive correlations with human ratings but systematically assigned
lower scores. Claude showed the strongest correlation, whereas Microsoft Copilot showed the weakest.
These findings highlight the limitations of LLMs in reproducing human judgments and the need for
further validation before their use as standalone evaluators of social media content.

INTRODUCTION
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Stroke remains one of the leading causes of death and long-term disability worldwide, and its absolute
burden continues to grow as populations age [1, 2]. Outcomes depend heavily on how quickly symptoms
are recognized and treatment is sought, because the loss of neural tissue accumulates with every
minute of delay [3]. Public knowledge of warning signs, risk factors, and appropriate action therefore
matters for stroke outcomes, and the sources from which the public learns about stroke also matter.

Social media platforms have become a routine channel for health communication, offering reach and
accessibility that traditional patient education cannot match [4]. Short-form video platforms such as
TikTok and Instagram are especially influential because content is brief, visual, and algorithmically
distributed with little editorial oversight. The same features that make these platforms effective also
allow inaccurate, incomplete, or commercially motivated content to spread widely [5, 6]. Studies of
stroke-related videos on YouTube, TikTok, and Bilibili have repeatedly found variable and often
suboptimal quality, including limited reliability and few actionable recommendations [7-9].

The quality of online health information is commonly appraised with structured instruments, most
notably DISCERN, which was developed to judge written consumer health information on treatment
choices [10]. Applying such instruments to video content requires trained reviewers, is time-consuming,
and is difficult to scale to the volume of content uploaded each day [11]. Automated approaches that
could screen content at scale would be valuable to researchers, platforms, and clinicians who wish to
direct patients toward reliable material.

Large language models (LLMs) are a natural candidate. They have shown strong performance on
medical knowledge tasks and on patient-facing communication [12-14], and they can follow structured
scoring instructions when given a transcript. However, LLMs are also prone to hallucination and
inconsistent outputs [15], and using them as evaluators (“LLM-as-a-judge”) depends on how closely their
judgments track human experts [16]. Early work applying LLMs to appraise health videos has reported
variable agreement with expert raters. In one study of YouTube medical videos, agreement varied widely
across models, and models tended to award higher scores than experts [17]. In another study, ChatGPT-4
ratings of tonsillectomy videos correlated with human ratings to varying degrees, depending on the
dimension assessed [18].

To our knowledge, little is known about how closely commercially available LLMs reproduce human
appraisals of stroke-related content on short-form social media platforms, or how different models
compare when given identical inputs. We therefore aimed to evaluate how closely three widely used
LLMs (ChatGPT, Microsoft 365 Copilot, and Claude) reproduce human assessments of the quality of
stroke-related information in TikTok and Instagram videos, in terms of absolute score level, rank-order
association, and explained variance.

METHODS

This cross-sectional study analyzed publicly available social media videos. The study is reported in
accordance with the applicable items of the STROBE statement for cross-sectional studies [19].
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Formal ethical approval was not obtained for this study, which involved the analysis of publicly available
online content. No human participants were recruited, no direct interaction with content creators took
place, and no private or personally identifiable information was collected. The analysis was restricted to
material accessible to the general public, without obtaining or examining additional private or sensitive
information. Ethical considerations relevant to the use of publicly available online content were taken
into account throughout the study.

The search was performed using a comprehensive set of stroke-related hashtags, including #stroke,
#strokeawareness, #strokeprevention, #strokesymptoms, and #strokerecovery. We used Instagram and
TikTok. Videos were excluded if they were publicly unavailable, featured songs, or lacked transcribable
speech. The final sample comprised 50 videos.

Each video was assigned a human reference score for the quality of its stroke-related information using
the DISCERN instrument [10]. Scoring was performed by two qualified professionals who worked
independently and resolved disagreements by consensus.

Spoken audio from each included video was transcribed using Clipto.Al. We manually checked or
corrected the transcripts before submitting them to the models.

Three LLMs were evaluated: ChatGPT (GPT version 5.5), Microsoft 365 Copilot (based on GPT version
5.0), and Claude (Sonnet 5.5). Each transcript was submitted to each model with an identical
standardized prompt. We provided each LLM with the scoring instrument beforehand. Each video was
assessed in the same session, and each video was scored once. Model outputs were converted to total
scores on the same scale as the human reference scores.

The primary outcome was the difference in score level between each LLM and the human reference.
Secondary outcomes were the rank-order association between each LLM and the human reference
score, the proportion of variance in human scores explained by each LLM, and the association between
LLMs.

Scores are summarized as medians with interquartile ranges (IQR). Scores from each LLM were
compared with the human reference scores using the Mann—Whitney U test. Associations between each
LLM and the human reference, and between pairs of LLMs, were assessed using two-tailed Spearman’s
rank correlation coefficients. We used simple linear regression, with the human reference score as the
dependent variable and each LLM's score as the independent variable, to quantify the proportion of
variance explained (R?). All tests were two-sided, and we considered p < 0.05 statistically significant. No
correction for multiple comparisons was applied. Analyses were performed using IBM SPSS Statistics,
Version 25.

