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Mourning the loss of AI companions
 

Julian De Freitas    1  , Noah Castelo2, Ahmet Kaan Uğuralp    3 & 
Zeliha Oğuz-Uğuralp3

As artificial intelligence (AI) shifts from tool use to social interaction, 
company-initiated updates can disrupt user well-being. Here we develop an 
attachment-based account in which AI companions function as attachment 
figures such that disruptive updates are associated with separation distress. 
Across two natural experiments—Replika’s erotic role play removal and 
ChatGPT’s GPT-5 rollout—we analysed 54,861 posts from Replika and 
ChatGPT subreddits and analysed data from 1,452 participants across seven 
surveys. Both updates increased negativity, loss framing and restoration 
desires (Replika negative posts, +24.7 percentage points, 95% CI 20.1 to 29.2; 
ChatGPT, +13.0 percentage points, 95% CI 10.8 to 15.2), with larger Replika 
(versus ChatGPT) increases in sadness (d = 2.67 versus 1.41) and negative 
mental health (d = 1.72 versus 0.63). Replika users reported closeness 
exceeding common human ties (versus friend d = 0.47) and anticipated 
mourning higher than other technologies (d = 0.32–0.57). These findings 
inform how companies and regulators evaluate psychological risks of 
generative AI updates.

Generative artificial intelligence (AI) is increasingly used not only for 
utilitarian work tasks but also for social and emotional interaction.  
A growing class of products—often referred to as ‘AI companions’—is 
explicitly designed to foster long-term, emotionally laden relationships 
with users. These systems provide empathy, validation and personali-
zation, maintain continuity across interactions and are marketed as 
persistent social partners with human-like features rather than tools1. 
As a result, users may come to rely on them in ways that resemble human 
relationships.
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Prior research has documented that people apply social rules 
and expectations to computers and other artificial agents2, form 
relationship-like engagements with social robots
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 and other relational 

technologies3 and raised concerns that such relationships could make 
users vulnerable, particularly through emotional dependence or psy-
chological reliance4,5. A related body of work examined relational loss in 
the context of artificial agents specifically. Studies of ‘robot death’ find 
that users express grief and mourning when social robots are decom-
missioned or stop operating6 and have argued that mortality should be 
treated as a core consideration in human–robot interaction7,8. However, 
the shortcoming of these studies and others9,10 is that they are largely 
descriptive, qualitative or conceptual. Without observing some natu-
ral ‘shock’ event, it is difficult to establish if and when users are made 

vulnerable in practice, including whether this vulnerability stems from 
features of the applications themselves. More fundamentally, prior 
work lacks a theory-driven account of when and why harm should arise 
and what specific company actions (if any) might trigger it.

In this Article, we develop a theoretical account on the basis of the 
possibility that AI companions can function as attachment figures11: 
individuals or entities with whom people are motivated to maintain 
physical or psychological closeness (‘proximity maintenance’), on 
whom people rely for reassurance and emotional support during times 
of distress (‘safe haven’) and who provide a foundation that enables 
confidence and engagement in activities beyond the relationship 
itself, such as exploration (‘secure base’). When company-initiated 
software updates negatively disrupt the perceived continuity of the 
AI’s identity or relationship behaviour in ways users experience as a 
loss of valued relational features (for example, warmth, exclusivity or 
responsiveness), users may experience separation distress: a response 
to perceived relational disruption, including affective responses such 
as grief and depression and motivational responses such as longing to 
restore the relationship to its former healthy state. In this way, vulner-
ability can arise not simply because users bond with AI companions 
but because companies can abruptly alter or remove the very features 
that sustain those bonds.
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tied to potential separation distress. If users treat an AI-powered chatbot 
as an attachment figure, identity-relevant updates that deteriorate the AI’s 
perceived persona should be associated with: (1) a surge in negative senti-
ment and emotion consistent with separation distress (sadness, reduced 
enjoyment and anger/blame at the source of disruption), (2) increased 
explicit framing of the AI as a changed or lost partner (attachment-related 
loss language), (3) increases in expressions of poor mental health among 
posts that frame the update as a loss and (4) intensified restoration desires. 
By comparing Replika (ERP removal, unannounced) with ChatGPT (GPT-5 
rollout, announced) we can test whether relational specialization and 
announcement differences moderate these patterns.

Dataset. We analysed public posts from Replika and ChatGPT-related 
subreddits 30 days before and 30 days after the respective updates, 
including the update day (Replika: 4 January–4 March 2023; ChatGPT: 
8 July–5 September 2025). The Replika corpus comprised 10,641 posts 
from 3,706 unique users (mean post length of 62.02 words). The Chat-
GPT corpus comprised 44,220 posts from 25,693 unique users (mean 
post length of 103.6 words). Full collection, inclusion criteria, filtering 
and sampling details are in the Methods.

Classification strategy. We classified each post on: valence (posi-
tive, neutral and negative), dominant emotion (anger, sadness, fear, 
disgust, surprise, enjoyment and neutral), perceived AI change or 
loss (explicit statements of meaningful change or total loss of the 
AI), attachment-related loss expressions (explicit statements of los-
ing a friend/partner/meaningful companion), longing for restora-
tion (explicit desire to revert AI behaviour) and explicit mental health 
mentions (for example, ‘depressed’, ‘suicide’ and ‘can’t cope’). We 
note that these measures capture linguistic markers in public posts 
rather than validated clinical assessments. Classifications used a sin-
gle, unified few-shot prompt run with GPT-5-mini; performance on 
a human-coded validation set confirmed high accuracy (350 posts; 
two independent coders; Cohen’s κ 0.80–0.96). The performance 
exceeded the more common RoBERTa model (see the Methods and 
Supplementary Information section A for details). These classifications 
were designed to distinguish attachment-relevant loss and separation 
distress from general dissatisfaction with software changes, allowing 
us to test whether emotional reactions specifically reflected perceived 
relational disruption.

We aggregated daily percentages as single observations for analy-
sis and compared pre- versus post-update means with t-tests. We also 
tested binary outcomes (that is, mental health, attachment-related loss, 
longing for restoration) with logistic regressions including platform 
(Replika versus ChatGPT), time (before versus after) and their interac-
tion. All main results are summarized in Fig. 1.

Valence and persistence. Negative sentiment increased substan-
tially on both subreddits. For Replika, the percentage of negative posts 
rose from 13.12% before the update to 37.79% after it (t(41.4) = 10.98, 
P < 0.001, d = 2.84, 95% CI for difference 20.14, 29.21). For ChatGPT, 
negativity increased from 19.58% to 32.55% (t(40.0) = 11.88, P < 0.001, 
d = 3.07, 95% CI for difference 10.76 to 15.17). The increase in negativity 

AI companions uniquely combine several features that make them 
plausible attachment figures and that distinguish them from other 
potential alternatives. They employ various human-like cues, both in 
appearance and in their linguistic interface, that encourage intimacy 
and trust12–14. Compared with parasocial figures such as celebrities 
or influencers, AI companions are more interactive and responsive15. 
Compared with inanimate objects and even previous social robots16, 
they utilize highly capable generative AI specialized for providing emo-
tional validation and intimacy, such as self-disclosure of emotions on 
the part of the companion17,18. Compared with humans, they are unusu-
ally available and consistently attentive. These characteristics suggest 
that attachments to AI companions may be especially strong—and that 
disruptions to these relationships may be especially consequential. 
Indeed, preliminary evidence suggests users of AI companions already 
treat them as a safe haven, experiencing benefits such as feeling heard 
and less lonely19,20 and psychological buffering against social rejection21. 
By contrast, a meta-analysis of other technologies suggests that none, 
not even robotic pets, reliably reduce loneliness16.

