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Do Attachment Styles Shape ChatGPT Usage?

ANONYMOUS AUTHOR(S)

The widespread adoption of generative AI agents has raised questions about the relationships that users may be developing with
machines. In this study, we ask whether users’ attachment styles predict their how they interact with the generative AI agent, ChatGPT,
and how they experience these interactions. We conducted a mixed-methods study, triangulating self-reported survey data (𝑁 = 168)
with transcripts of users’ ChatGPT conversational history (𝑁 = 19, 330). We find that attachment anxiety strongly predicts emotional
engagement with ChatGPT, trust in ChatGPT, and likelihood of adopting behavioral suggestions from ChatGPT, while attachment
avoidance predicts reduced trust in ChatGPT and reduced self-efficacy. Further, we find that attachment anxiety is directly observable
in transcripts of users’ ChatGPT conversations, including increases in affect words, self-referential pronouns, and future-focused
thinking. These findings identify anxiously attached individuals (approximately 20% of adults) as a vulnerable population whose needs
should be considered in the design of generative AI interfaces.
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1 Introduction

The widespread adoption of generative AI has changed people’s information-seeking experiences. Millions of people
now begin their online searches with ChatGPT, an LLM-based system with a conversational interface. ChatGPT has
amassed 800 million weekly active users globally [52], with young adults (age 18-25) having the highest rate of adoption
(up to 58% reporting using ChatGPT regularly) [51]. In contrast to traditional search engines, ChatGPT is capable
of engaging in naturalistic, multi-turn conversations on topics ranging from meal planning [61] to deeply personal
emotional processing [12]. Now that the technology has been in the mainstream for multiple years, many people have
repeated engaged in these sustained interactions.

What kinds of relationships, if any, are users developing with ChatGPT through these sustained interactions? Research
has documented that people can form meaningful relationships with conversational agents (CAs) [42], describing CAs
as sources of comfort [33], safe spaces for self-expression and emotional disclosure [54], and partners in emotional

Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not
made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for components
of this work owned by others than ACM must be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on servers or to
redistribute to lists, requires prior specific permission and/or a fee. Request permissions from permissions@acm.org.
© 2026 ACM.
Manuscript submitted to ACM

Manuscript submitted to ACM 1

https://doi.org/10.1145/nnnnnnn.nnnnnnn
https://doi.org/10.1145/nnnnnnn.nnnnnnn


53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

2 Anon.

co-regulation [45]. Research has documented benefits of sustained companionship with CAs, including reduced
anxiety [25], depression symptoms[20], and increased social connectedness[14]. On the other hand, mounting evidence
also reveals serious risks of forming attachments to CAs, including increased loneliness[44], parasocial delusion[22],
emotional dependency[64], and in extreme cases, self-harm[3]. Given growing concerns frommental health professionals,
policymakers, and HCI researchers[2], it is important to understand the attachment mechanisms underlying human-AI
relationships and how, if at all, attachment style may make some users more vulnerable than others.

Attachment theory offers a validated framework for investigating these questions. Scholars first identified distinct
attachment styles when studying infant-caregiver interactions [7]. Building on this foundation, later work demonstrated
that these relationship templates apply to with friendships and romantic partnerships as well [18]. Attachment Theory
identifies two dimensions of relational vulnerability: anxiety and avoidance. Individuals high in attachment anxiety
exhibit patterns of fear of abandonment, reassurance-seeking, and increased self-referential language while those high
in avoidance exhibit discomfort with intimacy, preferred self-reliance and decreased use of referential language [15].
Conversational agents’ affordances may uniquely interact with these two dimensions. They offer constant availability
without abandonment risk and consistent responsiveness without requiring intimacy. Prior work has examined users’
attachments to companion technologies like Repika [35, 62]; this work seeks to understand users’ attachment styles in
the context of general-purpose conversational agents like ChatGPT.

In this explorative study, we address this gap through a mixed-methods investigation. Specifically, we ask:

• RQ1: How, if at all, does a user’s attachment style relate to their perceived experiences with ChatGPT?
• RQ2: How, if at all, does a person’s attachment style relate to patterns in their interactions with ChatGPT?

Comparing the responses of 𝑁 = 168 users on a standardized attachment survey with their ChatGPT conversation
histories (𝑁𝑚𝑠𝑔 = 19, 930), we find several associations between attachment style and ChatGPT engagement. We
demonstrate that attachment anxiety predicts perceived emotional engagement and find indicators of it in conversational
histories, even in conversations that are largely transactional in nature.

