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Abstract. Generative AI is increasingly promoted as a remedy for loneliness. We test this
claim in a large-scale pre-registered experiment on a large sample of French adults. Partici-
pants assigned to treatment were asked to hold at least one personal conversation a day with
a generative AI tool of their choice for 28 days; the control group continued as usual. The
intervention raised socio-emotional AI use substantially. In response, subjective loneliness
increased. Other measures of subjective well-being were also consistently adversely affected,
although these effects are imprecisely estimated.
JEL: C93, I31, I12, O33. Keywords: Personal AI conversations ; Generative AI; Sub-
jective well-being; Loneliness; Social connectedness.
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1 Introduction

Modern societies are experiencing a loneliness epidemic. For example, the U.S. Surgeon
General declared social isolation a public health emergency in 2023, noting that half of
American adults experience measurable loneliness (Murthy, 2023). In the United States, the
share of adults reporting no close friends rose from 3% in 1990 to 12% in 2021 (Cox, 2021)
and up to 17% in 2024 (Cox & Pressler, 2024). More broadly, 19% of young adults across
the world reported in 2023 that they have no one they could count on for social support, a
39% increase compared to 2006 (Pei and Zaki, 2025). The World Health Organization has
described loneliness as a pressing health threat (WHO, 2023).1

Alongside this crisis, generative AI has become pervasive. By mid-2025, more than half
of U.S. adults aged 18–64 had used a generative AI tool (Bick et al., 2025). A recent survey
found that the top use of AI is for therapy and companionship (Zao-Sanders, 2025). The fast
growing use of these systems for emotional support, companionship, and relationship advice
places them squarely in roles once occupied by human interlocutors. While technology leaders
have proposed AI as a direct remedy for loneliness, there is little evidence to support this
claim.2

In this paper, we ask whether encouraging individuals to converse with AI about their
personal lives reduces loneliness or reinforces it. The question is of first-order importance.
Generative AI has created a new form of socio-emotional interaction, and this use is diffusing
rapidly. However, its consequences for well-being and social connection are largely unknown.
If ordinary AI conversation improves the well-being of isolated adults at negligible cost, it
could serve as a low-cost bridge to human support and help alleviate the loneliness epidemic.
Our results, however, go in the opposite direction: we find that conversations with AI cause
a significant increase in loneliness, consistent with the displacement of support, as well as
other related negative outcomes.

The effect of conversations with AI on subjective well-being is theoretically ambiguous.
These conversations may improve well-being: they offer companionship, allow users to artic-
ulate their feelings, and may prompt them toward human contact (complementarity). They
may also deteriorate subjective well-being: repeated attention to personal difficulties can
encourage rumination, which has been shown to amplify anxiety and depression (Nolen-
Hoeksema, 1991); an always-available interlocutor may substitute for the effort of reaching

1For example, social isolation is associated with mortality risks comparable to smoking fifteen cigarettes
a day (Holt-Lunstad et al., 2010).

2For example, Mark Zuckerberg (CEO of Meta Platforms, a leading technology company) argues that
most people want more social connections than they have and that AI might partially fill this gap, albeit not
as well as human relationships. He also suggests that AI can help people prepare for difficult interpersonal
conversations, for instance, with a partner or a manager (Zuckerberg, 2025).
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out to others (substitution); and an accommodating model may validate grievances rather
than help resolve them. Which mechanism dominates is an empirical question.

More generally, AI changes the relative price of social interaction. By providing an always-
available and low-friction alternative to human conversation, it may reduce the incentives to
invest in costly social ties, such as initiating contact, maintaining friendships, or repairing
strained relationships. Because these investments shape the future availability and strength
of one’s social network, short-run substitution away from human contact may generate longer-
run effects on social connectedness.

We shed light on these questions by conducting a pre-registered randomized controlled
trial on a large sample of French adults. Participants assigned to treatment were asked to
hold at least one personal conversation per day with a generative AI tool of their choice for
28 consecutive days on topics related to their personal lives: their day, their feelings, their
goals, their concerns, or any other aspect of their life they would like to share. Control
participants were asked to continue their usual behavior. We measure subjective well-being
(life satisfaction, loneliness, happiness, and depression), as well as relationship satisfaction
with partners, family, and friends, and objective social interactions (meals taken alone and
in-person meetings) at baseline and four weeks later. In addition, we record participants’
willingness-to-accept (WTA) to forgo AI for one week and how pleasant they found the
conversations, as measures of participants’ own assessments. We estimate the intention-to-
treat effect of encouraging personal AI conversations.

Our findings can be summarized as follows. Treated participants complied with the re-
quest, increasing the number of days on which they held personal conversations with AI by
about 5 days. These conversations did not, however, improve their mental health. On the
contrary, subjective loneliness increased. Other subjective well-being outcomes were also ad-
versely affected, i.e. lower life satisfaction, higher depression, and more objective isolation,
although these effects are imprecisely estimated. Taken together, the results are consistent
with substitution, rumination, and AI validating grievances, rather than with support and
complementarity. Prespecified heterogeneity analyzes yield larger point estimates for respon-
dents who have a partner. Ex post exploratory heterogeneity analyzes also suggest that
adverse well-being effects are more concentrated among respondents living in smaller urban
units, where opportunities for offline social interaction may be more limited. Overall, our
results suggest that the development of ordinary, unstructured personal AI conversations is
more likely to worsen subjective well-being than to improve it.

