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Abstract

This study investigated the feasibility of using large language models (LLMs) to infer prob-
lematic Instagram use, which refers to excessive or compulsive engagement with the plat-
form that negatively impacts users’ daily functioning, productivity, or well-being, from a
limited set of metrics of user engagement in the platform. Specifically, we explored whether
OpenAI’s GPT-4o and Google’s Gemini 1.5 Pro could accurately predict self-reported
problematic use tendencies based solely on readily available user engagement metrics like
daily time spent on the platform, weekly posts and stories, and follower/following counts.
Our sample comprised 775 Italian Instagram users (61.6% female; aged 18–63), who were
recruited through a snowball sampling method. Item-level and total scores derived by
querying the LLMs’ application programming interfaces were correlated with self-report
items and the total score measured via an adapted Bergen Social Media Addiction Scale.
LLM-inferred scores showed positive correlations with both item-level and total scores
for problematic Instagram use. The strongest correlations were observed for the total
scores, with GPT-4o achieving a correlation of r = 0.414 and Gemini 1.5 Pro achieving a
correlation of r = 0.319. In cross-validated regression analyses, adding LLM-generated
scores, especially from GPT-4o, significantly improved the prediction of problematic Insta-
gram use compared to using usage metrics alone. GPT-4o’s performance in random forest
models was comparable to models trained directly on Instagram metrics, demonstrating its
ability to capture complex, non-linear relationships indicative of addiction without needing
extensive model training. This study provides compelling preliminary evidence for the use
of LLMs in inferring problematic Instagram use from limited data points, opening exciting
new avenues for research and intervention.

Keywords: large language models (LLMs); machine learning; data mining; social-media;
problematic Instagram use

1. Introduction
Advances in artificial intelligence (AI), particularly the development of large language

models (LLMs) such as Google’s Gemini and OpenAI’s GPT model families, present un-
precedented opportunities for unobtrusively inferring psychological states. These models
are poised to revolutionize mental health care by leveraging raw data to improve diag-
nostics, monitoring, prevention, and treatment [1]. Practically, they offer a scalable and
low-burden method to detect risk patterns from minimal, non-invasive inputs, which is an
approach that may be especially valuable in resource-limited contexts [2]. Theoretically,
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their ability to extract latent psychological signals from raw behavioral data challenges
traditional assumptions about assessment, potentially advancing real-time, unobtrusive
screening in digital mental health. Notably, LLMs can process a broad spectrum of data
types, including both structured inputs (e.g., demographic variables and rating scales)
and unstructured clinical text, such as electronic health records, discharge summaries, or
psychotherapy transcripts. As such, they have been used to predict clinical outcomes, such
as treatment response and risk of violent behavior, and to identify social determinants
of health embedded in medical records [3,4]. Multimodal implementations that integrate
text with neuroimaging or physiological data further extend their applicability in health-
related applications [5–7]. Beyond clinical settings, LLMs have shown promise in analyzing
social media data to assess mental health risks, including suicide ideation and exposure
to violence [8,9], offering continuous, scalable monitoring in digital environments where
traditional assessment is not feasible [10]. Recent research has demonstrated the impressive
capacity of LLMs, such as Openai’s GPT-3.5 and GPT-4, to accurately infer psychological
dispositions, such as Big Five personality traits, from social media content like Facebook
status updates [11]. Peters and Matz [11] found that GPT-3.5 and GPT-4 could infer person-
ality traits with an accuracy comparable to supervised machine learning models, achieving
correlations of 0.39 between LLM-inferred and self-reported scores. Other applications have
demonstrated their potential to infer mental health conditions from online text data [12]
and to identify risky alcohol consumption patterns based on social media activity [13].

