



ATTACHMENT STYLES AND PREFERENCES FOR AI: PRACTICAL TOOL OR EMOTIONAL SUPPORT?


ABSTRACT
This study investigates how attachment styles regulate the use of Artificial Intelligence (AI) as an emotional tool. By employing a mixed method approach, 100 participants will be chosen for the survey and interview. The data for demographics, AI usage, and attachment styles are analyzed using instrumental scales such as Practical Tool Scores (PTS) and Emotional Support Scores (ESS). The results reveal that younger participants prefer the practical use of AI applications: ChatGPT and Siri. Minimum demographic influence is observed in regression analysis, which posits PTS as the major driver of AI engagement. On the contrary, females showed a slightly higher inclination towards using AI as a tool for emotional assistance. Additionally, the data analysis asserts that the utilitarian use of AI is popular, even for those who need emotional support. However, this study lacks focus on psychological factors which call for longitudinal studies to examine other factors altering AI preferences.
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INTRODUCTION
Artificial intelligence (AI) has revolutionized the interaction between digital tools and humans in this fast-paced world. The term “artificial intelligence” refers to devising machines that seek to behave at a higher intellectual capacity to solve problems that humans can (Ertel, 2024). This fact indicates that AI needs to be rapidly evolving, based on nuanced comprehension of the human brain and perception. Thus, AI can act as emotional support and companions if trained to provide for diverse needs ranging from practical applications such as productivity enhancement and retrieval of information to emotional demands such as emotional support and companionship (Huang & Rust, 2018). With the increasing interference of AI in daily life, it becomes of utmost importance to focus on the psychological factors that drive AI usage to increase mindful engagement and derive the required practical and emotional assistance.  This study is directed towards the interplay between well-established psychological frameworks behind attachment styles and AI as a practical versus emotional tool.  
To develop this research area, a deep understanding of emotional behaviours and interpersonal relationships between individuals is a necessity. As proposed by Bowlby and Ainsworth, Attachment theory states that attachment figures act as a source of comfort and stress alleviation, which leads to people seeking proximity from supportive individuals (Cherniak et al., 2021). This further categorizes the attachment styles into anxious-preoccupied, fearful-avoidant, secure, merging, and dismissive-ambivalent. These styles modulate the interaction of individuals with technology and help them to form a bond with it that yields intimacy management and stress response; for instance, anxious attachment styles reduce emotional engagement and reliance on AI systems (Gillath et al., 2021). This reflects variations between individual preferences. Therefore, to strike a balance between functionality and emotional regulation, the emotional and practical uses of AI need to be explored in terms of different attachment styles in individuals. At present, a plethora of existing literature exists on the accessibility, usability, and ethical dimensions of AI. However, fewer scholarly articles are available on emotional attachments related to dependability on technology, especially the psychological factors behind AI. This identified gap is relevant, considering the dual character of AI. Therefore, it is vital to explore the potential challenges linked to unjustified reliance on technological advancements for personal benefits to facilitate increased user engagement while accommodating the diverse requirements of users.
2. METHODOLOGY
A mixed-method approach has been used in this study to establish the relationship between personal preferences for using AI and various attachment styles, whereby AI can be used as either a practical tool or an emotional support system. Convenience sampling was used to recruit the research participants via online platforms for conducting the survey and interview. The applied inclusion criteria comprised individuals above 18 years of age and those with the experience of using AI in the last 6 months. To ensure robust quantitative analysis, a sample size of (n= 100) was considered, and 3 participants were interviewed for obtaining adequate qualitative insights. The data regarding demography, including gender, educational background, age, occupation, and frequency of AI usage, was collected. Based on this, a structured questionnaire was designed, including questions on the attachment styles of participants by using an inventory of validated attachment styles. Seven items were selected as questions for the assessment of AI as a practical tool. Simultaneously, ten items as emotional support resources were included with a rating on a Likert Scale. The data collection adhered to all the ethical guidelines and was performed anonymously to protect the privacy of the participants. The quantitative data was analyzed using the SPSS software to perform descriptive, regression and correlational statistics analysis. The scores from two of the preference scales were considered dependent variables, while attachment styles were considered independent variables. For the qualitative analysis, the themes were coded, and patterns were identified based on the commonness of the data. In all, the mixed method research design contributed to a critical understanding of how attachment styles impact preferences for AI interaction.
3. Results and Findings
4.1 Demographic Characteristics
As per Table 1, participants are distributed across all age groups from 18 to 64 years, whereas the number of participants older than 65 years is very low. The male participants are marginally higher in number than female participants. Cumulatively, around 73% of participants have some college, a Bachelor’s or Master’s Degree, indicating a highly educated population. Around 32% are students, 34.72% are part-time employees, and 19.44% are full-time employees. 
Table 1: Sample Characteristics
	 