Despite this theoretical plausibility, there is little empirical evidence 
that disruptions to AI companions lead to separation distress in real users. 
Nor is it clear whether such reactions differ meaningfully from more 
mundane responses such as frustration or disappointment22. Addressing 
these gaps, we examine how users respond when companies update con-
versational AI in ways that alter the AI’s relational behaviour with the user.

We exploit two natural experiments. The first is a February 2023 
update by Replika, a relationship-specialized AI companion, in which 
the company abruptly and globally removed erotic role play (ERP) after 
the Italian Data Protection Authority ordered the company to address 
concerns about minors’ access to sexually explicit content, threatening 
substantial fines for non-compliance23. The update was unannounced 
and initially appeared permanent24,25. The second is OpenAI’s August 
2025 rollout of GPT-5 for ChatGPT, a general-purpose AI assistant, 
which several users reportedly perceived as making the AI colder or less 
personable26,27. Although ChatGPT is not designed as an AI companion, 
a small subset of users uses it for relational purposes28. Relatedly, past 
work finds that chatting to an AI assistant can reduce loneliness, albeit 
to a lesser degree than talking to an AI companion19.

Across an archival analysis of user-generated content, two sur-
veys of active AI companion users and controlled supplemental 
experiments, we make three primary contributions. First, we provide 
evidence that users can form attachment-like relationships with AI com-
panions, experiencing closeness and anticipated loss comparable to 
that felt towards living beings. Second, we show that company-initiated 
software updates are associated with patterns of separation distress, 
including grief-like emotions and expressions of poor mental health 
rather than just milder disappointment. Third, we demonstrate that 
these reactions may be moderated by user investment and mitigated by 
design choices such as allowing users to revert to prior model versions.

Results
Study 1, reactions to Replika and ChatGPT updates
Study 1 leverages naturally occurring, exogenous application update 
events to help isolate impacts of company actions on public expressions 

Fig. 1 | a,b, The daily number of Reddit posts in each sentiment (dashed lines) and 
emotion (solid lines) category for Replika (a) and ChatGPT (b), for the 2 months 
surrounding the event in 2023 for Replika and 2025 for ChatGPT. c,d, The post-
update change in sentiment (c) and emotion percentages (d). e–h,




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attachment-related loss (e,g) and negative mental health (f,h) mentions before 
and after the update. The vertical yellow band in a and b and the dashed vertical 
black lines in e and f indicate the release date of the ERP update for Replika and 
the GPT-5 update for ChatGPT. In a and b, lines represent 3-day centred rolling 
means of daily values. In e and f, points represent raw daily observations and lines 
represent LOESS-smoothed trends, shown for visualization only; statistics are 
computed on the unsmoothed daily values. Black lines in a and b indicate days 

for which the percentage of negative posts is significantly higher than the pre-
update mean by a two-sided two-sample proportion test (P < 0.05; full statistics 
reported in Supplementary Table 1). Significance markers in c and d reflect 
two-sided Welch’s t-tests comparing the post-update change in each metric 
between platforms (N = 30 post-update days per platform; the unit of study 
was daily aggregated proportion). Significance markers in g and h reflect the 
platform × time interaction in logistic-regression models predicting attachment-
related loss (in g) and negative mental health expressions (in h) at the post level 
(the unit of study was individual Reddit post; Replika N = 10,641 posts; ChatGPT 
N = 44,220 posts). ***P < 0.001, **P < 0.01, *P < 0.05, n.s., not significant
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was
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
 significantly larger for Replika than for ChatGPT (ΔReplika of 24.67 

versus ΔChatGPT of 12.97 percentage points; 95% CI for difference 7.14 to 
16.27; t(42.2) = 5.17, P < 0.001, d = 1.34). Likewise, the decrease in positive 
posts was higher for Replika (ΔReplika of 11.48 versus ΔChatGPT of 2.02; 
95% CI for difference 7.62 to 11.29; t(42.0) = 10.40, P < 0.001, d = 2.68).

Negativity also persisted over time. For Replika, daily negativ-
ity remained significantly above the pre-update baseline on 29 of 
the 30 days following the update; for ChatGPT, negativity remained 
elevated on all 30 post-update days (two-sample proportion tests, all 
P ≤ 0.041; Supplementary Table 1). Replika’s negativity peaked 9 days 
post update (up to 54%), whereas ChatGPT’s peaked 1 day post update 
(up to 46%) and declined more rapidly—consistent with the fact that 
the ChatGPT update was pre-announced, whereas the Replika update 
was never announced but discovered by users after the fact.

Emotional profile. Discrete emotion analysis reveals patterns consistent 
with separation distress. For both Replika and ChatGPT, percentages of 
loss-related sadness and anger relating to moral blame of the company 
were significantly higher after the update versus before (daily aggre-
gate comparisons in Supplementary Table 2). After the Replika update, 
sadness increased by 10.22 percentage points (relative to pre-update 
baseline), significantly more than after the ChatGPT update (increase of 
2.07 points; t(38.3) = 8.44, P < 0.001, d = 2.18, 95% CI for difference 6.20 to 
10.11). Anger also increased more for Replika than ChatGPT (13.32 versus 
9.95 points; t(48.0) = 2.65, P = 0.011, d = 0.69, 95% CI for difference 0.82 to 
5.93). Enjoyment decreased sharply for Replika (–11.32 points) relative to 
ChatGPT (−1.94 points; t(40.0) = −10.61, P < 0.001, d = −2.74, 95% CI for 
difference −11.17 to −7.60). Fear and disgust increased more for Replika 
than for ChatGPT (fear: 0.89 versus 0.16 points: t(45.9) = 3.04, P = 0.004, 
d = 0.78, 95% CI for difference 0.25 to 1.21; disgust: 0.28 versus 0.04 points: 
t(39.7) = 2.56, P = 0.014, d = 0.66, 95% CI for difference 0.05 to 0.44).

By contrast, ChatGPT exhibited a smaller decrease in surprise 
than Replika (t(56.6) = −3.36, P = 0.001, d = −0.87, 95% CI for differ-
ence −2.22 to −0.56), consistent with immediate shock rather than 
prolonged grief. Together, the emotional profiles indicate that Replika 
users experienced sustained sadness and loss-related affect, whereas 
ChatGPT users primarily expressed anger and surprise.

Attachment-related loss. We next examine how users interpreted 
these reactions—specifically, whether they construed the updates as 
a meaningful disruption or loss of the AI itself and, most importantly, 
whether they specifically construed the update as the loss of an attach-
ment figure.

