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DIGITAL MENTAL HEALTH

Emulated trial of artificial intelligence use and
subsequent depressive outcomes in a survey of

US adults

Roy H Perlis
Matthew A Baum,® James N Druckman
David Lazer ® #°

ABSTRACT

Background Generative artificial intelligence (Al) use
has been suggested to have adverse mental health
consequences but a causal relationship has not been
examined.

Objective To simulate a randomised controlled trial of
Al use in a work, school or personal context by applying
target trial emulation to multiple waves of data from a
nationally representative survey.

Methods We conducted a target trial emulation using
non-probability survey data from three waves of a
nationally representative survey conducted between 18
June 2024 and 8 January 2025. Participants aged =18
years reported generative Al use frequency at baseline.
High-frequency use was defined as multiple times per
week or more. The primary outcome was depressive
symptom severity measured using the Patient Health
Questionnaire 9-item (PHQ-9) at follow-up. Generalised
causal forests assessed heterogeneity of treatment
effects.

Findings Among 19099 participants assessed

at baseline, 2862 (15.0%) reported Al use at least
multiple times per week. A subset of 3109 (16.3%)
returned for follow-up. In the primary weighted analysis,
high-frequency use was not significantly associated
with change in PHQ-9 score at follow-up (mean
difference —0.18, 95% CI —0.94 to 0.59; p=0.65).
Multiple sensitivity analyses using alternate outcome
definitions also did not identify significant causal effects.
Generalised causal forests yielded no significant evidence
of heterogeneity of effect (p=0.81).

Conclusions In an emulated randomised trial among
US adults, generative Al use was not associated with
subsequent depressive symptoms. This result does

not support the premise that Al use causes greater
depressive symptoms, although adverse outcomes
among vulnerable individuals cannot be excluded.
Clinical implications Al use is unlikely to cause
increased depressive symptoms among most US adults.
Continued monitoring should clarify potential risks
among vulnerable populations.

BACKGROUND

Generative artificial intelligence (AI) use has been
rapidly embraced by the general public for work,
school and personal use. Anecdotal evidence
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WHAT IS ALREADY KNOWN ON THIS TOPIC

= Prior cross-sectional studies have reported
associations between generative artificial
intelligence (Al) use and depressive symptoms,
but these designs cannot establish causality
and may reflect confounding or reverse
causation.

WHAT THIS STUDY ADDS

= In a target trial emulation using longitudinal
survey data from US adults, regular Al use was
not associated with subsequent depressive
symptoms after adjusting for baseline
differences and attrition, with no evidence
of clinically meaningful effects or subgroup
heterogeneity.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= These findings do not support a causal
relationship between Al use and depression
at the population level, suggesting that public
health concerns should focus on identifying
vulnerable subgroups and evaluating longer-
term effects rather than assuming broad
population risk.

suggests that such use may contribute to psychosis,'
suicidality® or other adverse mental health outcomes
in vulnerable individuals. Other forms of online
behaviour like social media use’ may similarly
contribute to depressive and anxious symptoms
by diminishing direct human contact. More gener-
ally, the rapid transformation of work and school
interactions driven by Al use could also negatively
impact well-being.*

At least three studies, adopting different meth-
odologies, have examined the association between
Al use and depressive symptoms. One preprinted
study of ChatGPT conversations found reduced
social engagement, and symptoms labelled as
dependence, among those with large amounts of
use on a daily basis.” Greater daily use was also
associated with depressive symptoms in a study of
college students.® Finally, a subsequent large survey
study of US adults in spring 2025 likewise suggested
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modest but statistically significant associations between greater
Al use and depressive symptoms.” A key limitation in all of these
studies is their cross-sectional design, which precludes conclu-
sions about causality of the relationship between generative Al
use and mental health.

The most robust means of investigating causation requires
randomised controlled trials, which may not always be feasible:
exposure to suspected risk may not be ethical, or may be wide-
spread enough that a true control group is difficult to achieve.
Alternative randomised designs, such as randomised discontin-
uation, may represent a viable strategy but do not directly test
the effects of an exposure among those not previously exposed.