The ability to extract psychological insights from user-generated text has significant
implications for research. Among the potential avenues of research for LLMs is their use in
the study of problematic social media use. The ever-growing rise of social media platforms
has prompted extensive research into the behavioral patterns linked to their use, particularly
focusing on problematic usage behaviors that resemble addiction. Problematic social
media use involves excessive and compulsive engagement that disrupts an individual’s
daily life, productivity, relationships, and well-being, often resulting in addiction-like
symptoms [14,15]. The literature frequently overlaps terms like “problematic social media
use” and “social media addiction,” with the two often being used interchangeably to
describe similar patterns of problematic behavior [16]. However, the term “social media
addiction” is not widely accepted in clinical or diagnostic contexts due to the absence
of an official diagnostic category in standard diagnostic manuals such as the DSM-5 or
ICD-11 [17]. Montag et al. [17] and other scholars advocate caution when employing
terminology suggestive of addiction, emphasizing the importance of clear distinctions
to avoid misconceptions about clinical significance and diagnostic criteria. Here, we
deliberately employ the broader and more neutral term of “problematic social media
use” to acknowledge the existing debate and avoid implications of clinical addiction that
currently lack formal recognition.

Previous research has demonstrated the feasibility of using machine learning ap-
proaches to predict problematic smartphone and social media use by analyzing metrics of
online activity, such as time spent on applications, posting frequency, and interaction met-
rics [18,19]. Such unobtrusive approaches could improve early detection and intervention
strategies, particularly for populations at risk of social media addiction. Despite promis-
ing developments, the application of LLMs to infer addiction symptoms related to social
media use based on limited usage metrics remains unexplored. This study investigates
the feasibility of using LLMs to infer self-reported problematic Instagram use tendencies
from a concise set of metrics of user engagement: daily time spent on the platform, weekly
published posts and stories, and follower/following counts. By leveraging these data
points, this research aims to evaluate how accurate LLM inferences (specifically, OpenAI’s
GPT-4o and Google’s Gemini 1.5 Pro) are when compared to a traditional self-report as-
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sessment using the Bergen Social Media Addiction Scale (BSMAS) [20,21], adapted for
Instagram [22]. Data were collected from n = 775 adult Instagram users in Italy. Focusing on
Instagram is particularly relevant given its sustained global popularity, with approximately
2 billion users as of February 2025, making it the third most used social media platform
worldwide [23]. Given its broad reach, developing an automated and scalable method
for detecting problematic usage patterns on Instagram holds substantial promise for both
assessment and intervention. In this study, we describe the procedure used to prompt two
large language models, GPT-4o and Gemini 1.5 Pro, to infer symptom scores related to
problematic Instagram use based solely on platform engagement metrics. We present the
distribution and internal consistency of the scores generated by each model, examine their
associations with behavioral indicators and self-reported symptoms, and assess the level
of agreement between the two models. Lastly, we evaluate the predictive value of these
LLM-based inferences and consider their implications for scalable, unobtrusive approaches
to digital mental health screening.

2. Materials and Methods
2.1. Procedure and Sample

Participants were recruited online through a snowball sampling approach. A survey
link was shared via social media and private communications, with the initial seed consist-
ing of six master’s students in Psychology. To be eligible, participants had to be at least
18 years old, fluent in Italian, and active Instagram users. Anonymity was ensured by
not recording personal information, such as names or IP addresses. The resulting sample
comprised 775 adults aged 18 to 63 (M = 25.200, SD = 7.097), 61.6% of whom were female.

2.2. Measures
2.2.1. Problematic Instagram Use

We administered an adaptation of the Bergen Social Media Addiction Scale (BS-
MAS) [20,21], modified to refer specifically to Instagram [22]. The scale comprises six
items addressing the following symptoms of problematic Instagram use: salience (e.g.,
“How often have you spent a lot of time thinking about or planning use of Instagram?”);
mood modification (e.g., “How often have you used Instagram to forget about personal
problems?”); tolerance (e.g., “How often during the last year have you felt an urge to use
Instagram more and more?”); withdrawal (e.g., “How often have you become restless or
troubled if you have been prohibited from using Instagram?”); conflict (e.g., “How often
have you used Instagram so much that it has negatively impacted your job or studies?”);
and relapse (e.g., “How often have you tried to cut down on your Instagram use without
success?”). Each item was rated on a 5-point Likert scale (1 = very rarely, 5 = very often),
and the total score was computed by summing the responses, with higher scores indicating
more problematic use. Note that based on Cronbach’s α [24], the scale demonstrated
adequate internal consistency (α = 0.795).