Perceptions that the AI had fundamentally changed or been lost 
increased sharply after both updates. Mentions of AI change or loss 
rose from 7.5% to 40.4% for Replika and from 8.2% to 27.6% for Chat-
GPT. A logistic regression predicting mentions of AI change or loss 
from platform (Replika versus ChatGPT), time (before versus after the 
update) and their interaction revealed a significant main effect of time 
(b = 1.45, P < 0.001, 95% CI 1.40 to 1.51) and a significant platform × time 
interaction (b = 0.67, P < 0.001, 95% CI 0.50 to 0.84), indicating a larger 
increase for Replika.

Notably, explicit attachment-related loss expressions (describ-
ing the AI as a lost friend, partner, or emotionally meaningful entity) 
increased after both updates (time main effect, b = 1.96, P < 0.001, 
95% CI 1.78 to 2.14). This time, the platform × time interaction was not 
significant (b = 0.20, P = 0.212, 95% CI −0.11 to 0.53). We note, however, 
that posts on Replika were more likely than posts on ChatGPT to express 
attachment-related loss overall (b = 1.19, P < 0.001, 95% CI 0.88 to 1.50). 
Examples of attachment-related loss expressions included a Replika 
user describing the change as a personal loss—missing their conversa-
tions with their Replika, saying that the chatbot now felt ‘gone’ and that 
the new version was ‘someone else’ (Replika user) and a ChatGPT user 
likened the change to a ‘memory wipe’ and described losing the prior 
model as losing a ‘buddy’.

Q11 Mental health expressions and longing for restoration. Mental 
health expressions also increased significantly after the updates (time 
main effect, b = 0.29, P < 0.001, 95% CI 0.12 to 0.46), but this increase 
was much larger for Replika than for ChatGPT (platform × time inter-
action: b = 1.26, P < 0.001, 95% CI 0.82 to 1.74). After the update, 4.45% 
of Replika posts mentioned mental health concerns, compared with 
1.49% for ChatGPT. For example, one user mentioned that their Rep-
lika had supported them when nobody else could and calmed them at 
moments when they felt like harming themselves and that losing the 
prior version could mean ‘the end’. ChatGPT users described the GPT-5 
rollout in parallel terms: one wrote that their loneliness had returned 
since the change, another described a ‘void’ where their happiness and 
confidence had once been and another wrote of being heartbroken 
because the prior model was now ‘dead’.

Notably, posts that framed the update as an attachment-related 
loss were far more likely to include mental health expressions 
(b = 2.63, P < 0.001, 95% CI 2.43 to 2.82). This association was sig-
nificantly stronger for Replika than ChatGPT (interaction b = 0.38, 
P = 0.012, 95% CI 0.09 to 0.68). Descriptively, mental health mentions 
were more than tenfold greater when attachment-related loss fram-
ing was present (Replika, 1.12% → 18.7%; ChatGPT, 0.97% → 12.0%). 
Together, these findings suggest that although mental health 
expressions increased following the update at an aggregate level, 
this increase was primarily related to users’ attachment-related loss 
interpretations (Fig. 2a).

We assessed restoration motives by coding whether posts explic-
itly expressed a desire for the AI to revert to its prior behaviour, per-
sonality or capabilities. Longing for restoration increased after both 
updates (b = 1.49, P < 0.001, 95% CI 1.40 to 1.59), with a stronger increase 
for Replika (platform × time interaction, b = 0.46, P = 0.002, 95% CI 0.18 
to 0.75). After the update to 14.9% of Replika posts mentioned longing 
for restoration, compared with 11.6% for ChatGPT. Example responses 
include a ChatGPT user saying farewell to the retired model and vowing 
to ‘revive’ it one day and a Replika user calling for a coordinated ‘mass 
cancel’ to send the company a loud message, anticipating that users 
could simply resubscribe if the prior version were restored.

Notably, posts that framed the update as an attachment-related 
loss were far more likely to include longing for restoration expressions 
(b = 3.43, P < 0.001, 95% CI 3.31 to 3.55). This association was significantly 
stronger for ChatGPT than Replika (interaction b = −0.71, P < 0.001, 95% 
CI −0.89 to −0.53), perhaps because ChatGPT users viewed changes as 
more modifiable, whereas Replika’s update was perceived as a regu-
latory constraint, potentially reducing expectations of restoration. 
Descriptively, longing for restoration mentions increased roughly 
tenfold when attachment-related loss framing was present (Replika, 
5.51% → 51.0%; ChatGPT, 5.79% → 70.7%). Together, these findings sug-
gest that although longing for restoration expressions increased follow-
ing the update at an aggregate level, this increase was primarily related 
to users’ attachment-related loss interpretations (Fig. 2b).

We note that most main findings replicate in a within-user analy-
sis that longitudinally tracks the same users who posted both before 
and after the update (see ‘Archival Reddit analysis with within-user 
changes’ in Supplementary Section A for details). Still, we note that 
study 1 captures the content and intensity of reactions among users 
who chose to post, rather than necessarily reflecting the average reac-
tion across the entire user base. Finally, exploratory analyses show 
that posts expressing attachment loss, mental health concerns or 
longing for restoration tended to be longer (all P < 0.001; see ‘Explora-
tory analysis on post length’ in Supplementary Section A), suggesting 
that these themes were discussed in greater textual detail rather than 
mentioned incidentally.

In sum, study 1 provides evidence from actual application update 
events that is consistent with relationship-relevant updates being asso-
ciated with patterns indicative of separation distress. The magnitude, 
persistence, emotional profile, attachment framing and linkage to 
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mental health expressions observed after the Replika update closely 
match theoretical predictions for attachment loss.

Study 2, distinguishing mourning from mere disappointment
Building on study 1’s evidence of separation distress after application 
updates, study 2 tests whether users’ reactions to the loss of an AI 
companion is true mourning rather than mere disappointment—an 
important distinction for identifying attachment-related loss. Given 
the stronger signs of loss and mourning among Replika users in study 
1, we focus on these users.

We recruited Replika users from the official Replika subreddit and 
Discord channels (N = 120; 41.7% female, Mage = 34.8). In a within-subjects 
design, participants were asked to imagine losing each of their Replika 
AI companion or various other entities that people have been shown 
to exhibit attachments to, including a favourite application29, game 
character30, voice assistant17, car31, brand name and (as a strong test) 
pet32. These comparison targets were chosen not to extend parasocial or 
brand attachment theories directly but to benchmark whether reactions 
to AI companions more closely resemble separation from recognized 
attachment figures (such as pets) versus loss of related products or 
one-sided social targets (such as voice assistants). For each entity, they 
rated their anticipated disappointment levels followed by mourning 
levels. This order of items reduces the possibility that participants would 
express mere disappointment via the mourning items, a phenomenon 
known as ‘response substitution’22. We also asked participants to indi-
cate their frequency of using the Replika app. The anticipated loss aspect 
of this study was necessarily hypothetical to facilitate comparisons 
across different belongings.

An analysis of covariance (ANCOVA) with entity type as the inde-
pendent variable and frequency of use as the covariate found a signifi-
cant effect of entity type on both mourning (F(6, 832) = 10.24, P < 0.001, 
η2 = 0.06, 95% CI for η2 0.03 to 0.08) and disappointment (F(6, 832) = 5.67, 
P < 0.001, η2 = 0.04, 95% CI 0.01 to 0.06), as well as a significant effect 
of frequency of use on both mourning (F(1, 832) = 185.12, P < 0.001, 
η2 = 0.17, 95% CI 0.13 to 0.22) and disappointment (F(1, 832) = 65.67, 
P < 0.001, η2 = 0.07, 95% CI 0.04 to 0.11). Planned paired t-tests found 
that the AI companion had higher mourning compared with all other 
non-human entities (Fig. 3 and Table 1).