In the case of generative Al, rapid uptake of this technology
renders a randomised trial challenging to conduct as use has
become so widespread. Target trial emulation provides an alter-
native approach to estimate causal effects using observational
data.

OBJECTIVE

This study aimed to examine whether regular generative Al use
is associated with subsequent depressive symptoms among US
adults. Using longitudinal data from multiple waves of a nation-
ally representative internet survey, we applied a target trial emula-
tion framework to estimate the causal effect of high-frequency
Al use on depressive symptom severity. This approach® matches
exposed and unexposed individuals and applies stringent criteria
to define and emulate measurement of exposure and outcome
that would be expected in a randomised controlled trial.

METHODS

Study design

We used data from the Civic Health and Institutions
Project (CHIP-50),” a consortium of academic sites which
has conducted non-probability'® internet surveys via a
commercial survey panel aggregator (PureSpectrum) since
early 2020. Such surveys do not sample purely at random,
because participants opt in to participation; they therefore
rely on quotas and reweighting to maximise representative-
ness.''™" For these analyses, we used survey wave 32 (from
18 June to 21 July 2024), which included questions about
Al use, as the baseline visit, and wave 33 (from 30 August
to 12 October 2024) and wave 34 (from 9 November 2024
to 8 January 2025) as follow-up visits, with only the first
follow-up visit included.

Survey participants were required to be age 18 or older
and to reside in one of the 50 US states or the District of
Columbia. They were provided the option to participate in
a general opinion survey. Separate surveys were conducted
by state, with quotas for age, gender, and racial and ethnic
group participation. Surveys included attention checks
requiring respondents to provide a specific response to
avoid automated, fraudulent or inattentive participants.

The survey was conducted and presented in accor-
dance with the AAPOR transparency initiative compliance
checklist.™

Measures

Exposure: use of Al by self-report

We asked all participants in Wave 32, ‘How often do you use
the following technologies or products?—artificial intelligence
(AI)’; options included never, once or twice, about once a
month, about once a week, multiple times a week, every day, and
multiple times a day. Since we expected that some participants

might recognise alternative terms (generative Al, large language
models), we asked the same question with that phrasing; as
results were nearly identical in our prior work,” we used only the
primary question here. For purposes of developing weights, as
described below, we treated this variable ordinally; for purposes
of trial emulation, it was dichotomised to multiple times per
week versus once a week or less. To determine the nature of
use, participants were also asked, ‘For what purposes do you use
the following technologies or products? (Please select all that
apply)—artificial intelligence’ and could check ‘personal use’,
‘for work” and/or “for school’.

Covariates: sociodemographic variables and use of social media
Sociodemographic characteristics were collected by self-report
and categorised as in prior survey reports’ ' from this project.
Race and ethnicity were selected from a list including African
American or Black, Asian American, Hispanic, Native American,
Pacific Islander, white or other, with the opportunity to provide
a free text self-description. These measures were collected to
allow us to confirm representativeness of the US population and
are reported in accordance with guidelines for use of such data.'®
Consistent with our prior work, as some individual groups were
small, we collapsed Native American, Pacific Islander, individ-
uals indicating multiple racial identities and other into a single
category to facilitate analysis. For gender, individuals could iden-
tify as male, female, genderqueer or other with free-text entry;
those in the latter two categories were combined into ‘Another
gender’ to facilitate analysis given the smaller sample size.
Household socioeconomic status in terms of annual household
income was categorised as <$25k, $25k-<$50k, $50k-<$75k,
$75-<$100k or $100k+ per year. Educational status was deter-
mined by asking participants to select from their highest level of
formal education from a list including some high school or less,
high school graduate, some college, undergraduate degree or
graduate degree. Urban/rural status was determined based on zip
code using the USDA’s Rural-Urban Commuting Area Codes."”