RESULTS

A total of 50 videos were analyzed. The mean video duration was 1.12 + 1,08 minutes.
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The median human reference score was 37.00 (IQR 35.00-45.00). All three LLMs assigned lower scores
than the human reference (Table 1). Median scores were 34.50 (IQR 30.00-41.00) for ChatGPT, 33.50
(IQR 29.75-40.00) for Microsoft Copilot, and 26.00 (IQR 23.75-29.75) for Claude. Mann—Whitney U
tests showed that each model’s scores differed significantly from the human reference (ChatGPT, p =
0.001; Microsoft Copilot, p < 0.001; Claude, p < 0.001) (Table 1). Claude’s median was 11 points below
the human median, compared with 2.5 points for ChatGPT and 3.5 points for Microsoft Copilot.

Table 1

Descriptive statistics and comparison of LLM scores with human reference
scores (N = 50).

Evaluator Median (IQR) P-value vs. human reference

Human reference  37.00 (35.00-45.00) —
ChatGPT 34.50 (30.00-41.00) 0.001
Microsoft Copilot  33.50(29.75-40.00) <0.001
Claude 26.00 (23.75-29.75) <0.001

IQR, interquartile range; LLM, large language model; SD, standard deviation. P values are from Mann—
Whitney U tests.

All three LLMs correlated positively and significantly with the human reference scores (Table 2). Claude
showed the strongest correlation (p = 0.593, p < 0.001), followed by ChatGPT (p = 0.550, p < 0.001) and
Microsoft Copilot (p = 0.396, p = 0.004). These values are moderate, with Microsoft Copilot at the
boundary between weak and moderate [20].

The LLMs correlated strongly with one another. The strongest correlation was between Microsoft Copilot
and ChatGPT (p =0.862, p<0.001), followed by ChatGPT and Claude (p = 0.789, p < 0.001).

Spearman rank correlation cerE::n?ts between evaluators (N = 50).
Evaluator Human reference  ChatGPT Claude Microsoft Copilot
Human reference  1.000 — — —

ChatGPT 0.550* 1.000 — -
Claude 0.593* 0.789* 1.000 -
Microsoft Copilot  0.396* 0.862* 0.671*  1.000

*Statistically significant (two-tailed).

In a linear regression with the human reference score as the outcome, Claude explained the largest
proportion of variance (R? = 0.321; 32.1%), followed closely by ChatGPT (R? = 0.314; 31.4%). Microsoft
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Copilot explained 14.8% (R? = 0.148).

DISCUSSION

In this cross-sectional comparison of 50 stroke-related TikTok and Instagram videos, three widely used
LLMs followed a similar pattern: they ranked videos broadly in the same direction as human raters. Still,
they scored lower and tracked human scores only moderately. The correlations ranged from p =0.396 to
0.593, and no model explained more than about one third of the variance in human scores. The LLMs
therefore captured part of human judgment, but not most of it.

Score level and rank order are separate rater properties, and the models differed on each. Claude had the
largest downward offset (11 points below the human median) yet the highest correlation. Its explained
variance was almost identical to ChatGPT's (32.1% vs 31.4%), and we did not formally test differences
between correlations in a sample of 50, so these data do not support ranking one model above the other.
Microsoft Copilot performed worst on both rank association and explained variance.

The lower scores contrast with a study of YouTube medical videos, in which most LLMs scored higher
than expert raters [17], and with a study of tonsillectomy videos, in which agreement with human ratings
differed by the dimension assessed [18]. Those studies used different instruments, prompts, models,
and content, so direct comparison is limited. Several explanations for our finding are plausible but were
not tested. The models saw only transcripts, so they did not have access to on-screen text, captions, or
visual cues available to human raters. Items on sources, balance, and uncertainty may be scored strictly
when they are not stated aloud, and a one-minute video leaves little room for them. Single-run LLM
output can also vary and may contain errors [15], adding noise and lowering correlations.

The strong correlations between models, especially ChatGPT and Microsoft Copilot (p = 0.862), suggest
shared scoring tendencies, possibly because they share underlying models. Agreement between models
should not be read as evidence that their scores are correct, since LLM judges share known biases [16]
and may share blind spots.

These findings do not support using any of the three models as a standalone evaluator of stroke-related
social media content. A consistent downward offset means raw LLM scores cannot be compared with
human benchmarks or applied against fixed quality thresholds without calibration. A moderate
correlation still leaves substantial room for misclassifying individual videos. For example, when LLMs
are used to prioritize videos for review in large-scale studies, human verification should remain part of
the process, and results should be validated against human ratings for the specific task, model version,
and prompt.

Strengths include using an identical standardized prompt across three models and including both score-
level and rank-order analyses. The study also has limitations. The sample was small and limited to two
platforms. Only videos with transcribable speech were included, so the findings may not apply to visually
driven or music-based content. We used a single prompt and a single scoring run per model, and model
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versions change frequently. The human reference scores are an imperfect standard [raters and reliability
to be added]. We assessed score-level and rank associations rather than formal agreement statistics
such as Bland—-Altman limits of agreement [21] or intraclass correlation coefficients [22], and [state
whether multiple-comparison correction was applied]. Finally, the cross-sectional design captures one
point in time.

Future work should use larger, more varied samples; multimodal input; repeated runs to measure within-
model consistency; and formal agreement analyses.

CONCLUSIONS

Three commonly used LLMs showed moderate positive correlations with human ratings of stroke-related
TikTok and Instagram videos but systematically assigned lower scores. Their ability to reproduce human
judgment was limited, and they need further validation before use as standalone evaluators of social
media health content.
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Figure 1

ChatGPT Linear model with human scoring vectors
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Claude Linear model with human scoring vectors
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CoPilot Linear model with human scoring vectors
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