	 
	Count
	 N %

	Age
	Under 18
	20
	13.89%

	
	18-24
	25
	17.36%

	
	25-34
	28
	19.44%

	
	35-44
	19
	13.19%

	
	45-54
	27
	18.75%

	
	55-64
	20
	13.89%

	
	65 or older
	5
	3.47%

	Gender
	Male
	69
	47.92%

	
	Female
	57
	39.58%

	
	Non-binary/Third gender
	6
	4.17%

	 
	Prefer not to say
	12
	8.33%

	Education
	High school or less
	24
	16.67%

	
	Some college/Associate degree
	32
	22.22%

	
	Bachelor's degree
	35
	24.31%

	
	Master's degree
	38
	26.39%

	
	Doctorate/Ph.D.
	10
	6.94%

	
	Other
	5
	3.47%

	Occupation
	Student
	46
	31.94%

	
	Unemployed
	6
	4.17%

	
	Employed (Part-time)
	50
	34.72%

	
	Employed (Full-time)
	28
	19.44%

	
	Self-employed
	10
	6.94%

	 
	Retired
	4
	2.78%



4.3 Descriptive Analysis of AI Usage Behavior and Correlation
As per Table 2, Chat-GPT (30.56%) and Siri (30.56%) are the first-priority AI tools for most of the participants. Google Gemini (33.33%) and Chat GPT (37.5%) are second-priority AI tools for most of the participants. Most of the participants use Microsoft Co-pilot (43.06%) and Meta AI (27.78%) as the third-priority AI tool. 
Table 2: Most Used AI Tools by Participants
	 
	AI Tool 1
	AI Tool 2
	AI Tool 3

	 
	Count
	N %
	Count
	N %
	Count
	N %

	Alexa
	26
	18.06%
	4
	2.78%
	0
	0.00%

	Siri
	44
	30.56%
	8
	5.56%
	0
	0.00%

	Chat-GPT
	44
	30.56%
	54
	37.50%
	6
	4.17%

	Google Gemini
	26
	18.06%
	48
	33.33%
	32
	22.22%

	Microsoft Co-pilot
	4
	2.78%
	26
	18.06%
	62
	43.06%

	Meta AI
	0
	0.00%
	4
	2.78%
	40
	27.78%

	Other
	0
	0.00%
	0
	0.00%
	4
	2.78%



As per Table 3, information and knowledge retrieval is the first (36.81%) or second purpose (34.72%) of using AI for most of the participants. Work or Study assistance is also the first (31.94%) and second (34.03%) purpose for most of the participants. Emotional support is the third (21.53%) or fourth (27.08%) purpose, and Entertainment or leisure is also the third (29.17%) or fourth (22.92%) purpose of using AI. 
Table 3: Purpose of Using AI Tools by Participants
	 
	Purpose 1
	Purpose 2
	Purpose 3
	Purpose 4
	Purpose 5

	 
	N
	%
	N
	%
	N
	%
	N
	%
	N
	%

	Information and knowledge retrieval
	53
	36.81%
	50
	34.72%
	24
	16.67%
	21
	14.58%
	42
	29.17%

	Work/Study assistance
	46
	31.94%
	49
	34.03%
	21
	14.58%
	24
	16.67%
	57
	39.58%

	Emotional support
	12
	8.33%
	15
	10.42%
	31
	21.53%
	39
	27.08%
	14
	9.72%

	Entertainment or leisure
	14
	9.72%
	13
	9.03%
	42
	29.17%
	33
	22.92%
	9
	6.25%

	Other
	19
	13.19%
	17
	11.81%
	26
	18.06%
	27
	18.75%
	22
	15.28%



After developing the Practical Tool Score (PTS) and Emotional Support Score (ESS) for AI tool use by summing up the responses of respective underlying questions or items, the descriptive analysis has been done (Table 4) for comparison. It has been found that ESS (23.06 ± 6.269) is statistically significantly different than PTS (29.67 ± 6.449), and ESS is statistically significantly larger than PTS. Table 2 shows that 29.17% of the participants scored high in PTS, whereas only 11.11% scored high in ESS. From the non-parametric Wilcoxon Signed Rank test, it can be found that there is a significant difference between the distribution of ESS level and PTS level (Z = -4.499, p < 0.05), whereas the distribution indicates that PSS is higher within the participants than ESS. Therefore, AI tools are utilized statistically significantly more as Practical Tools rather than Emotional Support. 
Table 4: Descriptive Statistics and Comparison of Practical Tool Score and Emotional Support Score
	 