2.2.2. Instagram Usage Metrics

Participants provided their Instagram usage metrics by accessing the platform. The
following metrics were collected: average daily time spent on Instagram (in minutes);
the number of posts and stories published during the last week; and the total number of
followers and accounts followed (i.e., the following count). On average, participants posted
0.58 (SD = 3.91) times per week and shared 4.36 (SD = 7.61) stories weekly on Instagram. Daily
time spent on the platform averaged 95.13 min (SD = 130.00). Participants had a mean follower
count of 675.24 (SD = 2048.53) and followed an average of 639.42 (SD = 577.04) accounts.
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2.2.3. Leveraging Large Language Models for Inferring Problematic Instagram Use from
Instagram Usage Metrics

To investigate the feasibility of using large language models (LLMs) for predicting
problematic Instagram use, a structured, prompt-based approach was implemented. We
used LLMs to analyze input data reflecting specific Instagram usage metrics and to gen-
erate symptom scores corresponding to the six addiction dimensions (i.e., salience, mood
modification, tolerance, withdrawal, conflict, and relapse) outlined in the BSMAS, as
adapted for Instagram. The process involved the use structured prompts to query Ope-
nAI’s GPT-4o (OpenAI, L.P., San Francisco, CA, USA) and Google’s Gemini 1.5 Pro (Google
LLC, Mountain View, CA, USA) via their respective application programming interfaces
(APIs). These prompts guided the models to infer item-level scores on a 5-point Likert
scale (1 = very rarely, 5 = very often). To ensure consistency and avoid potential confounds,
all LLM predictions were generated using stateless prompting; each input was submitted
in isolation, with no memory or context carried over between scoring operations. No exam-
ples, prior responses, or user-level history were retained or utilized during the inference
process. Below is an example of the prompt used to operationalize the prediction task,
including an example of user metric data submitted as part of the prompt:

“You are tasked with analyzing a dataset to infer a user’s potential level of Instagram
addiction. The dataset includes information about the average number of last week’s
published posts and stories, average daily time spent on the app, and current count of
followers and following. Use this information to infer a symptom score on a 5-point scale
(1 = Very rarely, 5 = Very often) for each of the six addiction dimensions:

- Salience (Original Item: How often have you spent a lot of time thinking about or
planned use of Instagram?)

- Mood Modification (Original Item: How often have you used Instagram in order to
forget about personal problems?)

- Tolerance (Original Item: How often have you felt an urge to use Instagram more
and more?)

- Withdrawal (Original Item: How often have you become restless or troubled if you have
been prohibited from using Instagram?)

- Conflict (Original Item: How often have you used Instagram so much that it has had a
negative impact on your job/study?)

- Relapse (Original Item: How often have you tried to cut down on the use of Instagram
without success?)

USER DATA:

- Weekly Posts: 0

- Weekly Stories: 40

- Time Spent on Instagram (average minutes/day): 165

- Followers Count: 824

- Following Count: 539

Task: Generate the scores considering all input factors and output them in the
specified format.

Output Format:

A comma-separated list of scores from 1 to 5 for each of the six symptoms.”



Electronics 2025, 14, 2548 5 of 14

2.3. Data Analysis

To evaluate the psychometric properties and predictive utility of LLM-inferred scores,
we conducted a series of analyses. Figure 1 illustrates the overall study design and the
sequence of analyses performed. First, we assessed the internal consistency of the item-level
scores generated by GPT-4o and Gemini 1.5 Pro using Cronbach’s alpha. Total scores for
each model were computed by summing the six symptom-specific ratings, following the
same procedure used for the self-report scale. Descriptive statistics and score distributions
were then examined for each item and total score, allowing for a comparison across GPT-4o,
Gemini 1.5 Pro, and self-reports. To test systematic differences between LLM-inferred and
self-reported scores, we conducted paired-sample t-tests for each symptom and the total
score. Next, we assessed associations between Instagram usage metrics (e.g., time spent,
posts, stories, and follower/following counts) and both LLM-inferred and self-reported
scores using Pearson’s correlations. This allowed us to evaluate the extent to which each
score type was grounded in observable behavioral data. To examine the convergence
between the two LLMs, we computed correlations between GPT-4o and Gemini 1.5 Pro for
each item and total score. Additionally, we evaluated convergent validity by correlating
each LLM’s item-level and total scores with self-reported values on the adapted BSMAS.