This study is, to our knowledge, the first to test the causal effect of open-ended, natu-
ralistic AI conversation on loneliness and subjective well-being, as opposed to scripted tasks
or dedicated mental-health applications. The existing causal evidence focuses on guarded
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settings: dedicated mental-health applications with clinical safeguards (Angelucci et al.,
2026), companion-specific products or purpose-designed empathetic chatbots (De Freitas et
al., 2026), experiments with assigned interaction modes, scripted prompts and tasks (Fang
et al., 2025), and structured chatbots explicitly designed around psychological well-being
strategies (Schöne et al., 2025; Li et al., 2026).3 In contrast, participants in our setting
use ordinary generative AI, chosen by themselves, for unscripted personal conversation. We
never observe the content of these conversations, which removes any concern that awareness
of being observed shapes the nature of the interaction.

Our paper relates to the broader health economics literature on how digital technologies
shape well-being and social behavior (Allcott et al., 2020; Braghieri et al., 2022; McDool et
al., 2020; Donati et al., 2025; Myers & Hooper, 2026). It is also related to a large economic
literature on loneliness, which has been described as an outcome of economic and social
environments (Krekel et al., 2021; Kong & Lam, 2024; Babin et al., 2021; Morrish & Medina-
Lara, 2021; Rebechi et al., 2024), but also as a source of lower subjective well-being (De
Neve et al., 2026) and as a factor associated with political behavior (Peterson et al., 2025;
Berlingieri et al., 2025).

2 Data and Design

Setting and sample. We recruited adults residing in France from an online panel operated
by the survey company Bilendi starting in January 2026. 4 Wave 1 took place from January
5 to 19, 2026. Participants completed a baseline questionnaire covering demographics and all
outcomes and were randomized to treatment or control in equal proportions. The treatment
period ran from January 22 to February 18, 2026. In Wave 2 (February 19–28, 2026), the
main cohort participants completed the endline questionnaire covering the same outcome

3One experiment in De Freitas et al. (2026) comes closer to our setting by using a neutral generalist
chatbot rather than a purpose-built AI companion (Study 5). Important differences remain, however: their
control group interacts with a chatbot restricted to arithmetic and grammar correction, and loneliness is
measured within the same fifteen-minute session. Our setting instead studies self-chosen, open-ended use of
ordinary generative AI and measures effects over a longer horizon. We discuss these differences in more detail
in Section 3. Fang et al. (2025) also study a general-purpose chatbot, but their design imposes a minimum
daily-use requirement and assigns daily conversation topics in the personal and non-personal arms, whereas
our participants freely choose both whether and what to discuss; they also have no no-AI control group.

4Bilendi was unable to meet its recruitment targets for 18–24–year-olds. The survey company hypothesized
that younger adults might be less willing to commit to a month-long daily task, potentially due to less
flexible schedules and higher opportunity costs of time. To address this underrepresentation, Bilendi enlisted
an additional recruitment partner on January 20, 2026, in an attempt to recruit more young participants.
These participants followed the same experimental protocol with a three-week delay, with the last endline
questionnaire completed on March 20, 2026. However, this effort did not achieve the target age distribution,
and only 106 additional participants were included in the final sample. We do not have access to the
intermediate recruitment data.
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measures.5 Randomization was at the individual level. Of those who passed the baseline
attention check, 7,286 respondents (3,642 control and 3,644 treatment) completed both waves
and form the analysis sample. Endline completion was virtually the same across treatment
and control arms (74.8% vs. 74.7%; p = 0.92). Table 1 displays the covariate balance: all
the Imbens–Rubin normalized differences for the primary analysis sample are below 0.04 in
absolute value, well under the conventional threshold of 0.25. Table 2 compares the sample to
the French population: our sample is older, more educated, and more likely to be partnered,
and it reports somewhat lower subjective well-being at baseline.6

Intervention. Participants assigned to treatment were asked to hold at least one brief
personal conversation each day for 28 consecutive days on personal topics such as their day,
feelings, goals, or concerns. The instructions highlighted that they could use the generative
AI tool of their choice (for example, ChatGPT, Anthropic, or Mistral). The treatment in-
structions were also briefly reiterated via emails at the midpoint of the intervention period.
Control participants were only asked to maintain their usual behavior. To reduce basic us-
ability frictions for participants with little prior experience, those unfamiliar with generative
AI could watch a short soundless tutorial video (under one minute) showing a simple ex-
ample of how to start a conversation with an AI assistant, beginning from a google search
page.7 Yet take-up of the tutorial was low: only 12.3% of treatment participants actively
clicked play at least once, and at most 34% watched more than five seconds (including cases
of autoplay triggered automatically in certain browsers). We did not access the content of
any conversation to minimize changes in behavior that could arise from knowing that their
conversations were being observed. Compliance was self-reported at endline: participants in-
dicated the total number of days on which they had held a personal AI conversation over the
28-day period. To help participants maintain an accurate count, both groups were provided
with a daily online log in which they recorded whether they had spoken with an AI about
their personal life each day; the log automatically tallied their running total. Weekly SMS
reminders prompted both groups to update the log.