	PTS
	ESS

	Mean
	23.06
	29.67

	SD
	6.269
	6.449

	Min
	9
	14

	Max
	35
	44

	Q1(25%)
	20
	26.25

	Median
	23
	29

	Q3(75%)
	27
	34

	T-test (paired sample)
	t-stat(df)
	P-value

	ESS - PTS
	-13.098 (143)
	0.000

	 
	PTS Level
	ESS Level

	Low
	24(16.67%)
	34(23.61%)

	Moderate
	78(54.17%)
	94(65.28%)

	High
	42(29.17%)
	16(11.11%)

	Wilcoxon Signed Rank
	Z
	P-value

	ESS Level-PTS Level
	-4.499
	0.000



As per Table 5, AI usage frequency is negatively associated with age (r = -0.52, p < 0.05), indicating that younger participants have higher AI usage. The lower age is also statistically significantly associated with higher PTS (r = -0.21, p < 0.05), which indicates younger people are more likely to use AI as a Practical tool. Gender Female is statistically significantly negatively associated with Practical Tool Score (r = -0.273, p < 0.05) and positively associated with Emotional Support Score (r = 0.182, p < 0.05). It signifies that the female population is more prone to use AI as an Emotional Support tool and is less prone to use AU as a Practical Tool. However, having higher PTS is statistically significantly associated with having higher ESS (r = 0.547). Higher AI usage frequency is associated with having higher PTS (r = 0.336) and higher ESS (r = 266). Gender Female is negatively associated with having high PTS (r = -0.273) whereas positively associated with having higher ESS (r = 0.182). Higher education is positively associated with higher AI usage (r = 0.362) and high PTS (r = 0.677). 
Table 5: Correlation Results of PTS and ESS and Demographic Background
	 
	 
	1
	2
	3
	4
	5
	6
	7

	1
	Age
	1
	-0.113
	0.149
	-0.05
	-0.52*
	-0.21*
	-0.01

	2
	Gender (Female)
	-0.113
	1
	0.001
	0.043
	0.019
	-0.273*
	.182*

	3
	Education
	0.149
	0.001
	1
	0.109
	0.362*
	0.677**
	0.105

	4
	Occupation
	-0.053
	0.043
	0.109
	1
	0.133
	0.097
	0.13

	5
	AI Usage Frequency
	-0.52*
	0.019
	0.362*
	0.133
	1
	.336**
	.266**

	6
	PTS
	-0.21*
	-0.273*
	0.677**
	0.097
	.336**
	1
	.547**

	7
	ESS
	-0.014
	.182*
	0.105
	0.13
	.266**
	.547**
	1

	
	* Correlation is significant at the 0.05 level (2-tailed).

	
	** Correlation is significant at the 0.01 level (2-tailed).



4.4 Effect of AI Usage Purpose on AI Usage Frequency
In the following Table 6, a hierarchal regression result is presented where Model 1 includes the demographic variables and Model 2 includes the PTS and ESS behavioural variables as well. Considering the correlation of demographic variables with AI usage-related behavioural variables, in the following models, the demographic variables are included as control variables. 
Table 6: Regression Results to Predict the Effect of AI Usage Purpose on AI Usage Frequency
	 DV: AI Usage Frequency
	Model 1
	Model 2

	
	B [95% CI]
	Beta
	p-value
	B [95% CI]
	Beta
	p-value

	(Constant)
	2.849 [2.037, 3.661]
	 
	0.000
	1.121 [-0.006, 2.248]
	 
	0.051

	Age
	-0.025 [-0.141, 0.09]
	-0.037
	0.666
	-0.002 [-0.112, 0.109]
	-0.002
	0.978

	Gender_F
	0.012 [-0.213, 0.237]
	0.009
	0.913
	0.02 [-0.202, 0.242]
	0.015
	0.861

	Education
	-0.041 [-0.193, 0.111]
	-0.046
	0.595
	-0.069 [-0.214, 0.076]
	-0.077
	0.347