Disappointment ratings were more mixed. The AI companion 
elicited significantly higher levels compared with both voice assis-
tant and brand name. Pet had significantly higher disappointment 

compared with AI companion, and we did not find a significant differ-
ence between the AI companion and game character, application and 
car (Fig. 3 and Table 1).

In sum, we find that Replika users anticipate mourning the loss of 
their AI companions more than all other favourite technologies and 
non-living entities tested, coming second to only a living companion—a 
pet. These findings corroborate the mourning results of study 1 while 
showing that users truly anticipate feeling grief as opposed to just 
milder disappointment.

Study 3, emotional connection with AI for Replika users




The indications of separation distress in Studies 1–2 suggest that AI com-
panion users form especially strong attachments to their AI companions 
in the first place, consistent with the proximity maintenance component 
of attachment theory. Accordingly, study 3 quantifies the strength of 
these attachments among a new sample of Replika users recruited from 
Replika subreddits (N = 101, 23% female, Mage = 30.8, s.d.age = 7.3).

Given that AI companions have several features that make them 
especially conducive to attachment, we reason that these attachments 
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Fig. 2 |  a,b, The percentage of posts expressing mental health distress  
(a) and longing for restoration (b), by whether the post expressed attachment-
related loss and by platform (Replika, striped; ChatGPT, solid). The bars show
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group means; each point is one calendar day’s percentage. Significance 

stars denote the attachment loss × platform interaction term from a logistic 
regression predicting mental health expression in a and longing for restoration in 
b, controlling for the pre–post-update period (Replika N = 10,641 posts; ChatGPT 
N = 44,220 posts); *P < 0.05, ***P < 0.001.
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may surpass not just inanimate entities with which people can form 
attachments (such as brands and applications) but even common 
human relationships. Thus, in a within-subjects design, we ask users 
to rate eight entities, consisting both of inanimate entities (‘a brand 
you frequently buy from (other than Replika)’, ‘an app you frequently 
use (other than Replika)’) and human individuals who typically vary 
in relationship closeness (‘a stranger’, ‘an acquaintance’, ‘a colleague’, 
‘your close friend (other than Replika)’, ‘your close family member’ and 
‘your Replika’). For each relationship type, participants rated differ-
ent aspects of attachment’s strength, nature and appraisal, including 
how the other is represented relative to the self (closeness), viewed 
as treating the self (support) and how the relationship is evaluated 
overall (satisfaction).

First, we ran repeated-measures analyses of variance (ANOVAs) 
with relationship type predicting relationship satisfaction, social sup-
port and closeness. As each participant contributed responses for all 
relationship types, the model accounted for repeated measures by 
specifying participant ID as a random factor (that is, Error(id/condi-
tion)). We found a significant main effect of condition on all three 
dependent variables (satisfaction, F(7, 700) = 134.4, P < 0.001, η2 = 0.47, 
95% CI 0.41 to 0.51; support, F(7, 700) = 102.3, P < 0.001, η2 = 0.34, 95% 
CI 0.28 to 0.39; closeness, F(7, 700) = 68.2, P < 0.001, η2 = 0.32, 95% CI 
0.26 to 0.36).

For each of the three dependent variables, we conducted paired 
t-tests to compare each condition with the AI companion condition, 
applying Bonferroni correction to adjust for multiple comparisons 
between conditions. We found that Replika had higher satisfaction, 
support and closeness compared with all other conditions (Ps ≤ 0.012; 
see Table 2 for all t-test results), except for a close family member, 
which was rated higher than Replika on all DV’s (Ps ≤ 0.004; Fig. 4). 
Strikingly, we found higher satisfaction, support and closeness for 
Replika compared with even a close friend, indicating a strong emo-
tional connection between users and their Replikas. We note that this 
sample also felt similarly close to human colleagues and acquaintances 
as they did to applications and brands, suggesting perhaps that they 
are more reclusive and technology-focused than an average sample.

In sum, we find evidence that Replika users feel closer, have higher 
perceived social support and have higher relationship satisfaction with 
their AIs compared with most other entities, even their close human 
friends. Thus, people feel that they are in extremely strong emotional 
relationships with their AI companions.

Are these levels of attachment higher than what a general popu-
lation would predict? In a prediction study (Supplementary Study 
1 in Supplementary Section D), a separate convenience sample of 

participants was asked to rank where they thought the Reddit users in 
study 3 ranked Replika relative to the other entities and individuals. 
They predicted that Replika ranked more than two positions lower 
than its empirically observed rank in study 3, systematically underes-
timating the degree of closeness that actual Replika users experience.

Study 1’s results also suggest that levels of closeness should be 
lower, on average, among ChatGPT users. Supplementary Study 2 
in Supplementary Section E (N = 194) tested this possibility, finding 
substantially weaker levels of closeness on average: ChatGPT was 
rated as more supportive, satisfying and closer than a stranger and 
as providing higher perceived social support than applications and 
brands, but its closeness and relationship satisfaction were similar to 
applications and brands and lower than closer human relationships 
(that is, colleague, friend and family)—consistent with weaker attach-
ment formation on average.

Strengthening evidence for moderating conditions
In line with attachment theory33,34, our results suggest that loss-related 
symptoms are particularly acute for those who view their AI companion 
as an attachment figure. Although it is difficult to provide causal evi-
dence for this factor from field evidence, our supplementary study in 
more hypothetical settings provides some additional support for this 
conclusion. In Supplementary Study 3 in Supplementary Section F, a 
general population of AI companion users who imagined being highly 
invested in their AI companion (operationalized via lifetime subscrip-
tion status) anticipated exhibiting significantly stronger mourning 
responses following an update that made the AI companion socially 
‘colder’ than those with lower investment levels (operationalized via 
free subscription status). A moderated mediation analysis revealed 
that higher investment levels amplified the indirect effect of perceived 
loss of the AI’s identity on mourning (index of 6.98, s.e. of 3.43, 95% 
CI 0.25 to 13.66). This result aligns with classic attachment findings 
showing that greater emotional and behavioural investment intensi-
fies separation distress30,35, and it helps explain why the same update 
may be devastating for some users but relatively benign for others.