We also asked participants how often they use specific social
media platforms, and how often they post to specific social
media platforms. For these analyses, we examined maximum use
across all platforms and maximum posting across all platforms.
For use, participants were asked if they use a given platform and
then ‘How often do you use the following social media plat-
forms? —{platform_name}’. For individuals who reported using
a given platform, frequency of use on a 6-point scale ranged
from ‘less than once a week’ to ‘most of the day’. (For analysis,
this was converted to a 7-point scale by adding ‘never’ for indi-
viduals who do not use the platform at all). Respondents were
also asked, ‘How often do you post anything on the following
platforms?’ Frequency of posting on a 6-point scale ranged from
‘never’ to ‘multiple times a day’.

Participants also completed the University of California, Los
Angeles (UCLA) 3-item loneliness scale,”® *! which asks, ‘How
often do you feel that you lack companionship?’, ‘How often
do you feel left out?” and ‘How often do you feel isolated from
others?’. The three response categories are ‘Hardly ever’ for a
score of 1, ‘Some of the time’ for a score of 2 or ‘Often’ for a
score of 3; these are summed to yield a composite score of 3-9.

Outcome: depressive and anxious symptoms

Depressive symptom severity was measured with the 9-item
Patient Health Questionnaire (PHQ-9),%** a standard screening
scale encompassing diagnostic criteria for major depressive
disorder in the Diagnostic and Statistical Manual of Mental
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Disorders, Fifth Edition (DSM-5); respondents rate each
symptom in terms of frequency over the prior 2 weeks on a
0-3 Likert-type scale (0=not at all, 3=nearly every day), and
these values are summed to yield a total score from 0 to 27.
Scoring 10 or greater indicates at least moderate depressive
symptoms and is typically considered a threshold for treatment
referral.”> ** We similarly examined anxiety symptoms using the
two-item Generalized Anxiety Disorder scale (GAD-2), which
uses the same timeframe and anchor points.?* %

Statistical analysis
The protocol for the emulated target trial was specified as
follows:

Eligibility: Participants who completed wave 32 of the survey
and had complete data on Al usage and baseline covariates.

Intervention: We compared two strategies: (1) ‘High-
Frequency Al Use’ (defined as using Al tools multiple times per
week or more frequently) versus (2) ‘Low/No Al Use’ (defined as
using Al tools once a week or less frequently).

Treatment assignment: Participants were classified into treat-
ment groups based on their self-reported usage at wave 32
(baseline).

Follow-up and outcome: The primary outcome was the
severity of depressive symptoms, measured via total PHQ-9
score. Outcomes were ascertained at the first available follow-up
wave, either wave 33 or wave 34. A secondary analysis examined
severity of anxious symptoms, measured via total GAD-2 score.

Covariates: To account for confounding, we extracted base-
line characteristics measured at wave 32. These included socio-
demographic factors (age, gender, race and ethnicity, educational
attainment, household income, urbanicity), baseline depressive
symptoms (wave 32 total PHQ-9 score) and behavioural proxies
for technology adoption (frequency of social media use and
social media posting).

Primary analysis used an inverse probability weighting (IPW)
approach to adjust for both confounding by indication and
selection bias due to loss to follow-up (attrition). For propensity
score weighting for treatment, we estimated the probability of
high-frequency Al use using a multivariable logistic regression
model conditioned on all baseline covariates. Stabilised weights
for treatment were calculated as the ratio of the marginal prob-
ability of the observed treatment to the conditional probability.
We also calculated inverse probability of censoring weighting
(IPCW); given the substantial expected attrition between base-
line and follow-up, we modelled the probability of remaining in
the study (ie, being ‘uncensored’). A logistic regression model
predicted study retention based on both the treatment group
(AT use) and all baseline covariates. We calculated stabilised
censoring weights to up-weight participants who remained in
the study but resembled those who dropped out, under the
assumption that data were missing at random conditional on the
observed covariates. The final participant weight was therefore
the product of the treatment weight and the censoring weight.
We estimated the average treatment effect using a weighted
generalised linear model with a Gaussian distribution and iden-
tity link.

Robust variance estimators (sandwich estimators) were used to
calculate 95% Cls to account for the weighting induced correla-
tion. Standardised mean differences (SMDs) were calculated to
assess covariate balance, with an SMD <0.1 considered indica-
tive of ignorable imbalance.