	Occupation
	0.115 [-0.027, 0.257]
	0.135
	0.112
	0.085 [-0.051, 0.22]
	0.100
	0.218

	PTS
	
	
	
	0.052 [0.015, 0.089]
	0.272
	0.006

	ESS
	 
	 
	 
	0.020 [-0.016, 0.057]
	0.109
	0.273

	R-square
	0.022
	
	
	0.137
	
	

	R-square Change
	0.022
	
	0.545
	0.115
	
	0.000

	F-stat
	0.772
	
	0.545
	3.619
	
	0.002

	MSE
	1.435
	 
	 
	1.435
	 
	 



As per the findings in Model 2 of Table 6, there is no effect of the demographic background of the participants on the frequency of AI tool usage. Model 2, while controlling the effect of demographic factors, can predict 13.7% variability of AI usage. The model is also statistically significant (F = 3.619, p < 0.05) in predicting the frequency of AI usage. In Model 2, PTS (β = 0.272, p < 0.05) has a significant positive effect on the frequency of AI usage, whereas ESS has no direct and independent effect on the frequency of AI usage. It indicates that utilizing AI as a practical tool significantly increases the usage frequency of AI, whereas utilizing AI as an emotional support tool does not affect the variation of the frequency of AI usage.

Figure 1: P-P Plot (Left) and Scatter Plot (Right) of Regression Model 2
[image: ][image: ]
As per the P-P plot of Figure 1, most of the residuals are situated on the expected normal line, which indicates that the residuals are distributed normally. The residual vs predicted scatter plot of Figure 1 shows that the distribution of points is almost homogeneous without having a funnel stricture. Therefore, there is a very low risk of having heteroscedastic. It indicates that model 2 is valid, reliable and adequately robust. 