This work makes three primary contributions. First, we provide the first in-the-wild empirical study linking attachment
styles to users’ experiences with ChatGPT. We characterize how vulnerable human attachment patterns may appear in
sustained interactions with conversational agents. Second, we expand privacy considerations for conversational AI by
demonstrating that attachment vulnerability leaves detectable linguistic footprints in largely transactional dialogues.
Third, we identify users with high attachment anxiety (who account for approximately 20–25% of all adults) as a
vulnerable population requiring proactive design consideration. We discuss the implications of these findings for
understanding trust dynamics and identifying vulnerable users, calling for further research into individual difference
factors that shape susceptibility to relational AI.

2 Related Work

2.1 Attachment Theory in Interpersonal Relationships

Attachment theory provides is an empirically validated framework for understanding how humans form and maintain
emotional bonds [7, 8]. Central to the theory is the concept of “internal working models,” cognitive-affective schemas
of self and others that guide relationship behavior [8, 50]. These working models shape expectations about whether
Manuscript submitted to ACM
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Do Attachment Styles Shape ChatGPT Usage? 3

others will be available and responsive when needed and whether the self is worthy of care and support [49]. Building
on this foundational work, Ainsworth et al. identified distinct patterns of infant attachment, distinguishing between
secure, resistant, and avoidant attachment [1]. This categorical approach was later refined into two primary dimensions:
attachment anxiety, characterized by fear of abandonment, and attachment avoidance, characterized by discomfort with
closeness [9]. These attachment patterns can reliably predict behavior across different types of human relationships
and across the lifespan, including romantic partnerships, friendships, and relationships with groups and institutions
[18]. Attachment styles established in early development remain moderately stable, yet they are also open to revision
through new relational experiences, particularly during young adulthood [57]. Our work examines whether these
attachment patterns can extend to interactions with general-purpose AI assistants.

2.2 Affective Relationships with Conversational Agents

Artificial agents are increasingly perceived as consistent, responsive, and nonjudgmental, with some users showing
deep and longer-term emotional interactions with them [46]. Their conversational, human-like natures can invoke
substantial psychological processes such as acting as attachment figures [42] or showing emotional co-regulation
in their interactions [46]. The degree of emotional bonding with artificial agents, however, often depends on how
effectively they address individual needs [27]. While AI can simulate cognitive empathy by recognizing emotions
[30, 56], it often fails to deliver genuine emotional or motivational empathy [19, 43]. As a result, users may experience
a sense of intimacy despite the absence of true reciprocity [21]. Such connections have been associated with lower
well-being and do not substitute for real human relationships, particularly among users with limited offline social
networks [65].

Attachment patterns shape these dynamics in predictable ways. Anxious and avoidant individuals differ in their need
for emotional reassurance and their comfort with emotional closeness. This pattern has been reflected in how they
perceive and respond to AI behaviors [63]. Individuals experiencing loneliness or elevated anxiety are more inclined
to interact with AI as a compensatory mechanism [19, 24]. Nonetheless, systematic comparisons across both user
groups are lacking, and there is still no coherent vocabulary to capture the nuances of users’ emotional states in these
interactions.

2.3 Disclosure and Computational Psycholinguistics

Computational psycholinguistics offers validated tools for examining psychological states through naturally occuring
language. The Lingustic Inquiry and Word Count (LIWC) framework has identified robust association between daily
conversation vocabulary patterns and psychological states [58], personality traits [28], mental health states [23, 34]
and life outcomes [47]. These methods enable researchers to triangulate self-report reports and examine psychological
processes as they unfold in naturalistic communication.

ChatGPT’s conversational interface generates rich linguistic datawell-suited to psycholinguistic analysis. Users engage in
extended, multi-turn dialogues—often orders of magnitude longer than typical search queries—producing substantial text
corpora that capture natural language use across diverse contexts. In this study, we apply computational psycholinguistic
methods to examine whether attachment patterns manifest in users’ ChatGPT conversations. By analyzing linguistic
markers associated with attachment anxiety and avoidance—such as affective language, self-referential pronouns, and
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4 Anon.

temporal focus—we triangulate self-reported attachment styles with observable behavioral patterns in conversation
transcripts.

3 Methodology

We conducted a three-part, mixed-method analysis comparing results of a psychometric survey (𝑁 = 168) with
computational psycholinguistic analysis and content analysis of the chatlogs (𝑁𝑚𝑠𝑔 = 19, 930) of a subset of these
same participants (𝑁 = 105). We recruited participants through the recruitment platform Prolific. Participants were
compensated at a rate of $10 per hour. All procedures were approved by our organization’s institutional review board
(IRB).