Sensitivity analyses are summarised in online supplemental
methods. We also explored heterogeneity of treatment effects

using generalised causal forests (see online supplemental
methods).”*%

All analyses used R V.4.4.2. Key packages included ipw for
weight generation, survey for weighted modelling, sandwich for
robust standard errors and cobalt for assessing covariate balance.
Imputation used mice. For all analyses, two-tailed p<0.05 was
considered to represent statistical significance.

FINDINGS

Study population

A total of 19099 participants met the eligibility criteria at wave
32 (baseline assessment); their characteristics are summarised in
online supplemental table 1. Of these, 2862 (15.0%) reported
Al use at least multiple times per week, while 16237 (85.0%)
reported less frequent or no use. By the follow-up assess-
ment (wave 33/34), 15990 participants (83.7%) were lost to
follow-up, leaving a final analytical sample of 3109 (16.3%).
Characteristics of this sample are summarised in table 1. Figure 1
illustrates the derivation of the study cohort and attrition.

Covariate balance and attrition

In the propensity score model estimating the likelihood of high-
frequency Al use (online supplemental table 2; online supple-
mental figure 5), features associated with such use included
younger age (eg, age 65+ vs 18-24: OR=0.46, 95%CI 0.38
to 0.56)and having higher baseline PHQ-9 scores (OR=1.01
per point increase, 95% CI 1.01 to 1.02). Higher education (eg,
graduate degree vs some high school or less: OR=2.08, 95% CI
1.55 to 2.83)and higher household income (eg, $100k+ vs
under $25k: OR=1.53, 95% CI 1.33 to 1.77) were also associ-
ated with a greater likelihood of use.

Attrition analysis revealed that dropout was not random.
Modelling study retention (ie, the likelihood of returning for
follow-up), features associated with retention included older age
(eg, age 65+ vs 18-24: OR=6.27, 95%CI 4.67 to 8.60)and
lower baseline PHQ-9 scores (OR=0.98 per point increase,
95% CI 0.97 to 0.99). Retention also differed by race: compared
with participants identifying as Asian (reference), White partici-
pants were significantly less likely to return (OR=0.71, 95% CI
0.60 to 0.85). Those individuals using Al multiple times a week
were more likely to return compared with those who stated they
never used Al (OR=1.27, 95%CI 1.09 to 1.49) (online supple-
mental table 3; online supplemental figure 6).

After applying the combined stabilised weights, covariate
balance improved substantially. All SMDs between the expo-
sure groups were reduced to below 0.10 (41 out of 41 covari-
ates balanced), indicating successful emulation of randomisation
(figure 2).

Primary analysis: Al use and depressive symptoms

In the primary weighted analysis, applying inverse probability
weighting for both treatment and censoring, higher-frequency
Al use was not significantly associated with change in PHQ-9
score at follow-up (mean difference —0.18, 95% CI —0.94 to
0.59; p=0.65) compared with low/no use (figure 3). Omitting
weights for censoring (ie, assuming censoring from attrition was
uninformative) yielded a 0.00 point change (95%CI —0.58 to
0.58; p=1.00). Post hoc analysis adding UCLA-3 to models as a
measure of loneliness did not yield meaningful differences, with
change in PHQ-9 of —0.15 (95% CI —0.92 to 0.61; p=0.69).
Likewise, incorporating terms for follow-up wave yielded similar
results, with change in PHQ-9 of —0.15 (95% CI —0.91 to 0.60;
p=0.69) (online supplemental table 7).
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Table 1 Characteristics of analytical sample, including sociodemographic and other features

