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A validity and reliability study of the artificial
intelligence attitude scale (AIAS-4) and its
relationship with social media addiction

and eating behaviors in Turkish adults
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Abstract

Background In recent years, there has been a rapid increase in the use of the internet and social media. Billions

of people worldwide use social media and spend an average of 2.2 h a day on these platforms. At the same time,
artificial intelligence (Al) applications have become widespread in many fields, such as health, education, and finance.
While Al has the potential to monitor eating behaviors and provide personalized health support, excessive use of
social media and Al can lead to negative effects. These include addiction and reduced quality of life. It is important to
examine the attitude toward Al and its relationship with social media addiction, eating behavior, and life satisfaction.
Research on the connection between Al attitudes and eating habits is lacking, which emphasizes the necessity of
validating AIAS-4 in Turkish in order to ensure its efficacy in this context. The first stage of the study aimed to adapt
Grassini's (2023) Artificial Intelligence Attitude Scale (AIAS-4) into Turkish and assess its validity and reliability. In the
second stage, it was aimed to examine the relationship between artificial intelligence attitude and social media
addiction, eating behavior, and life satisfaction.

Methods This study cross-sectional and methodological study was conducted in two stages in Turkiye. 172 adult
individuals underwent a validity and reliability study in the first stage (43% of them were men and 57% were women),
which involved adapting the AIAS-4 into Turkish. In the second stage, the relationships between artificial intelligence
attitude, social media addiction, eating behavior, and life satisfaction of 510 individuals were evaluated with an
average age of 24.88+7.05 years (30.8% male, 69.2% female). Using the snowball sampling technique, the survey
was carried out on adults by reaching out to staff and their families from both universities (Gazi University and Tokat
Gaziosmanpasa University) as well as students and their relatives. A face-to-face survey approach (delivered by an
interviewer) was used for the study. In this study, the Social Media Addiction Scale-Adult Form(SMAS-AF) was used to
assess social media addiction, the Scale of Effects of Social Media on Eating Behavior (SESMEB) was used to measure
the impact of social media on eating behavior, the Contentment with Life Assessment Scale was used to evaluate

life satisfaction, and the Eating Disorder Examination Questionnaire (EDE-Q total) was used to assess eating disorder
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symptoms. Pearson Correlation and Spearman Correlation according to normality and Linear regression analysis were
used to analyse variables.

Results AIAS-4 was a valid and reliable instrument in this study conducted in Turkiye (Cronbach’s alpha=0.90 and
McDonald's omega=0.89). Individuals spend an average of 3.7+ 1.99 h per day on social media. All participants used
WhatsApp, while 89.8% used Instagram. A negative correlation was found between AIAS and EDE-Q total, (r=-0.119
p<0.05). BMI correlated positively with EDE-Q total (r=0.391, p <0.01). Higher AIAS scores were associated with
increased time spent on social media (r=0.129, p <0.001). Conversely, higher AIAS scores were associated with lower
EDE-Q total scores (r=-0.119, p<0.001). SESMEB correlated positively with EDE-Q total (r=0.169; p <0.001). The model
showed that BMI (3=0.311; p<0.001), AIAS (3 =-0.157, p=0.005), SMAS-AF (3=0.036; p=0.002) and SESMEB (3=0.022;
p=0.038) affected EDE-Q total (p <0.001 R?=0.198).

Conclusion This study revealed that the Artificial Intelligence Attitude Scale (AIAS) is valid and reliable for Turkish
adults. The results show that BMI, social media addiction have positive, and Al attitude has negative impact on eating
behaviors. These findings emphasize the importance of multidisciplinary approaches and awareness programs in the

prevention and management of eating disorders.
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Introduction

The widespread use of the internet in recent years has
become a part of life, from shopping to information
sharing, from the frequent use of search engines to the
use of social media and artificial intelligence [1]. Artifi-
cial Intelligence (AI) applications, which have become
as widespread in recent years as the use of social media,
have started to be used in many areas of modern society,
including health, transportation, finance, and education
[2]. Al often means a computerized system (hardware or
software) capable of conducting physical tasks and cog-
nitive functions, resolving numerous issues, or making
decisions autonomously, without direct human guidance
[3]. These technologies have undoubtedly made our lives
easier and more efficient by bringing convenience, con-
nectivity, and speed. A quick tap on a screen enables us
to effortlessly access information, engage with others,
and perform many tasks. Social media platforms have
transformed our interactions and information shar-
ing, enhancing global connectivity and fostering societal
development [1].