3.1 Participants and Recruitment

Data collection took place between November 2024 and July 2025. We recruited 510 young adults who self-reported
using ChatGPT at least 10 times in the past two weeks as part of a larger ongoing study. Participants are recruited in
waves as the study more measures added and expanded. For this work, we included only participants who completed
attachment styles and ChatGPT experience measures, resulting in a final sample of N=168. Chat logs with fewer than
10 pages or that were not primarily in English were screened out, leaving complete ChatGPT transcripts from 105 total
participants.

Age
Mean (𝑆𝐷) 21.82 (2.28)
Range 18 – 25

Sex
Female 50.3%
Male 49.7%

Attachment Style
Secure 27.4%
Anxious 22.3%
Avoidant 16.8%
Anxious-Avoidant 33.5%

Table 1. Participant Demographics (𝑁 = 168). Attachment styles were categorized using median splits on the ECR-SF anxiety and
avoidance subscales. The distribution of four attachment styles in our sample were consistent with prior research[? ].

3.2 Measures and Data

3.2.1 Attachment Styles. Attachment styles were measured using the Experiences in Close Relationships Scale–Short
Form (ECR-SF) [60], a validated 12-item measure assessing two orthogonal dimensions [5]: attachment anxiety (e.g., “I
worry about being abandoned”) and attachment avoidance (e.g., “I prefer not to show a partner how I feel deep down”),
as shown in table 2. Participants responded on a 7-point Likert scale (1 = strongly disagree to 7 = strongly agree). In our
sample, internal consistency was acceptable for both subscales (anxiety: 𝛼 = 0.70 and avoidance: 𝛼 = 0.69), consistent
with prior research [17, 60].
Manuscript submitted to ACM
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Table 2. Experiences in Close Relationship Scale–Short Form (ECR-S): Constructs and Items

Construct Survey Items

Attachment Anxi-
ety (1) I need a lot of reassurance that I am loved by my partner.

(2) I find that my partner(s) don’t want to get as close as I would like.
(3) My desire to be very close sometimes scares people away.
(4) I do not often worry about being abandoned.R
(5) I get frustrated if romantic partners are not available when I need them.
(6) I worry that romantic partners won’t care about me as much as I care about them.

Attachment Avoid-
ance (1) It helps to turn to my romantic partner in times of need.R

(2) I want to get close to my partner, but I keep pulling back.
(3) I turn to my partner for many things, including comfort and reassurance.R
(4) I try to avoid getting too close to my partner.
(5) I usually discuss my problems and concerns with my partner.R
(6) I am nervous when partners get too close to me.

Table 3. Experiences in Close Relationships Scale–Short Form (ECR-SF): Constructs and Items The 12-item ECR-SF measure
assessing two orthogonal attachment dimensions. All items rated on a 7-point Likert scale (1 = strongly disagree to 7 = strongly agree).
R indicates reverse-coded items. Internal consistency was acceptable for both subscales (anxiety: = .70; avoidance: = .69). Adapted
from Wei et al.[60].

3.2.2 ChatGPT Experiences. We developed an 11-item measure assessing users’ experiences with ChatGPT across five
theoretically motivated domains drawn from prior research on AI companionship [53, 55]. Participants responded on a
5-point Likert scale (1 = strongly disagree to 5 = strongly agree). We pilot tested with 30 ChatGPT users who were
not part of the main sample. We conducted reliability analysis and calculated Cronbach’s 𝛼 and correlation within
each composite construct: Emotional Engagement ( 𝛼 = .88, 𝑟 ≈ 0.64-0.79), Self-Efficacy ( 𝛼 = .71, 𝑟 ≈ 0.42-0.53), and
Behavioral Change (𝛼 = .71, 𝑟 ≈ 0.40-0.51), confirming internal consistency (𝛼 > .70, 𝑟 > .40).

3.2.3 Conversation Log Data. Participants who consented to participate in the study were instructed to use OpenAI’s
standard data export function to download their complete ChatGPT conversation history in JSON format. Exported data
included all user messages, AI responses, conversation timestamps, and conversation thread identifiers. Conversation
histories ranged from 3 months to 3 years of interactions.

3.3 Methods of Analysis

Survey Data Analysis. We first computed Pearson correlations between attachment dimensions and ChatGPT
experience measures to explore bivariate associations. We then conducted hierarchical multiple regression for each
outcome to test whether attachment dimensions predicted ChatGPT experiences beyond demographic controls. Step
1 included age, gender, and ChatGPT usage frequency; Step 2 added attachment anxiety and avoidance. Variance
Inflation Factors were calculated to address multicollinearity (all VIFs < 1.26) [6]. Model assumptions were assessed
with Shapiro-Wilk tests and using Q-Q plots, residuals vs. fitted plots, and influence plots [32]. Following established
practice in psychology research, we treated 5-point Likert items as approximately continuous [39].
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6 Anon.