 

Figure 1. Overview of the study design and analytical procedures.

To further evaluate the LLMs, cross-validated regression and random forest models were
applied to predict self-reported symptoms of problematic Instagram use based on a combination
of both Instagram metrics and LLM-generated total scores for both GPT-4o and Gemini 1.5
Pro models. Specifically, 10-fold cross-validation was employed, with multiple linear regres-
sion models with no penalization and random forest [25] models based on 100 trees. The
following combination of predictors were examined: (1) Instagram usage metrics; (2) Instagram
usage metrics + GPT-4o total score; (3) Instagram usage metrics + Gemini 1.5 Pro total score;
(4) Instagram usage metrics + GPT-4o total score + Gemini 1.5 Pro total score; (5) GPT-4o
total score; (6) Gemini 1.5 Pro total score; (7) GPT-4o total score + Gemini 1.5 Pro total score.
Model performance was evaluated based on the correlation (R) between self-reported and
model-predicted scores, as well as the mean absolute error (MAE; i.e., the absolute difference in
predicted and observed scores). These analyses were conducted using Weka [26].
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3. Results
3.1. Distribution of LLM-Inferred and Self-Reported Scores for Problematic Instagram Use

Table 1 presents the distribution of item-level and total scores for problematic Insta-
gram use, derived from prompts submitted to Gemini 1.5 Pro, GPT-4o, and self-reports.
Preliminary analyses indicated excellent internal consistency for the item sets, with Cron-
bach’s alpha values of 0.956 for items derived using GPT-4o and 0.953 for items derived
using Gemini 1.5 Pro. To calculate total scores based on LLM-inferred item scores, we used
a traditional summation method, simply adding up the individual item scores. Overall,
GPT-4o consistently generated higher mean scores than Gemini 1.5 Pro for both item-level
inferences and total scores. Self-reported scores, meanwhile, generally fell between the two
LLM predictions, suggesting some alignment but also notable differences across scoring
methods. Notably, all item and total-score comparisons between LLM-inferred and self-
reported scores yielded statistically significant differences (p < 0.05), with two exceptions:
relapse, as inferred by GPT-4o (p = 0.570), and tolerance, as inferred by Gemini (p = 0.952).
Figure 2 provides a visualization of the distribution of the total scores for problematic
Instagram use as obtained using self-reports and by prompting GPT-4o and Gemini 1.5 Pro.

Table 1. Descriptive statistics for LLM and self-reported scores for problematic Instagram use.

GPT-4o Gemini 1.5 Pro Self-Report
M SD Min–Max M SD Min–Max M SD Min–Max

Items
Salience 2.23 0.84 1–5 2.15 1.01 1–5 2.34 1.13 1–5
Tolerance 2.57 1.01 1–5 2.22 0.86 1–5 2.22 1.08 1–5
Mood modification 2.21 0.92 1–4 1.86 0.69 1–5 2.00 1.12 1–5
Relapse 1.83 0.80 1–5 1.24 0.66 1–5 1.81 1.07 1–5
Withdrawal 2.03 0.83 1–5 1.81 0.70 1–5 1.33 0.72 1–5
Conflict 1.44 0.57 1–4 1.33 0.73 1–5 1.73 1.01 1–5
Total Score 12.31 4.58 6–28 10.61 4.25 6–30 11.42 4.33 6–29

Figure 2. Comparison of score distributions between self-reported and LLM-based measures of
problematic Instagram use.