Overall Low/no Al Use High-frequency Al use
Characteristic N n=3109* n=2674* n=435* P valuet
Age (years) 3109 59.9 (15.0) 60.8 (14.7) 53.9 (15.5) <0.001
Gender 3109 <0.001
Another gender 13 (0.4%) 9(0.3%) 4(0.9%)
Female 1602 (52%) 1417 (53%) 185 (43%)
Male 1494 (48%) 1248 (47%) 246 (57%)
Race 3109 <0.001
Asian 191 (6.1%) 155 (5.8%) 36 (8.3%)
Black 336 (11%) 260 (9.7%) 76 (17%)
Other 123 (4.0%) 101 (3.8%) 22 (5.1%)
White 2459 (79%) 2158 (81%) 301 (69%)
Ethnicity 3109 <0.001
Non-Hispanic 2874 (92%) 2490 (93%) 384 (88%)
Hispanic/Latino 235 (7.6%) 184 (6.9%) 51 (12%)
Education 3109 0.006
Some high school or less 52 (1.7%) 44 (1.6%) 8 (1.8%)
High school graduate 643 (21%) 580 (22%) 63 (14%)
Some college 767 (25%) 664 (25%) 103 (24%)
College degree 1211 (39%) 1016 (38%) 195 (45%)
Graduate degree 436 (14%) 370 (14%) 66 (15%)
Household income 3109 0.001
Under 25k 602 (19%) 532 (20%) 70 (16%)
25k to under 50k 928 (30%) 817 (31%) 111 (26%)
50k to under 75k 673 (22%) 580 (22%) 93 (21%)
75k to under 100k 373 (12%) 312 (12%) 61 (14%)
100k and over 533 (17%) 433 (16%) 100 (23%)
Urbanicity 3109 <0.001
Rural 490 (16%) 441 (16%) 49 (11%)
Suburban 1816 (58%) 1571 (59%) 245 (56%)
Urban 803 (26%) 662 (25%) 141 (32%)
PHQ-9 score (baseline) 3109 4.2 (5.5) 4.1 (5.4) 5.0 (5.9) 0.006
GAD-2 score (baseline) 3108 1.0 (1.6) 1.0 (1.6) 1.2(1.7) 0.007
University of California, Los Angeles 3109 4.6 (1.9 4.6 (1.9) 4.7 (2.0) 0.2
Loneliness Scale-3 score (baseline)
Social media use frequency 3109 <0.001
Never 504 (16%) 469 (18%) 35 (8.0%)
<Ix/week 131 (4.2%) 118 (4.4%) 13 (3.0%)
1x/week 156 (5.0%) 141 (5.3%) 15 (3.4%)
Several times/week 253 (8.1%) 222 (8.3%) 31 (7.1%)
1 x/day 569 (18%) 497 (19%) 72 (17%)
Several times/day 1073 (35%) 901 (34%) 172 (40%)
Most of the day 423 (14%) 326 (12%) 97 (22%)
Social media posting frequency 3109 <0.001
Never 1017 (33%) 928 (35%) 89 (20%)
<1x/month 621 (20%) 559 (21%) 62 (14%)
1x/month 275 (8.8%) 229 (8.6%) 46 (11%)
1x/week 527 (17%) 437 (16%) 90 (21%)
1x/day 364 (12%) 297 (11%) 67 (15%)
Multiple times/day 305 (9.8%) 224 (8.4%) 81 (19%)
PHQ-9 score (follow-up) 3109 4.8(5.7) 4.8 (5.6) 5.4 (5.7) 0.023
GAD-2 score (follow-up) 3108 0.029
0 1853 (60%) 1613 (60%) 240 (55%)
1 364 (12%) 317 (12%) 47 (1%)
2 475 (15%) 401 (15%) 74 (17%)
3 116 (3.7%) 96 (3.6%) 20 (4.6%)
4 125 (4.0%) 99 (3.7%) 26 (6.0%)
5 64 (2.1%) 49 (1.8%) 15 (3.4%)

Continued
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Table 1 Continued
Overall Low/no Al Use High-frequency Al use
Characteristic N n=3109* n=2674* n=435* P valuet
6 111 (3.6%) 98 (3.7%) 13 (3.0%)
Follow-up wave 3109 0.7
Wave 33 2026 (65%) 1746 (65%) 280 (64%)
Wave 34 1083 (35%) 928 (35%) 155 (36%)
Days to follow-up 3109 100.3 (39.1) 100.1 (39.0) 101.3 (39.5) 0.6

Values reported as mean (SD) for continuous and n (%) for categorical measures. P values from xz tests (categorical) or t tests (continuous). Bolded p values indicate statistical

significance (p<0.05).
*Continuous measures reported as mean (SD); categorical measures as n (%).
tWelch’s two sample t test; Pearson’s 5 test.