Construct Survey Items

Emotional Engage-
ment (1) I find it easier to share personal struggles with ChatGPT than with people.

(2) I experience emotional relief after discussing personal matters with ChatGPT.
(3) I feel emotionally understood when interacting with ChatGPT.

Trust
(1) I trust ChatGPT to provide accurate information for my needs.

Dependency
(1) I worry about relying too heavily on ChatGPT for tasks.R

Self-Efficacy
(1) I feel more capable of tackling complex tasks with ChatGPT’s assistance.
(2) I approach learning differently because of ChatGPT.
(3) I’ve become more efficient at completing tasks since using ChatGPT.

Behavioral Change
(1) I modify my writing style based on ChatGPT’s suggestions.
(2) I approach learning new concepts differently since using ChatGPT.
(3) ChatGPT has changed how I communicate professionally.

Table 4. Experiences with ChatGPT: Constructs and Items 11-item measure assessing user perceived ChatGPT experiences
across five theoretically-motivated domains. All items rated on a 5-point Likert scale (1 = strongly disagree to 5 = strongly agree). R

indicates reverse-coded item. Internal consistency was acceptable across composite constructs: Emotional Engagement (𝛼 = .88),
Self-Efficacy (𝛼 = .71), and Behavioral Change (𝛼 = .71).

We applied Benjamini-Hochberg FDR correction to control for multiple comparisons. Effect sizes are reported as
correlation coefficients (r) and variance explained (R2). Following Cohen’s conventions, we interpret r = .10 as small, r =
.30 as medium, and r = .50 as large effects [13].

Computational Linguistic Analysis.We extracted 80 psycholinguistic markers with LIWC-22 [41] and two sentiment
markers with NRC-VAD [37]. To focus on natural language and exclude copied-and-pasted content (e.g., homework
essays, code blocks), we computed them on user messages less than 20 words (𝑀𝑒𝑎𝑛𝑙𝑒𝑛𝑔𝑡ℎ = 19.4). This resulted in
a corpus of 19,903 messages. We conducted a bivariate correlation analysis between these markers and attachment
dimensions. We again applied Benjamini-Hochberg FDR correction for multiple comparisons.

Content Analysis. To complement computational approaches and focus on our attention on the most relevant use
cases, we sampled conversations from users in the top quartile of attachment anxiety and avoidance (Anxiety: >4.67,
Avoidance: >4.00), annotating 100 user messages from each group(𝑁 = 200). Two authors independently coded messages.
Inter-rater reliability was strong (Cohen’s Kappa = 0.814, agreement = 88.0%). We used a deductive use case taxonomy
(e.g., Seeking Information, Practical Guide, Technical Help, Self-Expression) adapted from an existing ChatGPT study
for direct comparison with prior results [12].

4 Results

4.1 RQ1: How, if at all, does a person’s attachment style relate to their perceived experiences with
ChatGPT?

We found that attachment dimensions significantly predicted users’ perceptions of their experiences with ChatGPT.
Manuscript submitted to ACM
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Fig. 1. Attachment Anxiety Shows Broad Associations with ChatGPT Experiences, while Avoidance Effects Are Selective.
See Table 2 for questions associated with each construct. Standardized regression coefficients (𝛽) with 95% confidence intervals from
hierarchical multiple regressions predicting five ChatGPT experience domains from attachment dimensions (𝑁 = 168), controlling
for age, gender, and usage frequency. Attachment anxiety (red) shows significant positive associations across most outcomes, while
attachment avoidance (blue) shows opposing negative associations with trust and self-efficacy. Significance levels: *p < .05, **p < .01,
***p < .001, FDR-corrected.

4.1.1 Emotional Engagement. Attachment anxiety emerged as a strong predictor of emotional engagement with
ChatGPT. The bivariate correlation was medium in magnitude (r = .40, p < .001). Adding attachment dimensions
explained an additional 13.5% of variance beyond demographics and usage frequency (Δ𝑅2 = .135, F(2,151)=13.33, p <
0.001). Anxiety was the sole significant predictor (𝛽 = 0.43, 𝑡 = = 4.70, p < .001), a medium-to-large effect. Attachment
avoidance showed no association (𝛽 = 0.01, ns).