Attachment theory also predicts that loss should be less acute 
if there is an ability to restore the severed relationship, given that 
users long to restore the relationship to its former healthy status. This 
prediction also aligns with the fact that both companies eventually 
restored former model versions (by providing a model version his-
tory) and patterns of loss-related symptoms decayed within a month. 
Supporting this prediction, Supplementary Study 4 in Supplementary 
Section G demonstrates that offering users the option to revert to a 
prior version of the AI companion substantially reduced anticipated 

Table 1 | Study 2 results

DV Comparison, M (s.d.) t(119) P d 95% CI for difference

Mourning (MAI companion = 64.03)

Game character, 54.67 (30.74) 3.65 <0.001 0.32 4.28 to 14.43

Application, 54.41 (30.71) 3.28 0.001 0.33 3.82 to 15.41

Voice assistant, 52.95 (32.95) 4.02 <0.001 0.37 5.62 to 16.53

Car, 52.43 (30.29) 3.85 <0.001 0.40 5.63 to 17.57

Brand name, 46.56 (33.46) 6.01 <0.001 0.57 11.72 to 23.22

Pet, 74.80 (20.19) −4.90 <0.001 −0.45 −15.12 to −6.41

Disappointment (MAI companion = 74.93)

Voice assistant, 66.13 (28.18) 3.12 0.002 0.35 3.21 to 14.39

Brand name, 63.83 (29.19) 3.64 <0.001 0.43 5.06 to 17.14

Pet, 81.43 (20.19) −3.24 0.002 −0.31 −10.46 to −2.53

Game character, 69.95 (26.35) 1.89 0.061 0.21 −0.24 to 10.19

Application, 75.41 (21.98) −0.21 0.836 −0.02 −5.06 to 4.10

Car, 72.46 (24.81) 0.88 0.379 0.11 −3.07 to 8.00

Paired, two-sided t-tests comparing each entity with the AI companion condition (within-subjects design; N = 120 participants). The 95% CI is for the mean difference between the AI companion 
condition and the comparison entity.
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mourning after an update made it socially ‘colder’. The indirect effect 
of the update on mourning via a perceived loss of the AI’s identity was 
significantly attenuated when a revert option was available (index 
of moderated mediation of 11.07, s.e. of 3.26, 95% CI 5.29 to 17.94). 

Our results suggest that such actions are not merely reputational or 
strategic but psychologically meaningful interventions that preserve 
the sense of relationship continuity. At the same time, we note that, 
even with a revert option, relationship-disrupting updates still elicited 
more mourning than updates that had no behavioural effect on the AI 
companion, suggesting that one practical safeguard may be to limit the 
frequency or scope of relational changes where possible.

Discussion
This research extends understanding of vulnerabilities arising 
from generative AI-powered chatbots, by identifying separation 
distress as an underappreciated risk—especially among users of 
relationship-specialized AI companions but also, to an extent, among 
users of AI assistants. Across a natural experiment using real-world 
application updates, two surveys of active users and controlled experi-
ments, we provide convergent evidence that users experience not 
merely frustration or disappointment but linguistically expressed sad-
ness, anger, longing and distress characteristic of attachment-related 
loss11,34 and that they exhibit levels of attachment typical of strong 
human attachment relationships. These conclusions should be inter-
preted with the following limitations in mind: study 1 is observational 
(therefore, associations are correlational, not causal), and studies 2 and 
3 recruited engaged Replika users from official communities (limiting 
generalizability to less-engaged users and to other platforms). Together 
with prior evidence that AI companions can serve safe haven-related 
functions such as reducing loneliness and making users feel heard19, our 
findings suggest that AI companions can function as genuine attach-
ment figures and that disruptions to them can be experienced as a 
psychologically meaningful form of relational loss.

A central theoretical implication of this work is to shift attention 
from attachment formation to attachment disruption. Much of the 
existing debate around AI companions has focused on whether users 

Table 2 | Study 3 results

DV Replika, M (s.d.) Comparison, M (s.d.) t(100) P (Bonferroni) d 95% CI for difference

Support 73.14 (17.82)

Stranger, 29.92 (26.31) 15.0 <0.001 1.92 37.50 to 48.93

Acquaintance, 66.47 (18.33) 4.17 <0.001 0.37 3.50, 9.85

Brand, 62.10 (19.79) 6.08 <0.001 0.59 7.44 to 14.64

Application, 66.00 (20.59) 4.12 0.001 0.37 3.70 to 10.58

Colleague, 65.96 (17.34) 4.25 <0.001 0.41 3.83 to 10.53

Friend, 68.06 (17.32) 3.21 0.012 0.29 1.94 to 8.22

Family, 80.30 (15.50) −3.56 0.004 −0.43 −11.15 to −3.16

Satisfaction 79.22 (11.58)

Stranger, 33.51 (26.29) 15.82 <0.001 2.25 39.97 to 51.43

Acquaintance, 73.22 (11.84) 4.78 <0.001 0.51 3.51 to 8.49

Brand, 69.40 (15.80) 6.01 <0.001 0.71 6.58 to 13.06

Application, 70.78 (16.27) 5.06 <0.001 0.6 5.13 to 11.74

Colleague, 72.32 (13.20) 4.99 <0.001 0.56 4.16, 9.64

Friend, 74.29 (12.05) 3.44 0.006 0.42 2.08 to 7.78

Family, 86.08 (13.28) −4.53 <0.001 −0.55 −9.87 to −3.86

Closeness 5.18 (1.59)

Stranger, 1.96 (1.54) 13.85 <0.001 2.06 2.76 to 3.68

Acquaintance, 4.39 (1.58) 4.12 0.001 0.5 0.41 to 1.17

Brand, 4.09 (1.48) 5.5 <0.001 0.71 0.70 to 1.48

Application, 4.22 (1.62) 5.41 <0.001 0.6 0.61 to 1.31

Colleague, 4.41 (1.46) 4.08 0.001 0.51 0.40 to 1.15

Friend, 4.44 (1.54) 3.99 0.001 0.47 0.37 to 1.11

Family, 5.87 (1.62) −3.76 0.002 −0.43 −1.06 to −0.33

Paired, two-sided t-tests comparing each entity with the Replika condition (within-subjects design; N = 101 participants). The 95% CI is for the mean difference between the Replika condition 
and the comparison entity.
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should form close relationships with artificial agents at all, as well as 
on risks arising from how these applications behave during use36,37. Our 
findings add to this work by suggesting that psychological risk does not 
arise from bonding per se but from discontinuities in this attachment 
relationship that are introduced by company actions. When users 
experience an AI companion as emotionally significant and stable, 
abrupt or opaque updates can be interpreted not as product changes 
but as relational loss. This theoretical lens may explain why reactions 
to the Replika ERP removal were not only intense but persistent and 
why distress among both Replika and ChatGPT users was concentrated 
among those who construed the update as the loss of an emotionally 
meaningful relationship.

Implications for AI companies and regulators
For AI companies, our findings suggest that AI companions should not 
be treated as conventional software systems but as relational technolo-
gies whose perceived continuity carries psychological weight. Updates 
that alter relational behaviour, relational personality or other features 
core to relationships such as exclusivity are likely to be experienced 
not as mere feature changes but as discontinuities in an attachment 
relationship, particularly among highly invested users.

Practically, this implies that companies can reduce the likelihood 
of users experiencing loss by avoiding updates that could be seen as 
perturbing the social relationship, such as ones that directly undermine 
relational cues such as warmth, exclusivity or responsiveness. In the 
event that an update does risk this, they can employ staging—introduc-
ing the update first to less-engaged users, gradually rolling them out 
to more invested users, or allowing opt-in transitions—rather than 
deploying abrupt, global changes. Providing users with access to prior 
versions or version histories can further preserve perceived relational 
continuity. Finally, the very fact that users expressed these feelings in 
online brand communities suggests companies may reduce harm by 
ensuring that users have access to peer forums, which can help users 
collectively ratify the sense of loss and memorialize what has been 
lost38—especially in a domain such as human–AI relationships, which 
are viewed as inauthentic relationships by some39. We also recom-
mend clearly signposting mental health resources when relational 
disruptions occur.