Al artificial intelligence; GAD-2, two-item Generalized Anxiety Disorder scale; PHQ-9, Patient Health Questionnaire 9-item.

For context, the unadjusted analysis showed a difference of
+0.67 points (95% CI 0.10 to 1.25; p=0.02). After adjusting for
baseline PHQ-9 alone, the effect was attenuated to +0.02 points
(95%CI —0.36 to 0.40; p=0.91).

We also examined change in GAD-2 as a secondary measure,
yielding a pattern of results similar to that observed for PHQ-9.
Applying inverse probability weighting for both treatment and
censoring, the average treatment effect for higher-frequency Al
use was a 0.03-point increase in total GAD-2 scores at follow-up
(95%CI —0.20 to 0.24; p=0.83) compared with low/no use
(online supplemental figure 4; online supplemental table 8).
Unadjusted analysis showed a difference of 0.19 points (95% CI
0.03 to 0.35; p=0.02), while adjustment for baseline GAD-2
alone yielded 0.02 points (95% CI —0.09 to 0.14; p=0.69).

Sensitivity analyses

We next examined whether a higher threshold for exposure—
that is, requiring daily rather than multiple times per week use
of generative Al—would yield meaningfully different results.
Daily Al use was associated with a 0.60 point decrease in PHQ-9
(ie, an average treatment effect of —0.60) at follow-up (95% CI

Wave 32 Baseline
(N = 26,093)

Excluded:
Al use not assessed
(n = 6,994, 26.8%)

A
Eligible Baseline Cohort
(N =19,099)

- High-Frequency Al Users: n = 2,862 (15.0%)
- Low/No Al Use: n = 16,237 (85.0%)

Lost to Follow-up (Censored)
(n = 15,990, 83.7%)

B

Final Analytic Sample
(N'=3,109)

- Included in IPW analysis
- Complete baseline + follow-up data

Figure 1  CONSORT (Consolidated Standards of Reporting Trials)
diagram illustrating study cohort derivation and attrition from wave 32
baseline to wave 33/34 follow-up. Al, artificial intelligence; IPW, inverse
probability weighting.

—1.59 to 0.40; p=0.24) compared with less frequent or no use
(figure 3; for propensity score model, see online supplemental
table 5; online supplemental figure 9); covariate balance shown
in online supplemental figure 10. With an even higher threshold
for frequent use, namely, multiple times per day, we identified a
1.03-point decrease in PHQ-9 at follow-up which was not statis-
tically significant (95% CI —2.55 to 0.48; p=0.18), compared
with less frequent or no use (figure 3; for propensity score model,
see online supplemental table 6; online supplemental figure 11;
covariate balance shown in online supplemental figure 12).

We then defined the exposure as being limited to personal use
of generative Al at least multiple times per week, and repeated
target trial emulation. Here, personal use was associated with a
0.28 point decrease in PHQ-9 (95% CI —1.10 to 0.54; p=0.51)
compared with less frequent use (figure 3; for propensity score
model see online supplemental table 4; online supplemental
figure 7; covariate balance shown in online supplemental figure
8).

We further conducted tipping point analysis for attrition
(online supplemental figure 1). Under extreme assumptions—
where dropouts among Al users had PHQ-9 scores 10 points
lower (8=—10) than observed participants, or 10 points higher
(6=+410), effect estimates ranged from 0.53 to 0.76 points.
No estimates approached the prespecified minimal clinically
important difference of 3 points. We also conducted quantita-
tive bias analysis to determine whether unmeasured confounding
could have masked a clinically meaningful effect, again defined
as a between-group difference of 3 points on the PHQ-9 (online
supplemental figure 2). To mask such an effect, we estimate that
a confounder (beyond those adjusted for in our models) would
need to be associated with an ~1.75 fold increase in the likeli-
hood of Al use and independently associated with the outcome
by a factor of 2.0, or approximately 2.4 points on PHQ-9.