5During the experimental period, several capable generative AI tools were freely available, including
ChatGPT (GPT-4o, OpenAI), Claude 3.5 Sonnet (Anthropic), Gemini 1.5 Flash (Google), and Le Chat
(Mistral). Premium subscriptions, such as ChatGPT Plus, Claude Pro, and Gemini Advanced offered higher
usage limits for around $20 per month.

6The over-representation of older adults is consistent with feedback from the survey company, which noted
that younger respondents were less likely to commit to a month-long daily task.

7The tutorial featured Mistral’s Le Chat as an illustrative example, as it offered a generous free tier
well-suited to daily use, with no subscription requirement. To verify that exposure to Mistral branding did
not drive the results, we replicated the main estimates, excluding the 1,319 participants who watched more
than one second of the video (before the Mistral AI google search). The results on primary and secondary
outcomes are stable in direction and magnitude, arguing against the tutorial being a mechanism in driving
the results.
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Outcomes. We report three first-stage outcomes, all of which are based on self-reported
frequency of AI use by subjects during the 28-days of the experiment. They were reported
by participants at endline. The first is the number of days they reported having held at least
one personal AI conversation over the 28-day window. The second is a pre-specified broad
index based on eight more specific questions about the frequency at which they used AI
for personal conversations, planning, emotional support, companionship, relationship advice,
information search, health information, and work tasks, each measured on a 1–6 frequency
scale. Participants who did not use AI are assigned the minimum value (1 = never) on
all items. The third index focuses on the questions related to socio-emotional AI use, i.e.
emotional support, companionship, and relationship advice (with the same convention for
non-users). This index was specified in the pre-analysis plan as the primary measure of
socio-emotional AI use in the baseline descriptive analysis but was not pre-registered as a
first-stage outcome; it is reported here as an exploratory measure.

Our primary outcomes measure subjective well-being: life satisfaction, happiness, and
depression, each on a 0–10 scale, and loneliness, measured both with a single 0–10 item and
with the three-item UCLA scale (Hughes et al., 2004). These integer scales are standard in
the economics of subjective well-being (Kahneman & Deaton, 2010) and predict subsequent
behavior in an approximately linear fashion (Kaiser & Oswald, 2022). Direct single-item
measures of loneliness are also widely used in population surveys and official well-being
measurement frameworks (OECD, 2013). They correlate with established multi-item loneli-
ness scales and show the expected relationships with other measures of subjective well-being
(Mund et al., 2023; Reinwarth et al., 2023).

Secondary outcomes measure social connectedness: satisfaction with partners, family,
and friends, and objective loneliness, specifically the number of meals taken alone and the
number of in-person meetings with friends or relatives in the preceding seven days, as well as
perceived social support. The latter outcome is measured with a binary indicator equal to
one if respondents report having at least one person on whom they can rely in case of need.
Closely related measures of “someone to count on” are widely used as indicators of perceived
social support in the Gallup World Poll and in the OECD How’s Life? framework, where
social support is defined by whether respondents have relatives or friends they can count on
in times of trouble. We also record willingness-to-accept (WTA) to forgo AI for one week
and how pleasant participants found the conversations (0-10).
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Empirical strategy. The primary estimand is the intention-to-treat (ITT) effect of assign-
ment on endline outcomes. Our main specification is an analysis of covariance (ANCOVA):

Yi2 = α + β Ti + γ Yi1 + X′
i1θ + εi2, (1)

where Yi2 is the outcome at endline, Ti is treatment assignment, Yi1 is the baseline value
of the same outcome, and Xi1 is a vector of pre-specified covariates (age, gender, educa-
tion, socio-economic status, telework frequency, relationship status, and household compo-
sition).8 We report robust standard errors, and each outcome is estimated on its own com-
plete cases, so the estimation sample varies across outcomes. We pre-specified three outcome
families—subjective well-being, relationship quality, and objective interactions—and report
Romano-Wolf stepdown p-values within each.9 As pre-specified robustness checks, we report
a difference-in-means specification without baseline adjustment (Appendix Table A3), and
Lee (2009) bounds to assess sensitivity to differential attrition (Appendix Table A4). Our
results are largely robust to these checks.10 Finally, to assess heterogeneity, we augment spec-
ification (1) with a treatment-moderator interaction term and plot the estimated marginal
effect of treatment within each subgroup.

3 Results

Baseline associations. We first document the cross-sectional negative relationship be-
tween socio-emotional AI use and well-being at baseline (Appendix Table A1). These asso-
ciations are descriptive and subject to selection, as the decision to use AI for companionship
is not random. In particular, reverse causality might be at play. Our experiment is designed
to eliminate this selection through randomization.

First stage. The intervention shifted behavior as intended, as reported in Table 3. Assign-
ment to treatment increased the self-reported number of days with personal AI conversations
by about 5.2 days over the 28-day window (compared to a control median of 2 days).11 As

8ANCOVA dominates difference-in-differences in efficiency when the baseline-endline autocorrelation is
below one (McKenzie, 2012).

9We present the pre-specified experimental analyzes in Section 4.2 of the pre-analysis plan.
10The difference in-means specification yields directionally identical results across nearly all outcomes (Ap-

pendix Table A3), though point estimates and standard errors differ somewhat without baseline adjustment.
Lee (2009) bounds confirm the robustness of the primary results to differential attrition, which is very low in
our setting (−0.09 percentage points). Both bounds are positive and statistically significant for the single-
item loneliness measure; the upper bound is marginally significant for UCLA-3 and depressive affect, while
the lower bounds remain positive but imprecisely estimated.