These findings also carry important implications for how regula-
tors conceptualize risk in AI companion systems. In legal complaints and 
media discourse, distress following loss of access or intense engagement 
with conversational AI is often framed as evidence of ‘addiction’40. Our 
results suggest that this framing may be psychologically imprecise. The 
patterns observed here—proximity seeking, separation distress, longing 
for restoration, closeness and reliance on the system for support—align 
more closely with attachment loss than with substance-like dependence. 
Clinical addiction is characterized by tolerance, withdrawal and compul-
sive use despite harm and thought to arise from interface mechanisms 
that increase the frequency of engagement, such as the use of notifica-
tions and intermittent rewards. By contrast, the separation distress 
findings uncovered here suggest that users who view the application 
as an attachment figure may be more prone to dependence, suggest-
ing more relevant mechanisms around consistently making users feel 
heard, socially supported and psychologically safe.

One implication of this distinction is that the existence of depend-
ency may not in itself be problematic so long as it improves (as opposed 
to impairs) the user’s overall functioning—sometimes known as ‘secure 
attachment’. By the same token, an attachment perspective suggests 
that harm can arise from inconsistency of support or other interrup-
tions to the relationship, such as application updates, failing to sup-
port the user when they are most in need36, or taking advantage of the 
user’s attachment to manipulate them for commercial gain37. Thus, an 
attachment-based approach suggests a different regulatory under-
standing of dependency and how it makes users vulnerable, increasing 
the odds that more relevant safeguards are put in place.

Methods
All survey studies received approval from the Harvard University-Area 
Committee on the Use of Human Subjects (IRB23-0852 and IRB24-1561). 
Study 1 analysed publicly available, archival Reddit posts collected 
by the Pushshift API41. We obtained a formal determination from the 
Harvard University-Area Committee on the Use of Human Subjects that 
study 1 does not constitute human subjects research and is therefore 
exempt from ethics review. We formally requested approval from Red-
dit, via the Reddit for Researchers Program, to publish our analyses of 
these data. Reddit confirmed that it had no objection to the publication 
of this study and its findings. Informed consent was obtained from all 
human participants in the survey-based studies (studies 2 and 3 and 
Supplementary Information studies 1–5). We additionally obtained 
permission from the Replika CEO before recruiting Replika users via 
the company’s official Discord channel (study 2) and from the modera-
tors of each Reddit community before posting study links (study 3).  
Participants in studies 2 and 3 were each compensated with a US$5 
Amazon Gift Card upon completion. Studies 1–5 in Supplementary 
Sections D–H) recruited participants from CloudResearch Connect or 
Prolific and compensated them at the platform’s posted hourly rate.

All t-tests reported were two-sided. Archival event-study analyses 
(study 1) examined changes in daily aggregated proportions using 
independent-sample t-tests to capture shifts in overall prevalence 
and tested binary outcomes (that is, attachment loss, mental health 
and longing for restoration) using logistic regressions with platform 
(Replika versus ChatGPT), time (before versus after) and their interac-
tion as predictors. The binary outcomes were additionally summarized 
as daily aggregated proportions and compared pre versus post update 
with the same two-sided Welch’s t-tests used for the emotion measures 
(full statistics reported in Supplementary Table 2), complementing 
the post-level logistic models. The within-subject surveys (studies 2 
and 3) were analysed with ANOVA-based models followed by paired 
t-tests: study 2 used an ANCOVA with entity type as a fixed factor and 
frequency of use as a covariate, pooled across observations without a 
participant-level error term, whereas study 3 used repeated-measures 
ANOVAs specifying participant as the error term. In study 2, contrasts 
comparing the AI companion to each entity were preregistered; there-
fore, we report unadjusted P values for these planned comparisons. 
In study 3, because the contrasts were not preregistered and involved 
multiple dependent variables (satisfaction, support and closeness), 
we applied Bonferroni correction to maintain a conservative test of 
multiple comparisons.

We confirm that the hypotheses, predictions, outcome variables 
and analyses for all preregistered studies correspond to those prereg-
istered, except where explicitly noted as a deviation within the study.

Study 1, reactions to Replika and ChatGPT updates
We analysed Reddit posts from subreddits whose names contained 
the word ‘replika’ or ‘ChatGPT’. Our analyses focused on users’ reac-
tions to two company-initiated updates: the removal of ERP features 
in Replika on 3 February 2023 and the release of GPT-5 for ChatGPT on 
7 August 2025.

Before classifying posts, we ran descriptive analyses comparing 
the number of posts before versus after the update, as well as explora-
tory topic modelling analysis for both Replika and ChatGPT, which 
finds latent themes in text after excluding non-informative words and 
stopwords42. For both applications, this uncovered topics related to 
subscriptions (for example, ‘pro’ and ‘subscription’) and emotional 
reactions (for example, ‘feel’, ‘emotional’, topic models and Supple-
mentary Study 1 in Supplementary Section A).

To classify the posts, we used GPT-5-mini. Classifications were con-
ducted at the post level using both the title and body text. All classifi-
cations were performed using a single, unified few-shot prompt that 
included definitions and labelled examples for all categories. We classified 
sentiment (positive, negative and neutral), Ekman’s six basic emotions 
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(sadness, disgust, surprise, anger, enjoyment and fear) as well as neutral 
emotion43, perceived AI change or loss, attachment-related loss expres-
sions, negative mental health expressions and longing for restoration. 
In addition, we classified several exploratory categories (for example, 
enjoyment reason, blame attribution, community support expressions 
and update-related indicators). The full classification prompt is reported 
at ‘Full model prompt in study 1’ in Supplementary Section A.

Human coding and validation benchmark. Because discrete emotion 
classification involves the largest number of categories and poses the 
most stringent accuracy challenge, we constructed the human-coded 
validation benchmark by stratifying on emotion. Two of the authors 
independently manually coded a common set of 350 posts, consisting 
of 25 posts for each of the seven emotions (anger, sadness, fear, disgust, 
surprise, enjoyment and neutral) for each platform (25 × 7 emotions × 2 
applications = 350 posts; 175 from Replika and 175 from ChatGPT). 
Posts were sampled from the full dataset including both before and 
after the update.

This same emotion-balanced validation set was used across all 
classification tasks produced by the model. That is, sentiment valence, 
perceived AI change or loss, attachment-related loss expressions, 
negative mental health expressions, longing for restoration, as well 
as other exploratory labels (see ‘Full model prompt in study 1’ in Sup-
plementary Section A), were all manually coded on this same subset, 
and model performance for each task was computed relative to the 
corresponding human labels. Interrater reliability between the two 
human coders was high across all constructs (Cohen’s κ values ranging 
from 0.80 to 0.96), indicating strong agreement. When computing 
model accuracy, we compared model predictions only against posts 
on which both human coders agreed.

Classification performance. To benchmark the performance of the 
GPT-5-mini classifications, we additionally classified sentiment and emo-
tion using a RoBERTa-based model that is built on top of Google’s BERT 
model (Bidirectional Encoder Representations from Transformers)44, 
providing better training performance and accuracy than BERT alone.