In addition, Al tools have automated many processes,
facilitated workflow in many sectors such as health
and education [4, 5], and increased productivity [1]. It
is thought to contribute positively to improving eat-
ing behavior, quality of life, and health when Al is used
consciously. For instance, utilizing AI, clinicians and
researchers can assess individuals’ progress across vari-
ous mental health (triggering experiences mood, eating
disorder symptoms) and physical (sleep, heart rate, activ-
ity level) and) fields through smartphones, enabling real-
time tracking of each individual’s risk for eating disorders
and utilizing personal data to enhance health outcomes
[6]. Evaluations on artificial intelligence and eating behav-
ior have increased in the last decade. In addition to clini-
cal applications, Al can help tackle challenges commonly

encountered in Eating Disorder (ED) research, which will
promote the improvement of overall knowledge acqui-
sition and dissemination [7]. Individuals with a more
favorable perspective on artificial intelligence (AI) may
be more inclined to utilize Al-based health interventions,
including personalized diet plans and monitoring sys-
tems. These tools offer evidence-based guidance, which
may enhance dietary choices and foster healthier eating
behaviors [8]. Al attitude with usage of AI may help indi-
viduals ecognizing and addressing symptoms of eating
disorders, providing early intervention, and encouraging
healthier eating habits [7]. If accurate and generalizable
Al applications can be established in the field of eating
disorders in the coming years, it is thought that this may
improve the way eating disorders are identified, pre-
vented, and treated [9].

Although it is thought that the use of social media and
Al is beneficial for the desired information, product,
socialization, and scientific development, it is reported
that excessive and unconscious use may cause addiction
and may also negatively affect the quality of life [6, 10].
Social media addiction can be seen as a form of internet
addiction in which individuals exhibit the urge to overuse
social media. Individuals with social media addiction are
usually overly interested in social media and are driven
by an uncontrollable urge to log on and use social media
[11]. Social media addiction may promote eating behav-
ior disorders, disturbances in body perception, quality
of life, and sedentary life in individuals [10, 12]. Social
pressures about body weight, body image, facial features,
fashion, self-esteem, and socio-economic comparisons
on social media platforms can adversely impact wellness
[10, 13]. Although social media provides positive contri-
butions in areas such as communication and information
sharing [14], the presence of inaccurate nutrition infor-
mation not based on evidence on social media platforms
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may be associated with individuals adopting incorrect
eating behaviors or nutrition models [15]. Similarly,
although the positive effects of Al applications are con-
sidered [6, 7, 9], it has been reported that information on
nutrition in artificial intelligence applications needs to be
improved [16]. Nutrition recommendations especially for
individuals with chronic diseases (such as chronic kidney
failure) may be misleading [17]. Advanced applications
that will enable individual assessment in the future may
contribute to this context.

Prolonged social media engagement can lead to low self
esteem [18]. It may contribute to feelings of loneliness,
anxiety, or depression, which directly impact life satis-
faction. The constant stream of idealized content and the
pursuit of social validation may reduce overall life satis-
faction [19].

Positive Al perceptions may help people take advan-
tage of its useful uses, including tailored health monitor-
ing or enhanced wellness initiatives, which can enhance
their quality of life and general well-being [20]. Because
Al promotes healthy lifestyles such as physical activity
and healthy diet, smoking cessation [21], it may encour-
age healthier habits, detect health problems early, and
increase life satisfaction.

Social media use may affect individuals’ perceptions
of artificial intelligence technology. The number of stud-
ies examining this relationship is limited [22]. Individu-
als with positive attitudes towards artificial intelligence
(AI) may be able to mitigate the negative effects of social
media on their eating behaviors by utilizing Al-based
health tools. Conversely, individuals with negative atti-
tudes towards AI may rely on social media for dietary
advice, which could potentially exacerbate unhealthy eat-
ing patterns.

Al tools may have the potential to counteract the det-
rimental effects of social media by providing more accu-
rate, personalized, and health-oriented information [23].
This information may influence individuals to make
informed dietary choices, even in the face of social media
pressures.

Nowadays, there are scales in the literature evaluating
the attitude toward artificial intelligence, and the Turk-
ish validity and reliability of these scales have been con-
ducted [24-26]. While one of these scales determines
not only attitude but also knowledge, awareness, attitude,
and anxiety levels towards artificial intelligence [26], the
other scale includes questions about general attitude,
including 20 items [24, 25]. However, the scale developed
by Grassini [27] in 2023 includes 4 items. The AIAS-4
scale offers a concise yet effective measure of individuals’
attitudes toward artificial intelligence, making it particu-
larly useful for studies requiring efficient data collection.

The other scales, which have been validated and reliable
in Turkish, have different contexts in terms of practicality
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and in terms of measuring the general attitude towards
artificial intelligence. For example, GAIAS will be both
time-consuming and impractical in studies with large
samples. In addition to reflecting the general attitude, it
includes emotions such as fear and anxiety about arti-
ficial intelligence [24, 25]. Validation a reliable and a
practical scale for assessing Al attitudes would facilitate
research and practice in comprehending and address-
ing public perceptions of artificial intelligence. This scale
differs from other scales due to its short and practical
features. It is thought that a scale that will quickly evalu-
ate the attitude towards the use of artificial intelligence,
which has been popular recently, will contribute to the
literature.

Accordingly, this study primarily aims to establish the
Turkish validity and reliability of the Al attitude scale.
Secondarily, it aimed to investigate the relationship
between artificial intelligence attitude and social media
addiction, eating behavior, and life satisfaction. This
study consists of two-step processes. For the 1st step of
the study Turkish validity and reliability of AIAS-4 were
conducted. For the 2nd step of the study, the relationship
between Al attitude and social media addiction, eating
behavior, and life satisfaction was examined.