Electronics 2025, 14, 2548 7 of 14

3.2. Associations Between Instagram Usage Metrics and Self-Reported and Problematic Use Scores

The results of the correlation between Instagram usage metrics and LLM-inferred item
and total scores for problematic Instagram use are reported in Table 2. Correlations were
examined separately for GPT-4o, Gemini 1.5 Pro, and self-reported scores, across the five
indicators used in the prompts: number of weekly posts, stories, time spent on Instagram,
followers, and followings. As expected, LLM-inferred scores were strongly associated
with the input usage metrics, particularly time spent on Instagram, which showed high
correlations with total scores (r = 0.660 for GPT-4o; r = 0.808 for Gemini) and individual
symptom dimensions (e.g., Withdrawal: r = 0.699 for GPT-4o; Conflict: r = 0.804 for Gemini).
Moderate associations also emerged for the number of stories, while correlations with posts,
followers, and following counts were generally lower. In contrast, self-reported scores
showed much weaker associations with the same behavioral indicators. The strongest
correlation was observed for time spent on Instagram (total score: r = 0.240).

Table 2. Correlation between Instagram metrics and item-level and total scores for problematic
Instagram use obtained using LLMs and self-report.

Number of
Weekly Posts

Number of
Weekly
Stories

Time Spent
on Instagram Followers Following

GPT-4o Salience 0.129 0.486 0.659 0.183 0.244
Tolerance 0.052 0.387 0.594 0.141 0.272
Mood modification −0.007 0.460 0.447 0.113 0.241
Relapse 0.039 0.460 0.610 0.144 0.257
Withdrawal 0.022 0.390 0.699 0.125 0.212
Conflict 0.019 0.473 0.661 0.134 0.241
Total Score 0.047 0.479 0.660 0.153 0.268

GEMINI 1.5 Pro Salience 0.185 0.400 0.716 0.208 0.219
Tolerance 0.103 0.380 0.677 0.159 0.184
Mood modification 0.123 0.403 0.739 0.213 0.204
Relapse 0.169 0.379 0.757 0.231 0.119
Withdrawal 0.111 0.376 0.750 0.210 0.197
Conflict 0.073 0.315 0.804 0.156 0.083
Total Score 0.142 0.413 0.808 0.214 0.188

Self-report Salience 0.068 0.244 0.232 0.093 0.141
Tolerance 0.063 0.223 0.200 0.038 0.101
Mood modification 0.032 0.088 0.164 0.040 0.041
Relapse 0.025 0.030 0.141 −0.013 0.031
Withdrawal 0.098 0.169 0.099 0.022 0.111
Conflict 0.043 0.094 0.154 0.022 0.109
Total Score 0.074 0.200 0.240 0.050 0.124

Note. Correlations in bold are significant at p < 0.05.

3.3. Cross-Model Agreement in LLM-Inferred Scores for Problematic Instagram Use

Correlations between the item-level and total scores generated by GPT-4o and Gem-
ini 1.5 Pro indicated a substantial degree of agreement between the two LLMs in their as-
sessments of problematic Instagram use based on the provided usage metrics. Notably, the
strongest agreement was observed between the scores for the items assessing salience (r = 0.792,
p < 0.001), tolerance (r = 0.795, p < 0.001), and withdrawal (r = 0.761, p < 0.001) symptoms,
while substantially lower (but still strong) linear agreement was observed for conflict (r = 0.617,
p < 0.001), mood modification (r = 0.597, p < 0.001), and relapse (r = 0.526, p < 0.001). The
summed total scores were highly convergent across the two models (r = 0.803, p < 0.001).
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3.4. Concurrent Validity Between LLM-Inferred and Self-Reported Scores of Problematic Instagram Use

Table 3 displays the correlations between LLM-inferred item-level and total scores
based on Gemini 1.5 Pro and GPT-4o outputs and the corresponding self-reported prob-
lematic Instagram use scores. The correlations between self-reported and LLM-inferred
scores obtained from both models were small to moderate and positive, ranging from 0.169
(withdrawal) to 0.414 (total score) for GPT4o and from 0.111 (relapse) to 0.319 (total score)
for Gemini 1.5 Pro.

Table 3. Correlations between self-reported and LLM-inferred symptoms and total score for problem-
atic Instagram use (N = 775).