11Respondents who could not recall their exact number of personal AI conversation days were allowed to
skip this question, resulting in 518 missing values (7.1% of the analysis sample). Under mean imputation
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pre-specified, we also report the effect of assignment to treatment on a broad index of AI use
frequency across all domains; this index increased by 0.43 standard deviation over the time of
the experiment (F = 343). In addition, we report the effect of being in the treatment group
on a subscale of the broad index measuring the usage of AI for socio-emotional purposes,
such as emotional support, companionship, and relationship advice; this index increased by
0.46 standard deviations (F = 324).

Subjective well-being. The intention-to-treat estimates are reported in Table 4. Assign-
ment to daily personal AI conversation robustly increases subjective loneliness on the single-
item measure. The effect is statistically significant at conventional levels of significance, even
after applying the Romano-Wolf correction within this family of outcomes (p = 0.001). The
remaining outcomes all move in the same adverse direction: loneliness on the UCLA-3 scale
increases, life satisfaction declines, happiness declines, and depression rises. However, these
effects are imprecisely estimated and are not statistically significant at conventional signifi-
cance levels. The point estimates are modest in size but indicate lower subjective well-being
across several dimensions.

Our results contrast with the estimates of De Freitas et al. (2026), who find a reduction
in loneliness after a single fifteen-minute session with a neutral generalist chatbot (in their
study 5). Their control condition, however, is not normal daily life but an interaction with
a chatbot capable only of arithmetic and grammar correction. Moreover, their outcome is
measured within the same fifteen-minute session, capturing a momentary mood shift rather
than a lasting change in subjective well-being.12 Similarly, Angelucci et al. (2026) find gains
of 0.3 SD in mental health from a purpose-built AI therapy application administered to
women in psychological distress. The difference with our results is due to differences in both
treatment and control. Our treatment consists of free-conversation, while the control group
is neutral; in contrast, their treatments are structured, and their control groups have specific
settings.

We benchmark our estimates against those of another randomized health economics ex-
periment involving digital technology. Allcott et al. (2020) find that a four-week Facebook
deactivation intervention improved subjective well-being by approximately 0.08 SD and re-

with a missing value indicator, as pre-specified in the pre-analysis plan, the first-stage coefficient remains
large and highly significant (4.77, SE = 0.24, p < 0.001, N = 7,286), though mechanically attenuated toward
zero relative to the complete-cases estimate (5.16).

12De Freitas et al. (2026) also find reductions in loneliness using populations and AI tools that differ greatly
from those in our setting. They measure loneliness immediately after an interaction in a single session with
an AI companion (their studies 3 and 6). They also extend the intervention to seven daily sessions of fifteen
minutes each, but with a purpose-built empathetic AI companion rather than an ordinary general-purpose
AI (Study 4).

8



duced loneliness by approximately 0.03 SD, although the latter effect is not statistically
significant in their study.13 Our nudge, which increased the number of days with personal
AI conversations by only about five over a 28-day period, produces an adverse effect on lone-
liness of roughly 0.06 SD, twice the magnitude of their estimated effect on loneliness and
three-quarters of their effect on overall subjective well-being.

Relationships and objective contact. The same broad adverse pattern appears in mea-
sures of real-world connection with others, as reported in Table 5. On average, treated
participants report more lunches and dinners taken alone, fewer in-person meetings with
friends or relatives, and lower satisfaction with partner and family relationships. Friendship
satisfaction is essentially unchanged. Similarly, we find no detectable effect on perceived
social support, measured by whether respondents have someone they can rely on in case of
need. These estimates are imprecisely estimated and are not statistically significant at con-
ventional significance levels. Overall, the estimates provide no evidence of improved social
connectedness, and if anything, they point toward greater isolation.

Participants’ assessment of AI. Participants tend to perceive AI as siding with them in
interpersonal conflicts in both the treatment and control groups (6.36 on a 0−10 scale). This
suggests that AI validation may play a role even if the treatment does not significantly in-
crease this perception: by encouraging more frequent personal conversations, it may increase
participants’ exposure to such validation.

The adverse effect on loneliness does not appear to reflect a negative experience with the
tool. The results reported in Table 6 indicate that treated participants rate the conversations
as slightly more pleasant than those in the control group (0.10 SD; p < 0.001) although
their subjective well-being declined. These outcomes are only asked of participants who
used AI during the experiment, as pre-specified in the registered questionnaire. However,
baseline covariates remain well balanced within each estimation sample, with all standardized
differences below 0.10 (see Appendix Table A2).14

Pre-specified heterogeneity analysis. Figure 1 reports marginal treatment effects on
single-item loneliness (the outcome most robustly affected by the intervention) across all

13The reduced-form effects (ITT) in Allcott et al. (2020) are approximated by multiplying the reported IV
estimates by the first stage: ITT = LATE × (0.90 − 0.02), yielding approximately 0.08 SD for the composite
index of subjective well-being and 0.03 SD for loneliness. The reported IV estimate for loneliness is not
statistically significant (p = 0.54).