Methods

Participants

This study consists of 2 phases (Fig. 1). In step 1 of the
study, the adaptation of AIAS-4 into Turkish and its
validity and reliability were conducted with 172 adult
individuals. Validity and reliability studies have reported
that the sample size should be 5-10 times the number of
scale items [28]. The scale used in this study consists of 4
items; therefore, we aimed to reach at least 20-40 indi-
viduals for conducting the study. A total of 172 adults
aged between 18 and 64 years, males (43%) and females
(57%), participated in this study. In step 2 of the study,
the relationship between artificial intelligence attitude,
social media addiction, dietary habits and life satisfaction
of 510 different individuals was evaluated. Based on the
efect size|p|=0.20, a =0.05, 1-f = 0.80, the sample size was
calculated 312. Considering the data loss, the sample was
increased by 20% and the study was required 377 indi-
viduals [29].

For the first stage of the study, data collection took
place between February and March 2024, and for the sec-
ond stage, it was conducted between April and June 2024.
This cross-sectional study was conducted with volunteer
individuals between the ages of 18—64 using the snowball
sampling method. For the sample of the study, announce-
ments were made on social media (Facebook, Twitter and
Instagram) and recruitment of participants was provided.
The study was conducted on adult individuals by reach-
ing students and their relatives, as well as employees and
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STEP 1

STEP 2

Fig. 1 Stages of work

(BMI: Body mass index; AIAS: Artificial Intelligence Attitude Scale SMA S-AF: Social media addiction scale-adult form; EDE-Q: The Eating Disorder Examina-
tion Questionnaire; CLAS: Contentment With Life Scale; SESMEB: Social Media on Eating Behavior)

their relatives, from both universities using the snow-
ball sampling method. The study was conducted using a
face-to-face survey method (interviewer-administered).
Individuals with eating disorders and psychiatric disor-
ders were not included in the study (self-reported health
history). The questionnaire included sociodemographic
data such as age, gender, socioeconomic status, educa-
tion, marriage, height, and body weight, and scales of the
artificial intelligence attitude scale, social media addic-
tion scale (adult form), the scale of effects of social media
on eating behavior, contentment with life scale, eating
disorder examination questionnaire (EDE-Q-13). The
questionnaire form consists of a total of 97 questions,
including 19 sociodemographic questions and 78 scale
questions. In this study, approximately 726 people were
applied for a questionnaire and 98 people were excluded
from the study because they were diagnosed with psy-
chiatric illness and 58 people were diagnosed with eating
disorders. In addition, 60 people were excluded from the
study because they did not complete the study question-
naire, and a total of 510 people were included.

Artificial intelligence attitude scale (AIAS-4 scale)

The scale is a short self-report instrument designed to
assess public perceptions of AI technology. The scale
was developed and validated by Grassini (Cronbach’s
alpha=0.830) [27]. The scale is one-dimensional and

consists of 4 questions. Participants rated their agree-
ment with each item using a 10-point Likert scale
(1=Not at all, 10=Completely Agree). All item scores
are averaged for the total score. The higher the score,
the more positive attitude and higher level of acceptance
individuals will have towards AI technology.

Turkish adaptation of artificial intelligence attitude scale
(AIAS-4 scale)

To adapt the Artificial Intelligence Attitude Scale into
Turkish, permission was obtained from the researchers
who developed the test via e-mail. The translation of the
scale was done according to the guide created by Beaton
[30]. The original English version of the questionnaire
was translated into Turkish by two independent transla-
tors who were fluent in both Turkish and English. One of
the translators was an individual with a medical or clini-
cal background and the other was an individual without
a medical or clinical background. The translations of the
two translators were evaluated and a single form was
created according to Turkish culture. This final Turkish
version of the questionnaire was translated into English
and compared with the original version by two native
English speakers who were also fluent in Turkish. A team
of translators and researchers (a dietician, a native lan-
guage professional and a translator) finalized the Turk-
ish version. To investigate the test-retest reliability, 30
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participants were evaluated. The test-retest method to
determine the invariance of the questionnaire over time
was applied to the participants at 15-day intervals.

Body mass index

The body weight and height were obtained from partici-
pants. Body mass index (BMI) was calculated as weight
(kg)/height (m?), and subjects were classified according
to WHO classification [31]. The obtained BMI values
were classified as underweight (<18.5 kg/m?), normal
(18.5-24.99 kg/m?), overweight (25-29.99 kg/m?), and
obesity (>30 kg/m?).

Social media addiction Scale- adult form (SMAS-AF)

It was developed by Sahin and Yagc1 (2017) [32] to deter-
mine the social media addiction levels of adults aged
18-65. It was determined that the SMBI-SF has a five-
point Likert-type structure (each of the items is scaled
as Not at all suitable for me-1, Not suitable for me-2,
Undecided-3, Suitable for me-4, Very suitable for me-5),
2 sub-dimensions (virtual tolerance and virtual com-
munication) and 20 descriptions. The virtual tolerance
sub-dimension consists of items 1-11 and virtual com-
munication consists of items 12-20. Items 5 and 11 are
reverse-scored. Cronbach alpha («) internal consistency
coefficient for the overall scale is 0.94. In this study, it was
found to be 0.84. The analyses revealed that the SMBS-SF
is a valid and reliable scale for determining adults’ social
media addiction. The highest score that can be obtained
from the scale is 100 and the lowest score is 20. A higher
score indicates that the individual perceives himself/her-
self as a “social media addict” Scoring is categorized as
no addiction between 20 and 35, low addiction between
36 and 41, medium addiction between 42 and 57, high
addiction between 58 and 73, and very high addiction
between 74 and 100.