Self-Report Gemini 1.5 Pro GPT-4o

Items
Salience 0.303 (p < 0.001) 0.387 (p < 0.001)
Tolerance 0.269 (p < 0.001) 0.336 (p < 0.001)
Mood modification 0.228 (p < 0.001) 0.206 (p < 0.001)
Relapse 0.111 (p = 0.001) 0.206 (p < 0.001)
Withdrawal 0.145 (p < 0.001) 0.169 (p < 0.001)
Conflict 0.129 (p < 0.001) 0.243 (p < 0.001)
Total Score 0.319 (p < 0.001) 0.414 (p < 0.001)

3.5. Incremental Validity of LLM Inferences over Instagram Usage Metrics in Predicting
Self-Reported Problematic Instagram Use

Figure 3 presents cross-validation metrics for linear regression and random forest
models that predict problematic Instagram use. These models compare the predictive
value of usage metrics alone, LLM-inferred inferences from GPT-4o and Gemini 1.5 Pro,
and their combinations. In linear regression models, the usage metrics on their own re-
sulted in modest predictive performance, with a correlation of 0.189 between predicted
and self-reported scores and relatively high error values (MAE = 3.401). Adding GPT-4o
inferences to the model significantly enhanced prediction accuracy, increasing the correla-
tion to 0.348 and reducing errors (MAE = 3.189). Gemini 1.5 Pro inferences also improved
performance but to a lesser extent, with a correlation of 0.243 and slightly higher error
metrics (MAE = 3.345). Combining inferences from both LLMs showed a marginally lower
correlation (R = 0.344) compared to using GPT-4o alone, with similar error values. Notably,
when used independently, GPT-4o predictions outperformed all configurations, achieving
the best results, with a correlation of 0.407 between predicted and self-reported scores, and
the lowest error metrics (MAE = 3.149). Gemini 1.5 Pro predictions alone produced weaker
performance, with a correlation of 0.309 and more errors (MAE = 3.314).

Random forest models provided a different picture. When using only usage metrics,
the models achieved stronger predictive performance compared to linear regression, with a
correlation of 0.391 and improved error metrics (MAE = 3.173). Adding GPT-4o or Gemini
1.5 Pro inferences to these models did not lead to noticeable improvement. Correlations
remained similar, ranging from 0.379 to 0.391, with minimal changes in MAE and RMSE
values. Using GPT-4o predictions alone in random forest models resulted in moderate
performance, with a correlation of 0.333 and slightly higher error metrics (MAE = 3.251).
Similarly, Gemini 1.5 Pro predictions alone yielded weaker results, with a correlation
of 0.317 and even higher error metrics (MAE = 3.282). Overall, the linear regression
model utilizing GPT-4o inferences alone demonstrated superior performance, achieving the
highest correlation (r = 0.407) and lowest error rate (MAE = 3.149) in predicting problematic
Instagram use compared to all other configurations.



Electronics 2025, 14, 2548 9 of 14

Figure 3. Cross-validation metrics for linear regression and random forest models in predicting
problematic Instagram use; (a) Pearson correlations between predicted and observed scores across
10-fold cross-validation; (b) Mean absolute error (MAE) of predictions across 10-fold cross-validation.

4. Discussion
This study explored the capacity of two large language models (LLMs), GPT-4o and

Gemini 1.5 Pro, to infer tendencies toward problematic Instagram use based on a limited
set of Instagram user metrics. The results provide compelling evidence for the potential
of LLMs to infer psychological states, as represented by items assessing symptoms of
problematic Instagram use, from limited indicators of user engagement in the platform.
Both LLMs demonstrated substantial agreement in their assessments of problematic In-
stagram use, with correlations ranging from moderate to strong. Notably, the strongest
agreement was observed between the scores for the items assessing salience, tolerance,
and withdrawal symptoms, while substantially lower, although still strong, agreement
was found for conflict, mood modification, and relapse. Additionally, item-level inferences
by both GPT-4o and Gemini 1.5 Pro demonstrated high internal consistency (α ≥ 0.90),
providing preliminary support for the feasibility of generating total scores. The resulting
total scores also demonstrated a high level of convergence across the two models (r = 0.80).
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This strong inter-LLM agreement suggests a consistent interpretation of usage patterns
across different models.