14These outcomes are estimated without baseline adjustment, as the baseline is only defined for partici-
pants who had already used AI for the relevant type of conversation prior to the experiment. Results are
qualitatively unchanged when controlling for the baseline value for individuals who answered this question
in the baseline.
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pre-specified moderator subgroups: baseline relationship status, gender, baseline loneliness,
telework at baseline, and age.

The most notable heterogeneity concerns relationship status: the effect is concentrated
among participants in a relationship at baseline, whereas the estimate for single participants
is small and statistically indistinguishable from zero. The same pattern appears when using
the alternative measure of loneliness (UCLA-3; see Figure A1). The difference in treatment
effects between partnered and single respondents (as measured by the interaction term) is
statistically significant for the UCLA-3 loneliness scale (β̂ = −0.075, p = 0.032), but falls
short of conventional thresholds for the single-item measure (β̂ = −0.054, p = 0.176).15 One
possible mechanism is partial substitution away from communication with the partner. The
negative, though imprecise, estimate on relationship quality is consistent with this interpre-
tation. No clear heterogeneity can be detected along the other pre-specified dimensions.

Exploratory heterogeneity analysis. Beyond the pre-specified moderators, we conduct
two additional exploratory heterogeneity analyzes motivated by potential differences in initial
exposure to AI and opportunities for offline social interaction.

First, we test whether the effect of the treatment reflects novelty among previously inexpe-
rienced users, or could depend on the type of AI subjects used before the experiment. Figure 2
examines this potential heterogeneity by distinguishing individuals with pre-treatment main
usage of ChatGPT, Claude, Mistral, other AI tools, or no AI usage. The marginal effect of
the treatment on loneliness is qualitatively similar for respondents who had not used AI at
all before (39% of the sample), those who had mainly used ChatGPT (47% of the sample),
and those who had mainly used Mistral (2.7% of the sample). Subjects who had used other
AI tools (typically Google Gemini or Microsoft Copilot) prior to the experiment represent a
minority (11% altogether). A joint test rejects the hypothesis that the effect of the treat-
ment is driven by prior familiarity with a particular AI platform, which could be due to small
sample sizes.

Second, we examine heterogeneity by the size of the urban unit of residence of respondents,
which we view as a proxy for the local opportunity set for offline social interactions. Using
the taille d’unité urbaine (TUU) classification of the National Institute of Statistics and
Economic Studies (INSEE), we distinguish respondents living in rural areas or in urban
units with fewer than 100,000 inhabitants (TUU categories 0–5) from those living in urban
units with at least 100,000 inhabitants, including the Paris urban unit (TUU categories 6–
8). The 100,000-inhabitant threshold corresponds to an existing boundary in the INSEE

15These heterogeneity tests are mechanically underpowered relative to the main ITT estimates due to
smaller sample sizes.
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classification and divides the sample into two similarly sized groups (52.4% and 47.6%).
As shown in Figure 3, the adverse effects of the treatment on subjective well-being appear

concentrated in less densely urbanized areas. Among respondents living in rural areas or
in urban units with fewer than 100,000 inhabitants, treatment lowers life satisfaction and
increases loneliness on both the UCLA-3 scale and the single-item measure. By contrast,
the corresponding estimates for respondents in urban units of 100,000 inhabitants or more
are small and statistically indistinguishable from zero. Finally, in both groups, the effects
on happiness and depression scores are small and not statistically significant. One possible
interpretation is that daily AI conversation is more harmful in environments where in-person
social contact requires greater effort. Note, however, that this pattern is only suggestive, as
the difference in treatment effects between the two groups is not statistically significant in
formal interaction tests.

4 Discussion

Our experiment provides an exogenous manipulation of socio-emotional AI use. The inter-
vention increased the frequency of personal conversations with AI and had a robust adverse
effect on subjective loneliness. Most remaining outcomes move in the same adverse direction,
i.e., lower life satisfaction, higher depression, and greater objective isolation, although these
effects are imprecisely estimated. The results are consistent with substitution, rumination,
and AI validating grievances rather than with complementarity and support.

A limitation of our study is the duration of the experiment, which lasted only one month,
whereas the effects of longer exposure may differ. Moreover, because we encourage rather
than mandate use, our estimates measure the ITT effects of a nudge toward AI conversation,
not the effects of intensive use. In addition, our design does not distinguish the effect of
AI conversation per se from the act of daily personal reflection that the treatment also
induces. An alternative self-reflection control arm, such as diary-writing or discussion groups,
could help disentangle the two, and we encourage future work to include one. At the same
time, the volume of personal reflection itself may be part of the mechanism: an always-
available, responsive interlocutor may induce people to dwell on their problems more than
they otherwise would.