The scale of effects of social media on eating behavior
(SESMEB)

SESMEB, comprising one subscale and eighteen items,
is assessed using a five-point Likert scale. Each item is
assessed as follows: ‘always’ receives five points, ‘often’
four points, ‘occasionally’ three points, ‘seldom’ two
points, and ‘never’ one point. No reverse-coded material
exists. The overall score can be computed, as indicated
in the item analysis section. The overall score can range
from a minimum of eighteen to a maximum of ninety
points on the SESMEB scale. A higher scale score is asso-
ciated with a greater effect of social media on the individ-
uals’ eating behaviors(Cronbach a=0.92) [33] Cronbach
a in this study has been found 0.88.
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Contentment with life assessment scale (CLAS)

The Life Assessment Scale was used to evaluate life sat-
isfaction developed by Lavallee et al. [34] in 2007 and its
Turkish validity and reliability study was conducted by
Akin and Yalniz [35] (Cronbach a=0.73). In this study,
Cronbach a=0.72. The scale consists of five one-dimen-
sional items and has a 7-point Likert-type rating (Strongly
Disagree=1, Disagree=2, Sometimes Disagree=3,
Undecided =4, Sometimes Agree=5, Agree =6, Strongly
Agree=7). Items three and four are reverse-scored. High
scores indicate a high level of life satisfaction.

Eating disorder examination questionnaire (EDE-Q-13)
This scale was developed by Lev Ari [36] to be used in
identifying eating disorder symptoms. The validity and
reliability of the Turkish scale in adult participants were
examined by Esin et al. [37]. According to this study, the
Turkish version of the original EDE-Q-13 total score had
a Cronbach’s a value of 0.89. In the present study, it has
been found that Cronbach’s a=0.90. The overall score of
each item on the entire scale as well as each sub-dimen-
sion of the scale is used to evaluate the EDE-Q-13 scor-
ing. To calculate the score, the total score is divided by
the number of sub-dimensions, and sub-dimension
scores are divided by the number of items. A higher score
denotes a higher degree of psychopathology connected to
eating.

Statistical analysis

The data obtained in this study were analyzed using the
SPSS (Statistical Package for the Social Sciences) for
Windows 29.0 program. Descriptive statistical methods
were used for data analysis. To determine the normal-
ity of the distribution of the data, Skewness and Kurtosis
Tests and Z-values were used. A p-value smaller than 0.05
was considered statistically significant. “Pearson” cor-
relation coefficient was used for the relationships of two
quantitative data with normal distribution; “Spearman”
correlation coefficient was used when at least one of the
two quantitative data did not show normal distribution.
A linear regression model (Enter) was used to predict
the EDE-Q total by using independent variables such as
BMI, AIAS-4, SMAS-AF and SESMEB. To make sure the
assumptions of normality, linearity, multicollinearity, and
homoscedasticity were not damaged, preliminary tests
were performed before beginning all of the basic linear
regression analyses. Each of these variables was selected
for inclusion based on their relevance to the study’s aims.
SESMEB is included due to its potential influence on
individuals’ nutrition behaviors and eating habits. BMI is
considered because it is a key indicator of physical health
and is often associated with eating behaviors. AIAS is
included to examine the impact of attitudes toward artifi-
cial intelligence on nutrition-related decisions. SMAS-AF
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was chosen to assess the role of social media addiction
in influencing eating behaviors. Finally, the EDE-Q total
score is used as the dependent variable to measure the
severity of eating-related concerns, as it captures a range
of disordered eating behaviors.

The reliability and internal consistency of the Turkish
version AIAS-4 were assessed using Cronbach’s alpha
and McDonald’s omega coefficients with values above
0.60 and 0.70 indicating acceptable and good fits, respec-
tively [28]. To assess reliability and construct validity of
the adapted scale Explanatory Factor Analysis (EFA)
and Confirmatory Factor Analysis (CFA) were per-
formed. AMOS28 software was used to perform CFA
in this study. Within the scope of CFA, several param-
eters were examined: Kaiser-Meyer-Olkin (KMO) value
and multiple fit indices, including Root Mean Square
Error of Approximation (RMSEA), Goodness-of-Fit
Index (GFI), Adjusted Goodness-of-Fit Index (AGFI),
Comparative Fit Index (CFI), Normed Fit Index (NFI),
Tucker-Lewis Index. An acceptable fit is indicated by
0.05<RMSEA<0.08, 3<x2/df<5,  0.80<GFI<0.90,
0.85<CFI<0.95, 0.85< AGFI<0.95, 0.80<TLI<0.95 and
0.80<NFI<0.95, while a good fit in CFA is indicated
by RMSEA<0.05 x2 /df<3.0, 0.90<GFI, 0.95<CFI,
0.95<AGFI, 0.95<TLI and 0.95<NFI [38]. The assess-
ment was conducted based on the Average Variance
Extracted (AVE) and Construct (composite) Reliability
(CR) values. In the measurement model, the CR value
of the latent variables should exceed 0.70, while the AVE
value should be greater than 0.50 [39].