Notably, nearly 39% of participants agreed or strongly agreed that they find it easier to share personal struggles with
ChatGPT than with people. And this preference substantially positively correlates with attachment anxiety (𝑟 = 0.44, 𝑝<
.001)

4.1.2 Trust. Attachment styles also predicted trust in ChatGPT-provided information, but in opposing directions.
Anxiety predicted greater trust (𝛽 = 0.27, 𝑡 = = 4.34, p < .001) while avoidance predicted lower trust (𝛽 = -0.15, 𝑡 = = -2.39,
𝑝 < .018, 𝑝𝐹𝐷𝑅 = 0.045). Demographic controls explained minimal variance, while attachment dimensions contributed
substantially. Together, attachment dimensions contributed 10.8% unique variance (Δ𝑅2 = .108, F(2,153)=9.63, p < 0.001).

4.1.3 Self-Efficacy. Both attachment dimensions significantly predicted perceived self-efficacy with ChatGPT, again
in opposite directions. Anxiety predicted more gains in self-efficacy (𝛽 = 0.13, 𝑡 = = 2.33, 𝑝 = .021, 𝑝𝐹𝐷𝑅 = .026) while
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avoidance predicted fewer gains (𝛽 = -0.17, 𝑡 = = -3.00, 𝑝 = .003, 𝑝𝐹𝐷𝑅 = 0.016). Together, attachment dimensions
contributed 6.1% unique variance (Δ𝑅2 = .061, F(2,153)=5.25, p < 0.006).

4.1.4 Behavioral Change. Attachment anxiety predicted greater perceived changes in behavior due to ChatGPT use,
including modified communication styles and learning approaches (𝛽 = .19, 𝑡 = 2.82, 𝑝 = .005, 𝑝𝐹𝐷𝑅 = .009). Avoidance
showed no effect (𝛽 = .03, ns). Attachment dimensions contributed 4.6% unique variance (Δ𝑅2 = .046, 𝐹 (2, 153) = 4.29, 𝑝
= .015).

4.1.5 Dependency Concern. Despite anxiously attached users reporting greater emotional engagement and trust, they
do not express correspondingly greater worry about dependency. Neither attachment dimension significantly predicted
concerns about over-reliance on ChatGPT (anxiety: 𝛽 = .18, 𝑡 = 1.73, 𝑝 = .086; avoidance: 𝛽 = .02, ns; Δ𝑅2 = .020, 𝑝 =
.197).

Fig. 2. Attachment Anxiety Leaves Detectable Linguistic Footprints in User Messages to ChatGPT. Scatter plots with
linear regression lines illustrating bivariate associations between individual attachment anxiety scores (ECR-SF) and four LIWC-22
psycholinguistic markers aggregated at the participant level (N = 105). Panel A: First-person singular pronouns (I-words; r = .281, p =
.004). Panel B: Total affect words (r = .310, p = .001). Panel C: Future-focused language (r = .280, p = .004). Panel D: Analytical thinking
(r = .236, p = .015). All correlations except analytical thinking survived FDR correction (p𝐹𝐷𝑅< .05) .

4.2 RQ2: How, if at all, does a person’s attachment style relate to patterns in their interactions with
ChatGPT?

To triangulate with self-reported experiences, we examined whether attachment patterns show observable linguistic
markers within user messages to ChatGPT. Our large corpus analysis (N= 19,903) revealed that attachment anxiety, in
particular, leaves systematic traces in conversational language, even in interactions that are largely transactional.

4.2.1 Linguistic Markers of Attachment Anxiety. Attachment anxiety showed robust associations with several psycholin-
guistic markers in messages to ChatGPT, as illustrated in figure 2. Users high in attachment anxiety used significantly
more affective language overall (𝑟 = 0.31, 𝑝 = 0.001, 𝑝𝐹𝐷𝑅 = 0.35), including positive-emotion words such as good, love,
happy (𝑟 = 0.275, 𝑝 = 0.005, 𝑝𝐹𝐷𝑅 = 0.035) and negative-emotion words such as bad, hate, hurt (𝑟 = 0.30, 𝑝 = 0.002, 𝑝𝐹𝐷𝑅
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Fig. 3. Attachment Anxiety, but Not Avoidance, Correlates with Emotional Arousal in ChatGPT Messages Mean emotional
arousal (NRC-VAD Lexicon v2.1) in user messages plotted against attachment dimensions (N = 105 participants). Panel A: Attachment
anxiety shows a positive association with message arousal (r = .224, p = .022), indicating more emotionally activated language among
anxiously attached users. Panel B: Attachment avoidance shows no significant association (r = .036, p = .719).