Of note, significant discrepancies were observed in the score distributions for LLM
inferences and self-report. Specifically, GPT-4o tended to generate higher overall scores,
while Gemini produced more conservative estimates. Self-reported problematic Instagram
use scores generally fell between the two LLM outputs. These differences may reflect the
distinct nature of the data sources that each method relies on. LLMs derive their inferences
solely from observable behavioral patterns, such as posting frequency or time spent on the
platform, without access to subjective experiences, contextual factors, or biases that shaped
participants’ self-reported assessments.

In spite of the aforementioned discrepancies, both LLM-inferred scores showed posi-
tive correlations with self-reported symptoms of problematic Instagram use. The strongest
correlations were observed for the total scores, with inferences made by GPT-4o and Gemini
1.5 Pro achieving correlations of r = 0.414 and r = 0.318, respectively, with self-reported
problematic Instagram use. These findings reveal a meaningful relationship between LLM-
inferred scores and users’ self-reported Instagram use behaviors, particularly in capturing
overall addiction tendencies. While these correlations are not strong, they indicate a mean-
ingful relationship between LLM inferences and users’ own perceptions of their tendency
toward problematic Instagram use. Notably, the observed correlation of r = 0.414 between
GPT-4o predictions and self-reported scores falls at the lower bound of test–retest reliability
estimates for the BSMAS, which range from 0.42 to 0.53 over a one-year period [27]. It is,
however, lower than the stability reported over a shorter three-month interval (r = 0.72) [28].
Note that the BSMAS is designed to capture generalized problematic social media use
rather than Instagram-specific symptoms, as in the adaptation used in our study [22];
still, this comparison underscores the practical relevance of our findings, suggesting that
LLM-based inferences may approach the psychometric reliability of established self-report
instruments, especially when applied as scalable, indirect screening tools. Moreover, the
emerging correlations are on par with those emerging from previous studies employing
machine learning approaches to predict problematic social media use from Facebook activ-
ity data [19]; the observed effect sizes are also in line with the recent study by Peters and
Matz (2024) [11] that leveraged LLMs to infer the psychological dispositions of social media
users from social media data (i.e., a correlation ranging from 0.2 to 0.4 between observed
and predicted personality scores).

Next, cross-validated predictive analyses revealed that incorporating LLM-generated
scores significantly enhanced the prediction of self-reported problematic use beyond what
could be achieved with objective usage metrics alone. When using regression, the inclusion
of LLM-generated scores, particularly those derived from GPT-4o, significantly improved
the prediction of self-reported addiction scores beyond that obtained using the set of In-
stagram metrics as sole predictors. Moreover, the linear regression model that utilized
GPT-4o inferences alone demonstrated superior performance, achieving the highest corre-
lation and lowest error rate in predicting problematic Instagram use compared to all other
configurations. This finding is particularly noteworthy given that the LLM scores were
generated entirely from the same five metrics. This suggests that LLMs can extract and
process information relevant to addiction in a way that goes beyond what is captured by a
traditional linear regression analysis of the raw metrics. Notably, in this context, the simi-
larity in performance between the random forest models, one using only raw usage metrics
and the other using GPT-4o inferences derived from the same metrics, suggests that the
GPT-4o inferences capture non-linearities and complex patterns that are otherwise only ac-
cessible through extensive training on the data. This highlights how pretrained models like
GPT-4o can encapsulate domain-specific non-linearities and interactions without the need
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for additional training, making them highly valuable in contexts in which computational or
data resources are limited for model training. However, when comparing these results to
the weaker performance observed with Gemini’s inferences, it becomes evident that not all
pretrained models are equally adept at capturing and encoding these complex non-linear
relationships. This discrepancy may stem from differences in the training objectives, data
scales, or architectures of the two models.

Note that in selecting benchmark models for comparison with LLM-generated scores,
our intent was not to demonstrate that classical machine learning algorithms can match the
performance of LLMs but rather to assess whether LLM inferences, obtained using a zero-
shot approach, without fine-tuning, could approximate the predictive accuracy of models
explicitly trained on outcome data. Our goal was not to determine which model performs
best but to evaluate the viability of LLMs as lightweight, scalable alternatives to trained
predictors in contexts in which training data may be limited or unavailable. To this end,
we employed linear regression and random forest models, which are widely adopted in
behavioral science and social media analytics; linear regression captures linear relationships
and is highly transparent, while random forest can account for non-linear interactions and
is robust to overfitting, even in small- to medium-sized datasets [29]. We acknowledge,
however, that LLMs operate differently from these traditional algorithms, relying on
massive pretraining to implicitly encode semantic and behavioral associations [30]. As
such, our comparison represents a conservative test: it evaluates whether pretrained
LLMs can generate psychologically meaningful predictions without task-specific training.
Including models such as recurrent neural network architectures (e.g., Long Short-Term
Memory models) would be a valuable direction for future work.