Results

In Stage 1 of the study, the AIAS-4 was adapted to Turk-
ish, and its validity and reliability were established. In
this phase, 172 adult individuals (43% male, 57% female)
with an average age of 26.4+6.75 years participated. The
mean age of the participants in the retest was 24.2 +4.88
years. Of the 30 participants, 46.7% (n=14) were male,
and 53.3% (n=16) were female. Regarding educational
background, 36.7% of the participants were high school
graduates, while 63.3% were university graduates.Con-
firmatory factor analysis (CFA) was performed after
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Explanatory factor analysis (EFA) and reliability were
performed.

Explanatory factor analysis (EFA) and reliability

Table 1 shows EFA and internal consistency analysis of
ATIAS-4. The KMO test was applied to test suitability of
the sample size for factor analysis before EFA. As per this
analysis KMO value was found to be 0.79. The sample
size was deemed sufficient for factor analysis based on
this finding [40]. The acceptable level for factor loading
values in the EFA was found to be 0.40 [28, 41]. Further-
more, the Chi-squared value in the Bartlett’s test of sphe-
ricity results was shown to be significant (x2 [6] =448.69;
KMO=0.79 p<0.01). As a result, a multivariate nor-
mal distribution was assumed for the data. The factors
accounted for 76.9% of the total variation. In the current
investigation, McDonald’s omega was 0.89 and the Cron-
bach’s alpha coefficient was 0.90. In this study, the AVE
was found to be 0.67 and the CR was 0.89, indicating that
both values are at the desired level. The scale’s test-retest
reliability coefficient was determined to be 0.90.

Confirmatory factor analysis (CFA)

Confirmatory factor analysis of AIAS-4 was given in
Fig. 2. Based on the following suggested thresholds,
the scale’s model good fit statistics achieved good fit:
CMIN/Df=0.40, GFI=0.99, AGFI=0.98, CFI=1.00,
RMSEA =0.01; NFI=0.98; and TLI=1.00. All of the items
were significant, according to the t-statistics.

In Stage 2 of the study, 510 adult individuals (30.8%
male, 69.2% female) with an average age of 24.88+7.05
years were evaluated for the relationship between arti-
ficial intelligence attitude, social media addiction, eat-
ing behaviors and contentment with life. The general
characteristics of these individuals and data on social
media use are shown in Table 1. It was seen that all of
the participants in the study used social media. The
average duration of social media use was 3.7+£1.99 h/
day. While all of the individuals use WhatsApp, 89.8%
of them use Instagram. The mean age of the individu-
als was 24.8 £7.05 years. The mean BMI of the individu-
als was 22.9+3.55 kg/m? 9.4% of the individuals were

Table 1 The results of the EFA and internal consistency analysis of AIAS-4 (n:172)

Factors and Items Total Factor loading X+SD Cronbach’alpha McDonald’s omega AVE CR r
variance
(%)
Total 6.6+2.04 0.90 0.89 0.67 0.89 0.90
n 76.9% 0.90 6.0+245
12 0.89 6.5+243
13 0.83 7.0+2.36
14 0.88 6.1£249

I: Item, Kaiser-Meyer-Olkin (KMO) =0.79; x2 (6) =448.69; Barlett test of sphericity (p) <0.01, AVE: Average Variance Extracted, CR: Construct (composite) Reliability, r:

Retest correlation coefficient
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Fig. 2 Confirmatory factor analysis of AIAS-4

underweight, 61.0% were normal, 26.1% were overweight
and 3.5% were obese.

Table 3 shows the correlation matrix between variables.
The study found that age was positively correlated with
BMI (r=0.260, p<0.01) and negatively correlated with
time spent on social media (r = -0.272, p<0.01), SMAS-
AF (r=-0.118, p<0.001).

BMI showed positive correlations with EDEQ total
(r=0.391, p<0.01) Time spent on social media positively
correlated with AIAS (r=0.129, p<0.01), SMAS-AF
(r=0.378, p<0.01), but negatively with CLAS (r = -0.137,
(p<0.01). SMAS-AF total was positively correlated with
EDEQ total (r=0.129, p<0.01), while negatively corre-
lated with CLAS (r=-0.280 p<0.001). SESMEB showed
a positive correlation with time spent on social media
(r=0.216, p<0.001), SMAS-AF (r=0.326, p<0.001),
EDEQ (r=0.169, p<0.001).

The linear regression analysis was shown in Table 4. The
linear regression model established to understand the
relationship between the variables and the eating disor-
der score was significant (R*=0.198, Adjusted R*=0.192,
p<0.001). A 1 kg/m? increase in BMI increased the
EDE-Q Total score by 0.311 units. A 1-point increase in
AIAS-score decreases the EDE-Q total score by 0.157
points. A 1 unit increase in SMAS-AF increases the
EDE-Q total score by 0.036 points, 1 point increase in
SESMEB increases the EDE-Q total by 0.022 points.