Overall, the results temper an optimistic view of personal AI conversations. The propo-
sition that ordinary AI conversation can serve as a low-cost remedy for loneliness is rejected
by a naturalistic test: encouraging daily AI conversation left participants somewhat lonelier.
Our results suggest that the development of ordinary, unstructured personal AI conversations
is more likely to worsen subjective well-being than to improve it.
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Registration and Ethics

This study was pre-registered on the AEA RCT Registry (AEARCTR-0016749). It was
approved by the IRB-PSE (protocol 2025-044).
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Table 1 Baseline balance between treatment and control

Control Treatment Norm. diff
Age (years) 51.87 51.71 -0.011
Female (%) 55.1 54.6 -0.011
Higher education, long (%) 25.4 24.3 -0.024
In a relationship (%) 70.5 70.8 +0.005
Household size 2.43 2.41 -0.017
Child <15 at home (%) 26.0 26.8 +0.018
Economically active (%) 62.3 63.5 +0.025
Life satisfaction (0–10) 6.42 6.42 +0.002
Loneliness, UCLA-3 (3–9) 4.80 4.83 +0.017
Loneliness, single item (0–10) 3.52 3.58 +0.019
Happiness (0–10) 6.41 6.45 +0.018
Depression (0–10) 3.04 3.09 +0.017
Observations 3,642 3,644 7,286

Notes. Means by arm at baseline on the primary analysis sample (N = 7,286). The last column
reports the Imbens–Rubin (2015) normalized difference, calculated as treatment - control: ∆ = (X̄T −
X̄C)/

√︁
(s2

T + s2
C)/2.
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Table 2 Sample characteristics vs. French population

Sample France Difference
Sociodemographics

Women (%) 54.8 52.3 +2.5
Age 18–34 (%) 15.3 25.0 −9.7
Age 35–54 (%) 37.5 32.2 +5.3
Age 55+ (%) 47.2 42.8 +4.4
Secondary education (%) 40.9 57.8 −16.9
Higher education, short (%) 34.3 26.6 +7.7
Higher education, long (%) 24.9 15.6 +9.3
Partnered (%) 70.6 57.6 +13.0
Household size 2.42 2.14 +0.28

Well-being at baseline
Life satisfaction (0–10) 6.42 6.6 −0.18
Happiness yesterday (0–10) 6.43 7.2 −0.77
Depression yesterday (0–10) 3.07 2.1 +0.97
Loneliness, single item (0–10) 3.55 2.5 +1.05

Observations 7,286

Notes. Sociodemographic characteristics use INSEE’s 2023 census for France entière (excluding May-
otte): age and sex, education, and marital status and households. Age and sex shares are recalculated
for adults aged 18+. Education shares cover non-enrolled persons aged 15+ with at least one diploma,
excluding those with no diploma; secondary includes brevet, CAP/BEP and baccalauréat; short higher
education includes bac+2 through bac+4; long higher education is bac+5 or above (Master or PhD).
The partnered benchmark sums married, PACS and cohabiting persons among those aged 15+. House-
hold size is persons in households divided by households.
Well-being metrics for France are taken from the June 2026 wave of the quarterly survey conducted by
the CEPREMAP Well-Being Observatory, which is appended to INSEE’s monthly household survey
(Enquête mensuelle de conjoncture auprès des ménages, CAMME). [LINK]. The dashboard’s 7.9 for
anxiety/depression and 7.5 for solitude are reversed as 10 − x to match the sample’s coding (higher
means more distress). The sample’s loneliness question asks about the previous two weeks, versus the
dashboard’s seven days.
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Table 3 First stage: effect of assignment on AI use

Days of personal Broad AI Socio-emotional
conversation (0–28) use (z) AI use (z)

Treatment 5.155∗∗∗ 0.429∗∗∗ 0.460∗∗∗

(0.252) (0.023) (0.026)
Median (control group) 2 — —
First-stage F 417.9 343.2 324.0
Observations 6,768 7,286 7,286

Notes. ITT effect of assignment on compliance, measured at endline. Days of personal conversa-
tions with AI are self-reported. The broad AI-use index combines eight endline items measuring
the frequencyof generative AI use across domains covered in the survey (e.g., work, emotional sup-
port, companionship, and health information). The socio-emotional AI-use index combines three
endline items (emotional support, companionship, and relationship advice), each measured on a 1–6
frequency scale. For both indices, respondents who did not use AI at endline are assigned the mini-
mum value (1 = never), so the measures are defined on the full sample. Both indices are standardized
using the control-group mean and standard deviation. All regressions control for pre-specified co-
variates. Robust standard errors in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Table 4 Effect of daily personal conversations with AI on subjective well-being

Outcome ITT (orig. units) ITT (SD) Control mean RW p N

Life satisfaction (0–10) -0.056 -0.029 6.96 0.344 7,286
(0.036) (0.019)

Loneliness, UCLA-3 (3–9) 0.045 0.025 4.68 0.344 7,286
(0.028) (0.016)

Loneliness, single item (0–10) 0.163∗∗∗ 0.056∗∗∗ 3.47 0.001 7,286
(0.052) (0.018)

Happiness (0–10) -0.027 -0.013 6.97 0.495 7,286
(0.040) (0.019)

Depression (0–10) 0.081 0.029 2.98 0.344 7,286
(0.054) (0.020)

Baseline outcome & covariates Yes Yes

Notes. ANCOVA ITT estimates (Eq. 1): each row is a separate regression of the endline outcome on
treatment assignment, controlling for the baseline value of the outcome and pre-specified covariates.
Control means are endline means in the control group on the estimation sample. Robust standard errors
in parentheses. Column 4 reports Romano–Wolf stepdown p-values within the subjective well-being family
(4,999 bootstrap replications). ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table 5 Effect of daily personal AI conversations on social connectedness