4. Discussion
This study discusses the relationship between preferences for AI functionalities and attachment styles centered around individuals seeking AI assistance for emotional support. As previously hypothesised, it was forecasted that securely attached individuals are more likely to strike a balance between both functions, whereas anxious-preoccupied individuals mostly draw emotional support from AI. In contrast, avoidant fearful individuals remain confused about using AI as an emotional tool, whereas dismissive avoidant individuals use AI instrumentally.  Approaching the demographic characteristics of this study demonstrated in Table 1, the sample was comprised of a broad age range (18-64  yrs), with a strikingly low representation of participants above 65 yrs. This is validated by the negative correlation between age and overall AI usage frequency (r = –0.52, p < 0.05), as well as PTS (r = –0.21, p < 0.05), which is justified by the generational theory. According to a study by Vitezić and Perić (2021), younger individuals experiencing early exposure to technologically advanced tools are more prone to their efficient use and seamless integration into daily lives. The study indicates that the sample is both young and academically sound, given that 73% of the participants (slightly higher representation of males) have received college education or higher degrees. This indicates that the adoption of AI as an emotional tool is dependent on the educational background of the users, whereby higher educational levels promote better digital literacy. Hu (2022)  validates this by highlighting the gradual increase in AI acceptance among higher education teachers, as AI scopes for better conceptual understanding among young students. This enables users to brainstorm prompts and maximally utilize such tools compared to those who have weaker educational backgrounds. Moreover, the high incidence quotient of practical tool usage (PTU) over emotional support usage (ESS) implies that AI is preferred more in driving academic and professional setups rather than being used as an emotional supplement. For instance, highly educated individuals plagued with social anxiety, as in an anxious-preoccupied attachment style, would prefer to use an automated self-service technology rather than revealing personal details to an unfamiliar individual (Hsieh & Oh, 2024). However, the possibility for potential bias increases as performance metrics and task efficiency used in academic/professional microenvironments fail to emote emotional connection or satisfy the wide spectrum of human needs. 
Though a near-equal gender distribution is followed, a slight male dominance indicates that social nuances of gender have a significant influence on this narrative. For instance, Huang et al. (2025) suggest that gendered socialization influences the perception of AI within different genders. From the findings, the male bias indicates that women who prioritize relational aspects within the contextual functions of AI might feel that AI is incapable of solving psychological challenges due to a lack of adequate emotional depth. In this context, attachment styles probably intersect with gender influence, though the dataset does not directly measure scores for attachment styles. For example, individuals exhibiting fearful-avoidant attachment respond by primarily avoiding external stimuli rather than being anxious about them (Dan et al., 2020).  This statement makes it clear that these women are more designated towards utilitarian use of AI,  despite the requirement of latent need for emotional assistance. This dichotomy suggests additional investigation into how attachment and gender collaboratively determine AI usage habits.  
The findings further revealed in Table 2 and Table 3 indicate that Siri and Chat-GPT are the most preferred options among the participants, while Google Gemini,  Microsoft Co-pilot, and Meta AI are the next predominant choices. This line of preference indicates that these platforms induce engagement driven by practicality and utility. The consistent visibility of Chat-GPT in the market and Siri's long-term effectiveness in the daily lives of users renders the tools as the most preferred AI tools. This fact is supported by Io and Lee (2019), who state that familiar AI tools that are well integrated into daily life applications have higher adoption rates among participants. This suggests an overreliance on AI in the case of anxious-preoccupied individuals, who try to seek constant validation from AI, forming an unhealthy emotional dependence. In analysis, individuals with secure attachment styles or avoidant dismissive attachment styles may show greater AI adoption in an attempt to avoid genuine emotional closeness and ease out daily lives instead. Thus, user preferences regulate the popularity of AI tools among participants. Moreover, the perception of AI functionalities is guided by the extent of enhancement of productivity in users (Chatterjee et al., 2021). From a cost-benefit dynamics perspective, AI remains incapable of quantifying the intangible benefits of efficient task management and impactful retrieval of information (Domínguez Gil et al., 2024). This makes the benefits of emotional support even more ambiguous. This compels users to conduct an internal cost-benefit analysis that directly promotes practical utility by immediate advantages such as reduction of cognitive load, time-saving, cost-effectiveness and so on. The findings also indicate that individuals might choose the utilitarian path, while individuals with attachment styles intending to receive emotional support show adaptive behavior. For instance, the practicality of AI surpasses its ability to provide emotional reassurance, particularly during data processing or instant problem-solving. This supports the idea that functional outcomes for AI tools are better than fostering emotional connectedness with the participants.  
11.11% of the participants scored high on ESS,  versus 29.17% of the participants scoring high on PTS. This implies higher instrumental dominance of PTS, particularly for participants who need emotional support. The above-mentioned observation contrasts the idea that a higher score for ESS can be attributed to the relational needs in anxious-preoccupied attachment. However, task-based AI can be a much reliable driver of engagement, given the timeliness and clarity of its benefits (Dippold, 2022). Moreover, the lower scores for ESS indicate the challenges in the operationalization of emotional support. For instance, individuals who theoretically value emotional support face utilitarian bias in modern-day AI tools, as they specifically lack authentic emotional empathy. Meanwhile, PTS acts as a significant predictor, which can be attributed to comparatively modest values of R-square. Hence, this study implies that a large portion of the AI variance remains under scrutiny. This suggests that technological readiness, situational stress factors, and personality traits might play a pivotal role in modulating usage patterns. Overall, emotional support is a multifaceted domain, depending on perceived authenticity, empathy, and responsiveness, which suggests that an individual's attachment style might act as a moderator between overall AI usage and ESS.
5. Conclusion
This study explored the relationship between AI usage preferences and attachment styles, highlighting the inclination of participants towards using AI as a functional tool rather than emotional support. The sample consisting of younger, highly educated participants reveals ChatGPT and Siri to be highly preferred. This is indicated by high Practical Tool Scores (PTS) in comparison to Emotional Support Scores (ESS). Females exhibit a modestly higher inclination towards emotional support, while young male users prefer task-oriented solutions. Subsequently, hierarchical regression analysis reveals PTS to be the primary AI engagement driver, with demographic factors exercising minimum independent effect. Overall, individuals vulnerable to emotional assistance tend to adopt a utilitarian approach in accepting technological concepts, despite indirect assessment of attachment styles. Though this study focuses on the current assessment of ESS via established scales, it lacks an in-depth analysis of the psychological responses necessary to evaluate the experience of AI usage among participants diagnosed with various attachment styles. In conclusion, this study lacks a holistic approach that can potentially bridge the gap between emotional engagement and functionality between users. In the future, a mixed method could be conducted to evaluate the temporal evolution of preferences of participants for AI and investigate the psychological constructs behind these contextual moderators. Longitudinal studies could be conducted further to capture the dynamics of shifting user expectations and emerging AI competence. Further research demands the integration of interaction effects within the existing study to analyze the interdependence between the predictors.
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