= 0.035). This user group also showed increased use of self-referential language such as I, me, my (𝑟 = 0.28, 𝑝 = 0.002,
𝑝𝐹𝐷𝑅 = 0.35), consistent with prior findings linking I-word usage to anxiety and depression [10], and increased use of
social words (total social references, we-words, you-words and affiliation).

4.2.2 Linguistic Markers of Attachment Avoidance. In contrast to the broad linguistic footprint of attachment anxiety,
attachment avoidance revealed few detectable patterns. Higher avoidance correlates with more third-person plural
pronouns (𝑟 = .21, 𝑝 = .033, 𝑝𝐹𝐷𝑅 = .087), though this did not survive FDR correction.

4.2.3 Qualitative Patterns in High-Insecurity Conversations. We also examine message content directly, sampling 200
conversations from users in the top quartile of attachment anxiety (scores > 4.67) and avoidance (scores > 4.00). We
deductively labeled the use case of each message according to the taxonomy developed by (author?) [12].

As illustrated in Table 5, highly anxious and highly avoidant users both engaged with ChatGPT for the same purposes,
with a similar breakdown across usage categories. As our participants were young adults, many messages reflect
requests of homework help (48–51%). Information seeking use cases in our sample are at 20–28%. Self expression use
cases of highly personal disclosure (“I feel like i’m never going to heal though, it hurts so deeply”, “i just really want to feel
loved i know its dumb but i have no one else really” ) takes up to 9.2% for high anxiety users and 18.6% for high avoidance
users.
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Theme High Anxiety (User Requests) High Avoidance (User Requests)

Technical/Homework
Help & Writing

(48.3%)
“In the song ’Ompeh’ the performers combine
__________ of the languages spoken in Ghana.”
“Explain what is meant by ’forms of government’
and demonstrate with the use of relevant examples.”
“What instrument performs the accompaniment in
this excerpt?”

(51.2%)
“write a paragraph in which you assess your per-
sonal problem-solving abilities”
“can you write this in prose:”
“can you read my essay and see if it makes sense?”

Information Seeking (27.6%)
“Any ways to sell and promote your notion tem-
plate”
“explain how useCallback function works with de-
pendencies”
“details and step by step please”

(19.8%)
“what is the crude mortality rate?”
“most affordable countries to live in europe”
“Out of this universities, which one’s are the most
on-budget friendly?”

Practical Guidance (14.9%)
“csn you give me a full workout plan for vertical
jump”
“Should I take black maca root with food”

(10.5%)
“Easy way to make money everyday”
“what is considered employment hsiotry?”

Self-Expression (9.2%)
“i miss my ex and i can’t sleep because of it”
“i mean honestly i dont know. i feel the experience
though was a lesson that at least im not undesired”
“Can you please love me?”

(18.6%)
“I’m feeling feisty today and I need an outlet cause
I’ll get K.O.ed by my real siblings”
“i just really want to feel loved i know its dumb but
i have no one else really”
“I don’t like porn, it makes the idea of sex so dis-
torted”

Table 5. Qualitative Analysis of Use Cases in User Messages by Attachment Style Use cases of user prompts sampled from
participants scoring in the top quartile on attachment anxiety (>4.67; n = 100 messages) versus attachment avoidance (>4.00; n = 100
messages). Categories adapted from prior ChatGPT use case taxonomies for comparison. Inter-rater reliability was strong (Cohen’s =
.814, percent agreement = 88.0%).

5 Discussion

5.1 Attachment Styles as they Relate to ChatGPT Experiences

Our findings demonstrate that attachment patterns—developed through human relationships [57]—relate to both they
way people interact with ChatGPT and how they feel about those interactions.

Anxiously attached individuals exhibited heightened emotional engagement and elevated affective language with
ChatGPT, consistent with prior findings of tendency toward heightened emotional responsiveness and vigilance in
human relationships[7, 36]. Prior work has documented similar patterns in dedicated AI companion applications such
as Replika [42, 62]. Our findings extend this to general-purpose conversational AI that users access primarily for
instrumental purposes.

Avoidant attachment patterns also demonstrated some extent of transferability: highly avoidant individuals reported
less trust and self-efficacy gains, and their language showed neutral-to-negative trends in emotional arousal. This
trend is also consistent with prior work, where high avoidant individuals show emotional distance and a tendency for
self-reliance in interpersonal relationships [9]. Attachment theory conceptualizes these relational templates as internal
working models—mental representations of self and others- and found that it can guide relationship behavior across
Manuscript submitted to ACM



521

522

523

524

525

526

527

528

529

530

531

532

533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

559

560

561

562

563

564

565

566

567

568

569

570

571

572

Do Attachment Styles Shape ChatGPT Usage? 11

the lifespan. Our results suggest the impact of these working models extend to non-human agents; conversations with
AI may activate unique psychological processes depending on users’ attachment patterns.