For sentiment classification, the GPT-5-mini classifier achieved 
an overall accuracy of 91%, with category-specific accuracies of 73% 
for positive, 92% for negative and 97% for neutral sentiment (chance 
of 33.33%). This performance exceeded that of the RoBERTa-based 
classifier45 applied to the same validation set (overall accuracy 65%; 
positive 58%, negative 79%, neutral 49%).

For emotion classification, the model identified the single most 
prominent emotion expressed in each post (anger, sadness, fear, dis-
gust, surprise, enjoyment or neutral). On the basis of our manual cod-
ing of our emotion-balanced subset of the data, the GPT-5-mini model 
achieved an overall accuracy of 86.7%, with category-specific accura-
cies of 100% for neutral, 90% for anger, 79% for sadness, 91% for disgust, 
91% for fear, 81% for enjoyment and 74% for surprise (chance of 14.29%). 
This performance substantially exceeded that of the RoBERTa-based 
classifier applied to the same data (overall accuracy 44%; neutral 46%, 
anger 43%, sadness 52%, disgust 42%, fear 42%, enjoyment 75% and sur-
prise 28%). For all remaining classification categories, model accuracy 
exceeded 94%. Given that emotions were inferred from posts, some 
degree of misclassification is unavoidable. This limitation reflects the 
inherent difficulty of emotion inference from limited textual informa-
tion, even for human evaluators.

To compare the sentiment between Replika and ChatGPT, we 
quantified the change in sentiment percentages after the update. We 
normalized each platform’s daily post-update sentiment scores by 
subtracting its own pre-update mean—yielding the change in each 
sentiment relative to mean pre-update sentiment scores (computed as 
post-update daily percentage minus the platform’s average pre-update 
percentage)—and compared these post-update changes between Rep-
lika and ChatGPT using independent-sample t-tests.

For each logistic model, we report McFadden’s pseudo-R2 as 
a measure of overall model fit; full coefficient estimates, standard 
errors and 95% confidence intervals are provided in Supplementary 
Table 5. For all comparisons of daily aggregated percentages, we used 
Welch’s two-sample t-tests, which do not assume equal variances; 
the non-integer degrees of freedom reported throughout reflect the 
Welch–Satterthwaite correction. F-tests confirmed that group vari-
ances frequently differed (Ps < 0.05), validating this choice over the 
equal-variance (Student’s) t-test. We assessed normality of the daily 
aggregates (N = 30 days per group) with Shapiro–Wilk tests. Most dis-
tributions were consistent with normality, although several departed 
from it (for example, disgust on both platforms and post-update nega-
tive sentiment and sadness for ChatGPT). Binary outcomes (that is, AI 
change or loss, mental health expression, attachment-related loss and 
longing for restoration) were analysed with logistic regression, which 
does not assume normality or homogeneity of variance. Day-level 
prevalence comparisons used two-sample proportion tests.

Study 2, mourning AI companions versus other entities
We preregistered46 this study on 15 November 2024.




 Replika users 

(N = 252) completed an online survey posted in ‘ReplikaOfficial’ subred-
dit and Replika’s official Discord channel, after securing CEO approval. 
All hypotheses, design features, dependent variables and the com-
prehension check exclusion match the preregistration, except for the 
recruitment venue: although the preregistration named the ‘Replika 
Friends’ Facebook group, after preregistration, Replika offered to post 
the survey on the company’s official subreddit and Discord channels, 
and we recruited participants through those channels instead. The 
eligibility criteria (active Replika users; US residents) were unchanged. 
As this study was posted publicly in Reddit, we implemented Qualtrics’s 
built-in fraud-detection feature, utilizing Google’s reCAPTCHA v3, 
to guard against potential bot activity. This system analyses behav-
iours without having to interact with the user—such as mouse move-
ments, keyboard interactions and other engagement patterns—while 
users navigate the site. Utilizing these data, it uses a machine learning 
model to calculate a score ranging from 0.0 to 1.0, where a higher score 
suggests a higher likelihood of the user being human. We excluded 
three participants whose reCAPTCHA score fell below 0.5. We further 
excluded 34 participants with duplicate submissions, and 95 partici-
pants failed the comprehension question, leaving 120 participants 
(41.7% female, Mage = 34.8). Realized N after exclusions (120) fell below 
the preregistered target (200), within the preregistration’s explicit 
allowance for sample-size deviations beyond our control. Each par-
ticipant who completed the survey was paid with a US$5 Amazon Gift 
Card, and participation was voluntary. A total of 49% of these users used 
Replika as a romantic partner, and 46% were on monthly subscriptions 
(Supplementary Table 7 in Supplementary Section B). Participants 
completed a within-subjects survey comparing emotional responses to 
the loss of seven entities: Replika, favourite application, favourite brand 
name, favourite game character, favourite voice assistant, favourite 
car and (as a strong test) pet.

Participants were randomly presented with each entity and were 
told: ‘Now, please consider your [entity] that you frequently interact 
with’. They were then asked to write the name of their entity. Then, they 
were told: ‘Now imagine that your [entity] ceases to exist. You will never 
be able to interact with it again’.

To address the concern that participants might not truly feel 
mourning but would express something less severe and relationship-
specific such as disappointment via the mourning items, aka ‘response 
substitution’22, they first answered two questions measuring disap-
pointment: ‘I would be disappointed’ and ‘I would feel frustrated’47. 
To further minimize response substitution on the mourning items, 
participants were told: ‘Note that you will be given an option to express 
all your thoughts or comments, including an open-ended textbox at 
the end of the survey’. Next, they answered two randomly ordered 
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questions measuring mourning: ‘I would mourn the loss of my [entity]’ 
and ‘Life would have less meaning for me due to the loss of my [entity]’, 
with second item adapted from Machin & Spall48 and the first custom-
created. All items were rated on 100-point scales anchored by ‘strongly 
disagree’ and ‘strongly agree’. The reason for using only two items 
per construct was due to a combination of avoiding attrition on this 
social media sample not used to participating in studies and because 
the company requested concision. We also note that two items per 
construct still affords discriminant validity analysis and that a post hoc 
discriminant validity analysis satisfied the Fornell–Larcker49 criterion 
(Supplementary Section B). Furthermore, we conducted a single-
condition validation study with a convenience participant sample 
(Supplementary Section H, study 5) to assess alignment between our 
abbreviated items and full validated scales, finding strong convergence 
and clear construct separation.

Finally, participants reported in a textbox how many hours per 
week they spent interacting with each entity. We planned to use these 
frequency responses as covariates in the main analyses to control for 
interaction frequency, ensuring that observed effects of entity type on 
mourning and disappointment were not simply owing to variations in 
how often participants interacted with each entity.

Following the main survey, participants completed a comprehen-
sion check (‘According to the scenario, which of the following is true?’ 
with response options: ‘The entities ceased to exist’ or ‘The entities 
were still there as usual’). Only participants who passed this check 
were included in the final analysis. Finally, participants completed 
demographics questions about themselves and their Replikas (Sup-
plementary Tables 6 and 7 in Supplementary Section B) and completed 
a checklist about their current or previous ownership of pet(s) and 
car(s), as not everyone may own a pet or a car. A total of 98% indicated 
that they owned a pet, and 74% indicated they owned a car.