Discussion

This study aimed to establish the validity and reliabil-
ity of the Al attitude scale and to reveal the relationship
between Al attitude and social media addiction, eating
behavior and life satisfaction. Artificial intelligence has

recently been frequently used in sectors such as educa-
tion and health [42, 43]. While the widespread use of
such applications may make people’s lives easier, it may
also increase anxiety and anxiety levels due to the fear
that it may replace their jobs [44]. It has been shown that
artificial intelligence may have positive or negative effects
on accessing health-related information [45]. Chew et
al. [46] reported that artificial intelligence (AI)-assisted
body weight management applications to improve eat-
ing behaviors may contribute positively in the fight
against obesity. In fact, in recent years, the integration
of Al techniques, especially Machine Learning and Deep
Learning, has shown promise in the development of both
diagnostic and treatment strategies for eating disorders
[47]. However, malpractice risk and lack of accountabil-
ity are negative aspects of the use of Al in health. There-
fore, the responsibility of the healthcare professional is
crucial. The data used to train AI models can be biased,
which can compromise the quality of care for vulnerable
or minority patient groups [48]. The attitude of AI users
or non-users toward Al is significant, not just for medi-
cal professionals. Because when considered from the per-
spective of users, a high level of positive attitude towards
AI may cause individuals to have unhealthy behaviours,
while a low level of the opposite attitude may lead to situ-
ations such as rejection of scientific information. Evalu-
ation of attitudes towards artificial intelligence can be
conducted with different scales [24—27]. The AIAS-4
[24], which is used quickly and practically in the evalua-
tion of this attitude, was shown to be a valid and reliable
scale in Turkish in this study (Cronbach alpha =0.90).
Engagement with social robots or Al chatbots can influ-
ence our perceptions, attitudes, and social interactions
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Table 2 General characteristics of individuals and data on social
media use (n:510)

Gender n %
Male 157 308
Female 353 69.2
Education level

Primary 3 0.6
Secondary 12 24
Highschool 229 449
University 266 522
Working status

Yes 132 259
No 378 74.1
Social media use

Yes 510 100
Social media addiction level

Non addicted 52 10.1
Low addicted 47 9.2
Moderately addicted 262 51.3
High addicted 139 272
Very high addicted 10 19
Social media platforms* n %
Facebook 88 17.3
Instagram 458 89.8
Twitter 301 59.0
Snapchat 196 384
Youtube 422 82.7
TikTok 116 22.7
Linkedin 102 20.0
WhatsApp 510 100.0
Pinterest 153 30.0
Spotify 148 29.0
Discord 81 159
Others** 52 10.1
BMI(kg/m?)(X = SD) 2299 35
BMI Classification

Underweight 48 94
Normal 311 61.0
Overweight 133 26.1
Obesity 18 35

* One person can use more than one platform. ** Tumblr, Twitch, Kick, Telegram
BMI: Body mass index; SD: Standard deviation

[49]. Social media addiction, defined as excessive use
leading to negative consequences, has become a growing
concern among researchers [50]. Extreme engagement
in digital activities, particularly social media, has been
demonstrated to stimulate addictive behaviors by trigger-
ing the brain’s reward pathway [51]. In parallel with the
literature [10], a positive correlation was found between
time spent on social media and social media addiction in
this study (Table 3). In this study, it was determined that
as the time spent on social media increased, the posi-
tive attitude toward artificial intelligence also increased
(Table 3). However, no relationship was found between
social media addiction and attitude towards artificial
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intelligence. This implies that while engagement with dig-
ital technologies may facilitate familiarity and acceptance
of artificial intelligence, addiction itself may not necessar-
ily correlate with Al attitudes.

Given the speed at which social media platforms and
technology are evolving to include new functionalities
and features, Al applications such as machine learn-
ing models will need to be regularly reviewed and
tested to ensure that they remain accurate predictors of
users’ eating disorder status [9]. No statistical difference
was found between the normal and eating-disordered
groups according to their technology use [15]. The nega-
tive correlation between AIAS and EDE-Q in this study
(Table 3) suggests that the use of artificial intelligence
in health may positively affect eating behaviors. Each 1
unit increase in AIAS score decreased the EDE-Q total
score by 0.157 units, which may reflect the positive effect
of positive attitudes towards Al on individuals’ eating
behaviors. AI may facilitate faster recognition of having
symptoms specific to eating disorders or being an indi-
vidual at extreme risk for eating disorders. Early detec-
tion is crucial to the effective management of eating
disorders and can make a difference in the likelihood of
treatment being more effective [52]. Al algorithms can
analyze large amounts of data, including social media
posts, online searches, and even patterns of smartphone
use [53]. By recognizing behavioral patterns and lan-
guage cues, Al can alert users and even inform health-
care professionals, enabling them to intervene at the
earliest stages of the disorder [54]. Therefore, improv-
ing attitudes towards Al may contribute positively to the
improvement of eating behavior. Physicians and psycho-
therapists should collaborate in the development of Al
models to improve the learning machine’s ability not to
provide harmful information [54]. Artificial intelligence
(AI)-assisted body weight management applications to
improve eating behaviors may contribute positively to the
fight against obesity [46].