Examination of heterogeneity

Finally, in a GCF analysis examining the primary treatment,
defined as any Al use at least multiple times per week, a test
for heterogeneity of treatment effect across all of the sociode-
mographic and clinical variables at baseline yielded p=0.81.
Increasing the threshold for treatment to daily Al use resulted in
heterogeneity p=0.7, while limiting the exposure to personal Al
use yielded p=0.54. In other words, none of these analyses were
consistent with significant heterogeneity across subgroups. A
post hoc analysis examining exposure-by-race interactions in the
primary analysis was not statistically significant (p=0.13); for
descriptive purposes, online supplemental figure 3 plots effects
stratified by race and ethnicity.
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Covariate Balance Before and After IPW

Age (65+) A
Baseline PHQ-9 (total score) A
SM Posting (never) A
Race (White) A
Gender (Female) A
SM Posting (Multiple/day) A
SM Use (Most of day) A
Gender (Male) A
SM Use (never) A
Age (35-44) A °
Race (Black) A °
Urban/Rural (Urban) A
Education (HS grad) A [ )
Education (College) A
Income (>=$100k) A
SM Posting (<1x/month) A °
SM Use (Several/day) A L)
Urban/Rural (Rural) A °
Income ($25k-$50k) A )
Ethnicity (Hispanic/Latino) N ]
SM Posting (1x/week) A
SM Posting (1x/day) A
Age (55-64) Ao
Income (<$25k) A °
Age (18-24) L] A
Age (45-54) A o
Race (Asian) A
Urban/Rural (Suburban) 4
Income ($75k-$100k)
Age (25-34)
SM Use (1x/day) A
SM Posting (1x/month)
SM Use (1x/week)
SM Use (<1x/week)
Education (Graduate)
Race (Other)
SM Use (Several/week) Ao
Education (Some college) [ ] A
Gender (Another Gender) Y
Income ($50k-$75k) oA

Education (<=HS) o A

0.00 005

=3

°
°
°
°
Sample
® Unadjusted
A |PW Adjusted
015 0.20

Absolute Méan Differences

Figure 2 Covariate balance in terms of standardised mean (SM) differences in the matched exposed/unexposed groups after stabilised weighting.

IPW, inverse probability weighting.

DISCUSSION

In this target trial emulation study of 19099 participants, we
found no statistically significant association between high-
frequency Al use and subsequent depressive symptoms after
adjustment for potential confounding variables and attrition
bias using inverse probability weighting. Very modest evidence
of an association observed in unadjusted analyses was entirely
accounted for by baseline differences between Al users and non-
users, and by differential loss to follow-up. This lack of asso-
ciation between generative Al use and depressive symptoms
remained robust to sensitivity analyses examining alternative
definitions of exposure.

A prior cross-sectional analysis using large-scale survey data,
conducted in spring 2025, suggested modest association between
Al use and greater depressive symptoms.” Two prior studies
also suggested the potential for depressive symptom worsening
among some individuals, including a survey of college students
conducted in China® and a preprint examining ChatGPT conver-
sations.” In all three of these studies, greater magnitude of use
was associated with greater risk for depressive symptoms. These

studies align with anecdotal evidence suggesting that chatbot use
may reinforce suicidality® or delusional thinking.'

However, cross-sectional design in previous studies precluded
any examination of causation; in particular, it could not exclude
the possibility of reverse causation (ie, greater Al use caused by
depressive symptoms) or confounding (ie, individual character-
istics independently associated with both Al use and depressive
symptoms). Relying instead on target trial emulation,® we did
not identify causal effects for Al use on depressive symptoms,
with sensitivity analyses supporting the robustness of this result,
suggesting that prior findings may well reflect confounding or
other sources of bias.