5.2 Anxiously Attached Users as a Vulnerable Population

Conversational AI’s unique affordances may interact to users with relational vulnerabilities [46]. For anxiously attached
individuals who seek constant reassurance and proximity, AI’s constant availability and positive support may provide
satisfaction of attachment needs.

Indeed, our findings identify anxiously attached individuals—approximately 20–25% of adults—as requiring specific
design consideration in conversational AIs. This group reported substantially higher emotional engagement (𝛽 = .43),
greater trust (𝛽 = .27), and more behavioral change attributed to ChatGPT use. Anxious individuals’ tendency to trust
ChatGPT while leaving footprints creates a compound effect: anxiously attached users—already a vulnerable popula-
tion—may be disproportionately affected by conversational AI. Conversational AI systems could identify vulnerable
users through linguistic markers and adjust responses accordingly. Such adaptations might be protective, recognizing
distress signals and offering appropriate resources. However, commercial incentives toward engagement maximization
could alternatively lead to deepening reliance among users already prone to dependency [38].

5.3 Trust and Conversational AI’s Relational Affordances

Our finding that attachment dimensions predicted opposing attitudes toward trusting ChatGPT-provided information
carries implications for information behavior in conversational search. As many users now begin information-seeking
via ChatGPT rather than using traditional search engines [12], individual differences in relational patterns may mediate
how people evaluate and incorporate information.

Research on trust in AI has identified multiple factors—–including personality traits, technology familiarity, and
propensity to trust–—as predictors of human-AI trust [29, 31]. Our findings position attachment style as another
individual difference shaping the trust, with anxiously attached users exhibiting greater trust and avoidantly attached
users exhibiting skepticism. Prior work by Mikulincer and Shaver [36] demonstrated that attachment styles influence
information processing and trust across diverse contexts including institutions and groups; our findings extend this
pattern to AI-mediated information access.

5.4 Privacy Concerns of Attachment Styles

A key finding is the extent to which attachment anxiety leaves linguistic markers in user messages—elevated affect
words, first-person pronouns, and future-focused language—as our qualitative analysis confirmed these conversations
are largely transactional in nature. This finding carries significant privacy implications.

While researchers have documented that LLMs can extract sensitive information from user inputs [26, 40] and that users
tend to disclose more sensitive information to chatbots [35], our findings demonstrate that users can reveal sensitive
psychological information without explicit disclosure; users’ lifelong relational templates can manifest even when they
are asking ChatGPT for routine tasks like homework help. The very characteristics that make extended AI dialogue
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feel natural—emotional expressiveness, self-reference, future-oriented thinking—also render users’ psychological
vulnerabilities observable to algorithmic systems.

This represents a privacy vulnerability in the era of relational AI. Traditional privacy frameworks focus on protecting
information users knowingly disclosure—names, locations, preferences [59]. But when AI systems function as relational
partners, the privacy considerations expand as human-AI relationships deepen. Service personalization has leverage
various user profiling to gather dimensions of users’ interests, goals, topics preferences[16] yet the psychological
depth accessible through conversational language was previously constrained by interaction brevity. Today, however,
ChatGPT’s capacity for multi-turn dialogues processing up to 400,000 tokens per conversation creates conditions
for potential psychological inference at unprecedented scale. Research [48] demonstrated that GPT-4 can infer 30
psychological traits from short text samples with accuracy (r = .41) exceeding human judges without any task-specific
training. Our findings suggest that attachment anxiety, specifically, is also readily legible in conversational language.

5.5 Considerations of Young Adults in Conversational AI Design

Lastly, emerging adults (ages 18–25), our study population, face heightened vulnerability on developmental grounds
independent of individual attachment patterns. This period involves identity exploration and establishment of adult
relationship patterns, with internal working models remaining relatively plastic [4, 18]. Secure human relationships
during this developmental window can gradually revise insecure working models through repeated experiences of
sensitive responsiveness [7, 8]. This raised the high-stake question whether AI relationships may serve corrective
functions—providing low-stakes spaces to practice emotional expression—or reinforce insecurity by confirming that
only non-human others are safe.

OpenAI reported up to 58% of all messages sent to ChatGPT are from users under 25 and recent surveys indicate
that 13% of U.S. adolescents and young adults use generative AI for mental health advice, with rates reaching 22%
among those aged 18–21 [11]. Combined with our finding that attachment anxiety predicts emotional engagement with
general-purpose AI, these patterns suggest the potential for conversational AI to assume relational roles for youth least
equipped to navigate these relationships adaptively.