Outcome ITT Control mean RW p N

Relationship quality and perceived social support
Partner satisfaction (0–10) -0.065 7.48 0.415 5,056

(0.043)
Family satisfaction (0–10) -0.056 7.21 0.415 7,224

(0.038)
Friendship satisfaction (0–10) 0.004 6.97 0.926 7,286

(0.037)
Has someone to rely on (0/1) 0.002 0.91 0.926 7,286

(0.006)
Objective contacts (days out of 7)

Lunches alone 0.061 2.84 0.307 7,286
(0.045)

Dinners alone 0.056 2.17 0.307 7,286
(0.038)

Meetings with friends/relatives -0.061 2.14 0.307 7,286
(0.039)

Baseline outcome & covariates Yes

Notes. ANCOVA ITT estimates in original units, each estimated on its own complete-case sample (N
in the last column). Partner satisfaction is estimated on the subsample of respondants partnered at
baseline (N = 5,056). Family satisfaction is estimated among respondents with a non-missing baseline
family-satisfaction outcome. Perceived social support is an indicator equal to one if the respondent
reports having at least one person on whom they can rely in case of need. Romano–Wolf stepdown
p-values are computed separately within the relationship-quality and perceived-social-support family
and within the objective-contact family. Robust standard errors in parentheses. ∗p < 0.10, ∗∗p < 0.05,
∗∗∗p < 0.01.
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Table 6 Effect on how participants value and experience AI

Outcome ITT (SD) Control mean/median N

Conversations pleasant (0–10) 0.094∗∗∗ 6.59 (mean) 4,541
(0.029)

AI “took my side” in conflicts (0-10) 0.021 6.34 (mean) 3,363
(0.034)

WTA to forgo AI for one week -0.014 50 (median) 3,240
(0.034)

Covariates Yes

Notes. ITT estimates on standardized endline outcomes, controlling for pre-specified covariates
without baseline adjustment. The estimation samples are smaller than the primary analysis sample
because these questions were only asked of participants who had used generative AI during the
experiment, and respondents could select “not applicable” for the pleasantness and conflict items if
they had not had the relevant type of conversation. For willingness to accept (WTA), the estimation
sample is smaller because the question was only asked to AI users, and a substantial share of users
did not respond. Because the distribution of willingness-to-pay is heavily right-skewed by a small
number of extreme values, we report the control median rather than the mean. Robust standard
errors in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Couple

Single

Men
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High loneliness
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No telework
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18−24

25−34

35−44

45−54

55+

−.1 0 .1 .2 .3
Marginal effect on loneliness (SD, 90% Confidence Intervals)

Figure 1 Heterogeneity of treatment effect on loneliness (single-item), by moderators at
baseline

Notes. Each panel interacts treatment with one pre-specified moderator in the main ANCOVA on the
single-item loneliness measure (0–10), controlling for the baseline outcome and all primary covariates.
Dots indicate marginal treatment effects (in standard deviations); horizontal bars are 90% confidence
intervals based on robust standard errors. Filled dots denote effects significant at the 10% level. Remote
work — respondents who never telework vs. those who telework at least occasionally (among employed
respondents only, median split).
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No AI

ChatGPT

Claude

Mistral

Other AI (e.g copilot)

−.4 −.2 0 .2 .4
Marginal effect on loneliness (SD, 90% Confidence Intervals)

Figure 2 Heterogeneity of treatment effects by baseline AI used most of the time
Notes. Treatment effects are average marginal effects on the standardized single-item loneliness outcome.
All regressions control for baseline loneliness and pre-specified covariates. Robust standard errors are
reported. This heterogeneity analysis was not pre-specified and is exploratory. 39% of participants had
not used AI at all before the experiment, 47% mainly used had used ChatGPT, 2.7% mainly used Mistral,
and around 1% mainly used Claude. 11% of participants had used other AI tools (typically Google Gemini
or Microsoft Copilot) prior to the experiment.

19



Life satisfaction

UCLA−3

Loneliness (1 item)

Happiness

Depression

−.1 −.05 0 .05 .1
Marginal effect (SD, 90% Confidence Intervals)

UU <100k UU 100k+

Figure 3 Heterogeneity analysis by urban area population (primary outcomes, family 1)
Notes. Each panel interacts treatment with an indicator for urban units with fewer than 100,000 inhab-
itants, controlling for the baseline outcome and all prespecified covariates. Standard errors are robust.
The urban-unit split follows the INSEE TUU classification: categories 0–5 correspond to rural areas
and urban units below 100,000 inhabitants, while categories 6–8 correspond to urban units with at least
100,000 inhabitants, including the Paris urban unit. This heterogeneity analysis was not pre-specified and
is exploratory.
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Online Appendix

A Additional results

Couple

Single

Men
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High loneliness

Low loneliness
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Some telework
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Marginal effect on loneliness (SD, 90% Confidence Intervals)

Figure A1 Heterogeneity of treatment effects on loneliness (UCLA-3)
Notes. Each panel interacts treatment with one pre-specified moderator in the main ANCOVA on the
UCLA-3 measure, controlling for the baseline outcome and all primary covariates. Dots indicate marginal
treatment effects (in standard deviations); horizontal bars are 90% confidence intervals based on robust
standard errors. The Remote work categories refer to respondents who never telework vs. those who
telework at least occasionally (among employed respondents only, median split).
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Table A1 Socio-emotional AI use and well-being at baseline (correlational)