In the regression model in the present study showed
that increase in Artificial Intelligence Attitude Score
(AIAS) was found to be associated with decreasing
EDE-Q total score. This result suggests more positive
attitudes toward AI might be associated with reduced
eating disorder symptoms, potentially influenced by
increased technological engagement and digital health
applications in Tiirkiye. The negative relationship
between AIAS score and EDE-Q total score may reflect
the positive effect of positive attitudes towards Al on
individuals’ eating behaviors. Al may facilitate faster
recognition of having symptoms specific to eating dis-
orders or being an individual at extreme risk for eating
disorders. Early detection is crucial to the effective man-
agement of eating disorders and can make a difference in
the likelihood of treatment being more effective [59]. Al
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Table 3 Correlation matrix
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1. Age(years)

2. BMI 0.260**

3. Time spent on social media -0.272"  -0.069

4. AIAS -0.044  0.129"

5. SMAS-AF -0.118%*  0.009 0.378" 0.072

6. EDE-Q Total 0.009 0391 0.000 | -0.119" 0.129"
7- CLAS 0.063  -0.037 -0.137"° -0.060 -0.280"
8- SESMEB -0.073  0.021 0216** 0.016

0.9-1 0.7-0.89 0.40-0.69 0.10-0.39 0.10-0 0--0.10

-0.072

0.326%*  0.169** -0.139**

-0.39--0.10

-0.69--0.40  -0.89--0.7 -1.0--09

BMI: Body mass index; AIAS: Artificial Intelligence Attitude Scale SMA S-AF: Social media addiction scale-adult form; EDE-Q: Eating Disorder Examination
Questionnaire; CLAS: Contentment With Life Scale; SESMEB: Social Media on Eating Behavior

Age, Time spent on social media: Spearman; Others: Pearson
Correlation is significant at the 0.01 level (2-tailed).»
Correlation is significant at the 0.05 level (2-tailed).

Table 4 Linear regression analysis of factors affecting EDE-Q total score

Unstandardized Coefficients = Standardized Coefficients t Sig. 95.0% Confidence Interval for B

B Std. Error Beta Lower Bound Upper Bound
(Constant) -3.221 0.995 -3.236 0.001 -5.176 -1.265
BMI 0311 0.032 0.384 9616 <0.001 0.248 0375
AIAS-4 -0.157 0.056 -0.112 -2.796 0.005 -0.267 -0.047
SMAS-AF 0.036 0.011 0.134 3.180 0.002 0.014 0.059
SESMEB 0.022 0.011 0.088 2.079 0.038 0.001 0.043

p<0.001 R square=0.198 Adjusted R square =0.192

Dependent variable: EDE-Q Total Score (BMI: Body Mass Index; AIAS: Artificial Intelligence Attitude Scale; SMAS-AF: Social Media Addiction Scale-Adult Form,

SESMEB: Social Media on Eating Behavior)

algorithms can analyze large amounts of data, including
social media posts, online searches, and even patterns of
smartphone use [60]. By recognizing behavioral patterns
and language cues, Al can alert users and even inform
healthcare professionals, enabling them to intervene at
the earliest stages of the disorder [61]. Therefore, improv-
ing attitudes towards AI may contribute positively to the
improvement of eating behavior. Physicians and psycho-
therapists should collaborate in the development of Al
models to improve the learning machine’s ability not to
provide harmful information [61]. Artificial intelligence
(AI)-assisted body weight management applications to
improve eating behaviors may contribute positively to the
fight against obesity [55].

Additionally, a 1-unit increase in the Social Media
Addiction Scale—Adult Form (SMAS-AF) led to a 0.036-
unit increase in the EDE-Q total score, while a 1-unit
increase in the SESMEB score increased the EDE-Q total
by 0.022 units These results align with prior research sug-
gesting that individuals frequently exposed to idealized
body images on social media experience heightened body
dissatisfaction and are at a greater risk of developing

disordered eating behaviors [55] The correlation between
social media addiction and EDE-Q scores suggests that
excessive social media engagement may reinforce unre-
alistic body standards, contributing to disordered eating
patterns. The SESMEB score, which reflects the influence
of social media on body image, further supports the idea
that appearance-focused content may trigger negative
self-evaluations and unhealthy eating behaviors [18, 55].
The SESMEB score which is a tool that shows that social
media use affects eating behavior through body image
further supports the idea that appearance-focused con-
tent may trigger negative self-evaluations and unhealthy
eating behaviors [33, 56].