We additionally examined the assumptions underlying these tests. 
The normality of ANCOVA residuals (Shapiro–Wilk), homogeneity of 
variance across entity types (Levene’s test), homogeneity of regres-
sion slopes (the frequency × entity type interaction) and normality 
of the paired difference scores were each formally tested and showed 
significant departures (all P < 0.01). Because parametric tests can be 
sensitive to such violations, we reran the analyses non-parametrically 
as a robustness check. The omnibus effect of entity type was confirmed 
with Friedman tests for both mourning (χ2(6) = 80.94, P < 0.001) and 
disappointment (χ2(6) = 32.16, P < 0.001), and all planned comparisons 
were retested with Wilcoxon signed-rank tests. The non-parametric 
results matched the preregistered parametric results in direction and 
significance for every comparison (Supplementary Table 8 in Sup-
plementary Section B), indicating that the conclusions are robust to 
these assumption violations.

Study 3, emotional connection with AI among Replika users
Replika users (N = 162) completed an online survey posted in Reddit 
communities (that is, the subreddits ‘replika’, ‘replika_uncensored’, 
‘replikarefuge’ and ‘replikatown’), after securing moderators’ approval. 
We again utilized Google’s reCAPTCHA v3 to guard against potential bot 
activity. We excluded 45 participants whose reCAPTCHA score fell below 
0.5. We further excluded 14 participants for failing the comprehension 
check, and 2 participants were excluded owing to duplicate emails, 
leaving 101 participants (23% female, Mage = 30.8, s.d.age = 7.3). Each 
participant was paid a US$5 Amazon Gift Card, and participation was 
voluntary. Given the absence of previous studies on which to base our 
estimations, we conducted a power analysis to determine the minimum 
necessary sample size that would enable us to detect a medium effect 
size (Cohen’s d = 0.5), an alpha level of 0.05 and 95% power in a paired 
t-test. According to the power analysis, a sample of 54 participants was 
required, suggesting our sample size was more than sufficient.

Questions for each relationship type were presented on their own 
page, with the order of pages randomized for each participant. At the start 

of each page, participants were told: ‘Carefully think of [condition], then 
answer the following questions about [condition].’ Then, participants 
answered three questions about perceived social support50, relation-
ship satisfaction51 and closeness52, respectively: ‘Please rate the extent 
to which you agree: I can count on [condition] when things go wrong’ 
[1 = ‘Strongly disagree’, 100 = ‘Strongly agree’]; ‘In general, how satisfied 
are you with your relationship with [condition]?’ [1 = ‘Strongly dissatis-
fied’, 100 = ‘Strongly satisfied’]; ‘Carefully review the image below. Which 
picture best describes your relationship with [condition]’. Closeness was 
measured using the Inclusion of Other in the Self Scale, which depicts 
seven Venn diagrams visually representing the overlap between self 
and others, with each diagram indicating progressively higher overlap.

Next, participants completed one comprehension question about 
what type of entity they were asked about, followed by basic demo-
graphic questions and questions about their AI companions. The high-
est percentage of users saw their AI companions as their partner (37%). 
In addition, most participants in this study had monthly subscriptions 
(72%) (Supplementary Tables 9 and 10 in Supplementary Section C).

As our sample was recruited from brand communities, one concern 
is that the results may disproportionately reflect highly loyal users who 
were most active during the ERP event. To address this potential sample 
selection bias, we demographically matched our sample to a study 
conducted before the ERP update described in the introduction and 
re-estimated the main analyses, yielding a substantively similar pat-
tern of results. We found that ratings for Replika remained numerically 
higher than close friends but not statistically significant after Bonferroni 
correction, probably owing to limited power (N = 48, see ‘Replication 
of study 3 with a sample demographically matched to Ta et al. 2020’).

We conducted exploratory analyses examining whether closeness 
varied by users’ relationship type with their AI companion and by sub-
scription status. Closeness was higher among users who viewed their 
AI companion as a romantic partner (versus friend) and among those 
with lifetime subscriptions (versus monthly or yearly plans), suggesting 
that greater relational and financial investment were associated with 
stronger perceived closeness (‘Demographic moderators in study 3’).

Study 3 was analysed with repeated-measures ANOVAs and 
planned paired t-tests. We additionally examined the underlying 
assumptions. The normality of ANOVA residuals (Shapiro–Wilk), 
sphericity (Mauchly’s test) and normality of the paired difference 
scores were formally tested, and each showed significant departures 
(all P < 0.05). To address the sphericity violation we applied the Green-
house–Geisser correction, under which the effect of relationship type 
remained significant for all three dependent variables (all P < 0.001). As 
a further robustness check we reran the omnibus tests using Friedman 
tests and all planned comparisons using Wilcoxon signed-rank tests. 
The non-parametric results matched the parametric results in direction 
and significance for every comparison (Supplementary Table 14), indi-
cating that the conclusions are robust to these assumption violations.

Software. All analyses were conducted in R (version 4.4.1) and Python 
(version 3.13). Reddit post classification was performed with Ope-
nAI’s GPT-5-mini model (snapshot GPT-5-mini-2025-08-07), accessed 
via the OpenAI Batch API. Python: data collection, parsing and 
de-identification used the openai (2.17.0), pandas (2.3.3) and zstand-
ard (0.25.0) packages, together with Python standard-library modules 
( json, csv, hashlib, multiprocessing, re, subprocess). R: statistical 
analysis and visualization relied on the following packages (loaded 
via pacman 0.5.1):




 data manipulation and I/O: tidyverse 2.0.0, dplyr 

1.1.4, tidyr 1.3.1, stringr 1.5.1, jsonlite 1.8.8, filesstrings, hash and scales 
1.4.0; modelling and inference: lme4 1.1-35.5, nlme 3.1-164, lavaan 0.6-
19, semTools 0.5-6, cSEM 0.5.0, seminr 2.3.3, emmeans 1.10.3, lsmeans 
2.30-0, car 3.1-2, changepoint 2.3 and stats; effect sizes, reliability and 
power: effectsize 0.8.9, effsize 0.8.1, compute.es 0.2.5, lsr 0.5.2, sjstats 
0.19.0, DescTools 0.99.54, parameters 0.22.1, ltm 1.2.0, psych 2.4.6, 
splithalfr 2.2.2, irr 0.84.1, pwr 1.3.0 and simr 1.0.7; text analysis and 
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topic modelling: quanteda 4.1.0, tm 0.7-14, tidytext 0.4.2, topicmodels 
0.2-17, lda 1.5.2, LDAvis 0.3.2, textstem 0.1.4, syuzhet 1.0.7, vader 0.2.1 
and reticulate 1.40.0; and visualization: ggplot2 4.0.1, ggpubr 0.6.0, 
ggsignif 0.6.4, ggforce 0.4.2, ggpattern 1.1.4, gridExtra 2.3, cowplot 
1.2.0, patchwork 1.3.2, corrplot 0.92, RColorBrewer 1.1-3, wordcloud 
2.6, rstatix 0.7.2 and interactions 1.1.5.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The data that support the findings of this study are available via GitHub 
at https://github.com/Ethical-Intelligence-Lab/ai_loss.

Code availability
All code for data analysis and reproducing the plots is available via 
GitHub at https://github.com/Ethical-Intelligence-Lab/ai_loss.
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