Life sat. Loneliness Loneliness Happiness Depression
(0–10) UCLA-3 item (0–10) (0–10) (0–10)

Socio-emotional AI use (z) −0.050∗ 0.192∗∗∗ 0.456∗∗∗ −0.026 0.391∗∗∗

(0.029) (0.022) (0.034) (0.028) (0.036)
Controls Yes Yes Yes Yes Yes
R2 0.059 0.083 0.098 0.039 0.070
Observations 7,286 7,286 7,286 7,286 7,286

Notes. OLS at baseline on the primary analysis sample. Each column is a separate regression of the
outcome on the standardized socio-emotional AI-use index, controlling for age, gender, education, rela-
tionship status, number of friends at age fifteen, and household size. Robust standard errors in parentheses.
∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Table A2 Baseline covariate for samples in Table 6

Pleasantness Sided with me WTA
(N = 4,541) (N = 3,363) (N = 3,240)

Age (years) +0.037 +0.033 +0.079
Female (%) +0.005 +0.029 +0.004
Higher education, long (%) +0.007 +0.020 −0.016
In a relationship (%) +0.013 +0.041 +0.018
Household size −0.026 −0.009 −0.004
Children under 15 −0.005 +0.018 −0.018
Economically active (%) +0.021 +0.014 +0.025
Life satisfaction (0–10) +0.064 +0.076 +0.023
Loneliness, UCLA-3 −0.053 −0.068 −0.004
Loneliness, single item (0–10) −0.062 −0.074 +0.008
Happiness (0–10) +0.070 +0.081 +0.074
Depression (0–10) −0.057 −0.077 −0.032

Notes. Imbens–Rubin normalized differences (treatment − control) within each estimation sample in
Table 6.
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Table A3 Robustness: difference-in-means vs. ANCOVA

ANCOVA (primary spec.) Difference-in-means
Outcome ITT (SE) N ITT (SE) N

Subjective well-being (Family 1)
Life satisfaction (0–10) -0.056 (0.036) 7286 -0.051 (0.046) 7286
Loneliness, UCLA-3 (3-9) 0.045 (0.028) 7286 0.069 (0.042) 7286
Loneliness, single item (0–10) 0.163∗∗∗ (0.052) 7286 0.201∗∗∗ (0.068) 7286
Happiness (0–10) -0.027 (0.040) 7286 -0.009 (0.048) 7286
Depression (0–10) 0.081 (0.054) 7286 0.114∗ (0.066) 7286

Relationship quality (Family 2)
Partner satisfaction (0–10) -0.065 (0.043) 5056 -0.095 (0.060) 5056
Family satisfaction (0–10) -0.056 (0.038) 7224 -0.064 (0.051) 7224
Friendship satisfaction (0–10) 0.004 (0.037) 7286 -0.011 (0.050) 7286
Has someone to rely on (0/1) 0.002 (0.006) 7286 -0.004 (0.007) 7286

Objective contact (Family 3)
Lunches alone (0–7) 0.061 (0.045) 7286 0.115∗ (0.061) 7286
Dinners alone (0–7) 0.056 (0.038) 7286 0.074 (0.064) 7286
Meetings with friends/relatives (0–7) -0.061 (0.039) 7286 -0.024 (0.044) 7286

Notes. The ANCOVA specification (columns 1–3) controls for the baseline value of the outcome and pre-
specified covariates. The difference-in-means specification (columns 4–6) regresses the endline outcome
on treatment assignment only, without baseline adjustment (pre-specified robustness check). Robust
standard errors in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Table A4 Lee (2009) bounds on treatment effects (subjective well-being)

Lower bound Upper bound
Outcome Coef. 95% CI Coef. 95% CI
Subjective well-being (Family 1)

Life satisfaction (0–10) −0.055 [−0.157, 0.047] −0.043 [−0.169, 0.082]
Loneliness, UCLA-3 (3-9) 0.064 [−0.040, 0.167] 0.071∗ [−0.013, 0.154]
Loneliness, single item (0–10) 0.193∗∗ [0.034, 0.353] 0.205∗∗∗ [0.060, 0.350]
Happiness (0–10) −0.012 [−0.121, 0.097] −0.001 [−0.134, 0.133]
Depression (0–10) 0.106 [−0.057, 0.269] 0.117∗ [−0.017, 0.251]

Notes. Attrition rates are 25.32% in the control group and 25.24% in the treatment group, a difference
of −0.09 percentage points (p = 0.92). The corresponding Lee trimming proportion is 0.12%. Bootstrap
standard errors, 2,000 replications. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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B Discrepancies between versions of this working pa-
per

The current version of this working paper differs from the previous one by a smaller number
of observations. This is because one of the intermediate files that were communicated to
us by Bilendi contained several lines for the same individual respondent. We became aware
of this mistake later and corrected the estimation sample for this version. We could have
suspected the problem by noticing that the sample was larger than initially planned in the
PAP. However, we attributed this to the fact that Bilendi had to contact more respondents
than planned in order to try and maintain the desired sample stratification, particularly to
recruit younger respondents. Note that the decision to extend the sample was made prior to
any endline data collection, and we did not access data before the endline was completed.
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