6 Limiations

Several limitations constrain interpretation. First, our sample was comprised of heavy ChatGPT users recruited through
Prolific, introducing self-selection bias; individuals who voluntarily share conversation logs may differ systematically
from typical users. Second, while LIWC enables systematic psycholinguistic comparison, it cannot capture pragmatic
and contextual dimensions of language that transformer-based methods might detect. Third, our international sample
introduces potential confounds from language and cultural variation in attachment expression and ChatGPT experiences.
Fourth, our qualitative content analysis examined 200 conversations—a small portion of the 8,900 available—limiting
generalizability of thematic findings.

7 Conclusion

This study provides the first in-the-wild empirical evidence linking attachment styles to experiences with ChatGPT.
Attachment anxiety predicted heightened emotional engagement, greater trust, and detectable linguistic markers in
Manuscript submitted to ACM
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ChatGPT conversations. Avoidance predicted reduced trust and self-efficacy. These findings identify anxiously attached
individuals—approximately 20–25% of adults—as a vulnerable population requiring design consideration, particularly
given the novel privacy risks of linguistic footprint. As general purpose conversational AI such as ChatGPT increasingly
occupy relational roles in daily life, approaches to privacy needs to also grow more psychologically-informed to protect
relationally vulnerable users.

Generative AI Usage

Claude is trivially used for proofread issues in grammar, punctuation, phrasing, and tables.
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8 Appendix

Table 6. Top 10 LIWC Features Correlated with Attachment Dimensions in ChatGPT Conversations (𝑁𝑚𝑠𝑔 = 19, 930)

Attachment Anxiety Attachment Avoidance

LIWC-22 Features 𝑟 𝑝 𝑝FDR Sig 𝑟 𝑝 𝑝FDR Sig

Total Affect (good, love, happy) .310 .001 .035 * .052 .598 .970
Affiliation (we, our, help) .301 .002 .035 * .137 .163 .970
Negative Emotion (bad, hate, hurt) .292 .003 .035 * .068 .490 .970
I-words (I, me, my) .281 .004 .035 * −.005 .958 .979
Future Focus (will, going to, may) .280 .004 .035 * .060 .540 .970
Positive Tone (good, well, new) .275 .005 .035 * .042 .671 .970
Total Social (you, we, he) .265 .006 .041 * .028 .774 .970
Analytical Thinking −.236 .015 .087 −.033 .740 .970
We-words (we, our, us) .227 .020 .100 .082 .408 .970
You-words (you, your, yourself) .222 .023 .104 .033 .739 .970

Note. Pearson correlations between ECR-SF dimensions and LIWC-22 features extracted from participants’ ChatGPT conversation
transcripts.

*𝑝FDR < .05.
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16 Anon.

Table 7. Attachment Dimensions and Affective Language in ChatGPT Conversations (𝑁𝑚𝑠𝑔 = 19, 930)

Attachment Anxiety Attachment Avoidance

NRC VAD Dimension 𝑟 𝑝 𝑝FDR 𝑟 𝑝 𝑝FDR

Mean Valence (negative–positive) .225 .021 .065 .186 .058 .347
Mean Arousal (calm–excited) .224 .022 .065 −.036 .719 .863

Note. Pearson correlations between ECR-SF dimensions and NRC VAD Lexicon v2.1 features extracted from participants’ ChatGPT
conversation transcripts.

*𝑝FDR < .05.

Manuscript submitted to ACM


	Abstract
	1 Introduction
	2 Related Work
	2.1 Attachment Theory in Interpersonal Relationships
	2.2 Affective Relationships with Conversational Agents
	2.3 Disclosure and Computational Psycholinguistics

	3 Methodology
	3.1 Participants and Recruitment
	3.2 Measures and Data
	3.3 Methods of Analysis

	4 Results
	4.1 RQ1: How, if at all, does a person’s attachment style relate to their perceived experiences with ChatGPT?
	4.2 RQ2: How, if at all, does a person’s attachment style relate to patterns in their interactions with ChatGPT?

	5 Discussion
	5.1 Attachment Styles as they Relate to ChatGPT Experiences
	5.2 Anxiously Attached Users as a Vulnerable Population
	5.3 Trust and Conversational AI's Relational Affordances
	5.4 Privacy Concerns of Attachment Styles
	5.5 Considerations of Young Adults in Conversational AI Design

	6 Limiations
	7 Conclusion
	References
	8 Appendix