Finally, the use of LLMs to infer psychological states from behavioral data also raises
important ethical considerations. Chief among these are concerns about privacy, the
potential misuse of predictions, and the risk of stigmatization. As noted by Malgaroli
et al. (2025) [1], the application of LLMs in mental health contexts calls for a robust ethical
framework that ensures transparency, explainability, and user autonomy. In this study,
ethical risks were mitigated by using fully anonymized data with no personally identifiable
information or timestamps, as well as by excluding any textual content. These measures
reduced the likelihood of re-identification and behavioral surveillance. Moving forward,
ethical LLM use in psychological contexts should be guided by strict data governance,
informed consent procedures, and clear boundaries around how predictions can be applied.

Several limitations should be considered. The reliance on self-reported usage data,
while common in this field, introduces the potential for inaccuracies. The reliance on a
snowball sampling method may limit generalizability. Indeed, while effective in reaching a
large number of respondents quickly, this approach may introduce sampling bias due to
the tendency of participants to recruit others within their own social or demographic cir-
cles [31]. Future research should consider employing stratified or quota sampling strategies
to ensure more diverse and representative samples across demographic and behavioral
dimensions. Furthermore, the cross-sectional nature of the study prevents conclusions
about causality. Future research should incorporate more objective behavioral measures
and longitudinal designs to assess changes in usage patterns and addiction symptoms
over time and delve deeper into the mechanisms by which LLMs derive their predictions.
Exploring these mechanisms could shed light on the underlying processes that contribute to
problematic social media use. Finally, consistent with previous research examining the use
of social media data to infer psychological dispositions (e.g., [11]), we employed a zero-shot
prompting strategy to evaluate the baseline capabilities of LLMs in detecting symptoms
of problematic Instagram use. This approach allowed us to assess model performance
without providing annotated examples or task-specific fine-tuning, thereby offering a con-
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servative and broadly generalizable benchmark. However, the absence of guidance may
have constrained model accuracy, particularly for items requiring nuanced interpretation.
Future research could investigate the benefits of enhanced prompting techniques, such as
few-shot prompting [2], which may improve inference quality.

5. Conclusions
Despite these limitations, this study offers compelling preliminary evidence for the

utility of LLMs in inferring problematic Instagram use. The findings suggest that LLMs,
particularly GPT-4o, can provide valuable insights beyond simple usage metrics, thereby
offering a potentially scalable and unobtrusive method for assessing and addressing prob-
lematic social media use. Among the key contributions of this study are the demonstration
that LLMs can generate symptom-level inferences with strong internal consistency, the com-
putation of total scores that show promising convergence with self-reports, and the finding
that LLM-derived scores, especially from GPT-4o, significantly enhance the prediction of
self-reported problematic use beyond behavioral metrics alone.

However, our analyses also revealed systematic differences between LLM-inferred
and self-reported scores, underscoring important limitations in how LLMs interpret be-
havioral cues in the absence of subjective context. These findings emphasize the need for
continued investigation into how different LLMs process and represent behavioral patterns.
In particular, future research should consider prompting strategies that allow LLMs to infer
problematic usage patterns more autonomously (e.g., chain of thought prompting [32]), po-
tentially uncovering how models internally conceptualize behavioral dysfunction beyond
predefined symptom structures.

In sum, the approach presented here holds promise for advancing the understanding
of online behavior and developing targeted interventions for individuals at risk. Pretrained
LLMs could serve as lightweight, low-burden tools for inferring behavioral health risks in
digital contexts, particularly in settings in which annotated data are unavailable. Future
research might focus on refining these models and validating their accuracy in diverse
populations and social media platforms.
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