We also sought to investigate whether there might be partic-
ular sociodemographically defined subgroups at greater risk for
depressive symptom increase with Al use. That is, even absent a
detectable effect in the population on average, it is possible that
subgroups exist where Al use is more harmful. In lieu of testing
each subgroup individually, we applied a machine learning-
based approach that seeks to identify heterogeneity of treatment
effects as an omnibus test, to avoid risk for type 1 error. This

6
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Treatment Effect Estimates Across Models
Change in PHQ-9 score: High-frequency Al use vs. Low/No use

Estimate (95% Cl)P-value

|
Naive (Unadjusted) : |—.—| 0.67 (0.10, 1.25) 0.02
|
|
|
Baseline PHQ-9 Adjusted —o—] 0.02 (-0.36,0.40) 091
|
|
|
|
IPW (Treatment Only) F—o— ~0.00 (-0.58, 0.58)  1.00
|
|
|
IPW (Full - PRIMARY) —e— -0.18(-0.94,0.59)  0.65
|
|
|
SA1: Personal Use (N=381) f——o—+—r ~0.28(-1.10,054) 051
|
|
|
|
SA2: Daily Use (N=196) b——eo—v ~0.60 (-159,0.40)  0.24

SA3: Multiple Times/Day (N=67) I @

-2

0
Difference in PHQ-9 Score (95% Cl)

-1.03 (-2.55, 0.48)  0.18

2 4

Primary analysis marked with diamond. Positive values indicate worse depression with Al use.
All models adjust for baseline PHQ-9. IPW models also adjust for confounding and attrition.

Figure 3  Point estimates and Cls for effect sizes in emulated target trial, across designs and including sensitivity analysis. PHQ-9, IPW, inverse

probability weighting; PHQ-9, Patient Health Questionnaire 9-item.

test for heterogeneity did not identify significant variability by
groups, either for the primary exposure definition or for the two
secondary definitions.

Limitations

In secking to model a randomised controlled trial, we addressed
multiple key challenges to validity. First, we cannot distinguish
duration of exposure, namely, whether individuals only recently
began using Al or had been using it chronically. We elected to
use the earliest large-scale measurement of Al use in this survey,
which occurred in June/July 2024, during a period of rapid
increase in application of large language models when use of
generative Al was not yet widespread. However, among individ-
uals who had already been using such tools for more than a year,
it is possible that any negative effects had already accrued, biasing
us toward the null hypothesis of no effect. In other words, if Al
has an immediate negative impact which is sustained, we would
not detect it with this approach. To address this possibility, we
included multiple exposure definitions (including amount of use
and type of use), but we could not directly examine duration
of use or specific use cases beyond personal vs work or educa-
tion. We also cannot estimate the potential effects of chronic use,
as our results are limited in follow-up duration. Second, as the
survey is not a fixed panel but rather allows participants to opt in
to any given wave, our attrition rate is substantial by comparison
with many clinical trials. We addressed this concern by explic-
itly modelling attrition—that is, examining propensity to drop
out, as well as treatment propensity—which should reduce bias
arising from nonrandom missingness. Third, as with any non-
randomised study, emulating a trial requires that we adequately
model differences between treated and untreated individuals.
Our quantitative bias analysis suggests that a substantial unmea-
sured confounder would be required to explain our null finding
in the presence of a true 3-point difference—such a confounder
would need to double the likelihood of AI use and be associ-
ated with a nearly 5-point difference in PHQ-9. Finally, our
approach cannot exclude modest population differences or
effects that are observed only in a small subset of individuals. A

particular priority may be understanding risk among individuals
with greater liability for delusions or suicidality, for example,
see previous work®*—but alternate study designs will likely be
required.

CONCLUSIONS

Our emulated clinical trial, drawing on large-scale longitudinal
survey data, does not identify evidence of a causal link between
regular Al use and depressive symptoms. While this approach
cannot rule out substantial effects in a very small subset of indi-
viduals, it suggests that prior cross-sectional findings may have
arisen from confounding and that population-wide effects are
likely to be modest on average.
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