Consistent with previous research, BMI was found to
be positively associated with disordered eating behav-
iors and body image concerns [57-59]. Specifically, each
1 kg/m? increase in BMI was found to increase the total
score of the Eating Disorder Examination Questionnaire
(EDE-Q) by 0.311 units (Table 4) further reinforcing the
relationship between body weight and eating disorder
symptoms. Additionally, BMI showed a significant cor-
relation with EDE-Q total scores (Table 3), suggesting
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that body weight plays a key role in disordered eating
patterns. Given the cultural emphasis on body image and
dietary habits, these findings align with the broader lit-
erature on eating behaviors and body dissatisfaction.
Facebook, Instagram, Twitter, TikTok, Snapchat and
Threads are also significant sources of distraction. Con-
tinuous notifications, updates, and scrolling feeds can
cause individuals to lose focus on critical tasks and estab-
lish an endless cycle of partial attention [1]. A study by
Kross et al. (2013) found that passive use of Facebook
predicted decreased well-being and increased feel-
ings of distraction and inattention [60]. Al tools enable
quick responses and solutions to a wide range of ques-
tions and requests, which can be tempting for individu-
als to rely solely on them [1]. Over-reliance on ChatGPT
or similar Al platforms can reduce an individual’s ability
to think critically and develop independent thought [61].
The influence of technological usage on young adults can
affect numerous aspects of their lives, including mental
health, academic achievement, and socio-emotional well-
being [62]. In this study, individuals who spent more time
on social media and showed higher addiction had lower
life satisfaction (Table 3). In a study conducted in Poland
on 381 Facebook users, the self-esteem and life satisfac-
tion of addicts were found to be worse than non-addicts
[18]. Similarly, it was supported by a study conducted
in university students that found a negative relation-
ship between life satisfaction and problematic Facebook
use [63]. These findings reveal the necessity of aware-
ness programs for social media use and emphasize the
importance of interventions to improve quality of life.
Of particular interest is the finding that CLAS scores
decreased as social media addiction levels increased.
This inverse relationship suggests that individuals with
higher levels of social media addiction may experience a
decline in overall life satisfaction. Excessive social media
use may interfere with individuals’ ability to engage in
satisfying offline activities, reducing feelings of satisfac-
tion and well-being. These results reflect previous studies
showing how excessive use of social media can contrib-
ute to poorer mental health outcomes, such as lower life
satisfaction and greater anxiety [18]. This association
warrants further investigation of the long-term psycho-
logical effects of social media addiction on life satisfac-
tion [1]. Frequent exposure to emotionally stimulating
content, such as social media posts or online news, can
disrupt emotional regulation processes and contribute to
increased stress, anxiety, and depressive symptoms [64].
Young adults’ mental health, academic achievement, and
socio-emotional status are just a few areas that can and
do be impacted by their heavy usage of digital media.
Among young adults, there have been detrimental psy-
chological impacts linked to excessive usage of social
media platforms [62]. Given the speed at which social
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media platforms and technology are evolving to include
new functionalities and features, Al applications such
as machine learning models will need to be regularly
reviewed and tested to ensure that they remain accurate
predictors of users’ eating disorder status [9].

Limitations and future directions

This study is the first study in Tiirkiye to reveal the rela-
tionships between artificial intelligence attitude, social
media addiction, eating behavior, and life satisfaction.
This research’s strengths include the Turkish validation
of the Al attitude scale and its assessment in relation to
social media addiction, eating behavior, and life satisfac-
tion. However this study has some limitations. At first
this study, being cross-sectional, does not elucidate the
cause-and-effect relationship. Second, the absence of an
examination of the individuals’ body composition is note-
worthy. The distinct assessment of fat and fat free mass
may prove beneficial in the evaluation of eating behavior.
Another limitation of our study is the reliance on self-
reported body weight and height, which may introduce
bias. However, research comparing BMI derived from
self-reported and directly measured values has shown
strong correlations [65, 66] Lastly, women showed more
interest in the announcements made on social media.
Therefore, the number of women participating is higher
than the number of men.

In future studies food consumption records from indi-
viduals and studies on diet quality may have a positive
contribution. Validation of AIAS-4 with other scales
measuring attitude towards artificial intelligence that
have been validated in Turkish will contribute to the lit-
erature in future studies. Future research should consider
examining measurement invariance across subgroups
(e.g., age, gender) to account for potential differences in
Al perceptions within the Turkish population. Conduct-
ing such analyses would enhance the robustness and gen-
eralizability of the findings.

Conclusion

In conclusion, in this study, AIAS was found to be a valid
and reliable scale for measuring adults’ attitudes towards
artificial intelligence. The results show that BMI, social
media use, and Al attitudes impact eating behaviors.
The effects of different factors such as BMI, social media
use, and artificial intelligence on eating behaviors pro-
vide important information about how individuals react
to various environmental and technological factors. In
this study, while social media use affects eating behavior
negatively, attitude towards artificial intelligence affects
it positively. In particular, awareness-raising programs
to reduce the harmful effects of social media, the use of
Al-supported health monitoring tools, and the educa-
tion of individuals about body image may be important
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strategies in the prevention and management of eating
disorders. Furthermore, educational initiatives on body
image and digital consumption may help individuals
develop healthier relationships with food and technology.
Educational programs can provide individiuals with the
abilities to critically assess digital content, utilize digi-
tal tools responsibly, and comprehend their own digital
behaviors. In the future, there is a need for studies, pro-
grams, and training that will positively contribute to the
evaluation of eating behavior and health through social
media and artificial intelligence.
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