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Abstract

Background This study aims to investigate the relationship between Al dependence and nomophobia among
medical students based on various demographic characteristics.

Methods This study adopts a quantitative correlational research design. Dependence on Artificial Intelligence Scale
(DAI) and the Nomophobia Questionnaire (NMP-Q) were used to collect data. Data were collected online via Google
Forms. Medical students from four public and two private universities in Turkey participated in the study. Data were
analyzed using Pearson correlation analysis, Two-Way ANOVA, and Multiple Regression Analysis.

Results The results revealed a significant positive correlation between Al dependence and nomophobia among
medical students. Students who reported higher levels of Al dependence were also more likely to exhibit signs of

smartphone addiction and internet access dependency. Demographic factors, such as gender, age and year of study,
were found to have significant effects on the relationship.

Conclusions The study highlights a significant relationship between Al dependence and nomophobia among
medical students, suggesting that overreliance on Al technologies may contribute to several negative consequences.
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Background

Digital transformation has broadly reshaped many
aspects of our daily life and has become an integral part
of our routines. With continuous advancements in digital
innovation and emerging technologies, education, in par-
ticular, has been significantly influenced by these devel-
opments. The widespread use of smart devices such as
smartphones and tablets has made learning more flexible,
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allowing students to access educational resources any-
time and anywhere [1-3]. Moreover, the explosive and
rapid growth of artificial intelligence has introduced new
innovations and these technologies have fundamentally
transformed medical education [4—6]. Furthermore, the
integration of these technologies with Al has led to a new
paradigm in medical education.

While the origins of Al date back to the 1950s, the
widespread public access to advanced large language
models like ChatGPT marks a major milestone in Al’s
history [7, 8]. Al has undeniably revolutionized medical
education and clinical practice, providing valuable sup-
port for both students and educators. It plays a trans-
formative role in healthcare, offering numerous benefits
through AI-powered tools like medical imaging analysis,
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diagnostic support systems, and personalized learn-
ing platforms that enhance students’ access to informa-
tion and accelerate learning [9]. It also assists healthcare
professionals in administrative workflows, clinical docu-
mentation, and patient engagement while providing spe-
cialized support in areas such as image analysis, medical
device automation, and patient monitoring [10]. Addi-
tionally, Al contributes significantly to health sciences
education by supporting health monitoring, patient data
management, medication evaluation, surgery, telemedi-
cine, health statistics, individualized care, and the visual-
ization of medical investigations [11].

However, alongside its benefits, Al-driven advance-
ments have posed significant risks, including overdepen-
dency and cognitive complacency, raising pedagogical,
psychological, and ethical concerns [12]. Al overdepen-
dence is a condition in which individuals become exces-
sively reliant on Al systems for medical decision-making,
leading to a decline in their critical thinking abilities [13,
14]. Due to the rapid and convenient solutions Al tools
provide, medical students may fail to develop their clini-
cal reasoning and judgment skills [15], and negatively
affect their professional competence by weakening their
ability to make independent decisions, result in reduced
awareness of errors and cognitive laziness in the learning
process [16, 17] and can lead to a decline in their higher-
order cognitive skills such as creativity, critical reasoning,
decision making and problem-solving [18, 19]. Therefore,
it is crucial to integrate Al into medical education in a
way that promotes balanced use, ensuring that students
develop essential cognitive and decision-making skills
while leveraging Al's capabilities as a supportive tool
rather than a substitute for critical thinking.

Another growing concern in education is nomophobia,
which refers to the anxiety individuals experience when
they cannot use their mobile phones due to a lack of sig-
nal or a low battery [20] or fear of being without a mobile
device [21-23]. Various research suggest that nomopho-
bia is a digital disease of the 21 st century [24—26]. Today,
medical students heavily rely on smartphones and tablets
for accessing educational materials, medical information,
note-taking, etc. Of course, using these tools will help
students in various ways during learning but the constant
need for connectivity can lead to distractions, disrupt
deep learning processes, and negatively affect academic
performance [27-29].

As digital transformation continues to evolve, medi-
cal education faces the dual challenge of leveraging AlI’s
benefits while mitigating the risks of overdependence
and nomophobia. Theoretically, both AI dependence
and nomophobia share underlying mechanisms related
to digital reassurance-seeking, information immediacy,
and connectivity needs. These mechanisms may heighten
students’ reliance on external digital systems to manage

Page 2 of 12

uncertainty or cognitive load, making medical students
particularly vulnerable due to the high-stakes and infor-
mation-intensive nature of medical education. Under-
standing the relationship between these two factors is
critical for ensuring that medical students develop strong
cognitive and professional competencies. This study aims
to investigate the relationship between AI dependence
and nomophobia among medical students from various
medical schools in Turkey. In line with this general objec-
tive, the research questions are as follows:

1. What are the levels of Al dependence and
nomophobia among medical students?

2. Is there a significant relationship between medical
students’ levels of Al dependence and their levels of
nomophobia?

3. Are there significant differences in medical students’
Al dependence and nomophobia levels based on
demographic characteristics?

Methods

This study, which adopted a quantitative correla-
tional research design, aims to investigate the relation-
ship between Al dependence and nomophobia among
medical students in Turkey. Correlational comparative
design aims to determine whether there is a relationship
between two or more variables and the degree of the rela-
tionship [30].

Participants

The participants consisted of medical students from six
different universities (four public and two foundation
universities) in Turkey. Of the 958 participating students,
546 (57%) are female and 412 (43%) are male. 455 par-
ticipants (47.5%) were Year 1 students, 275 (28.7%) were
Year 2 students, 36 (3.8%) were Year 3 students, 67 (7%)
were Year 4 students, 47 (4.9%) were Year 5 students,
and 78 (8.1%) were Year 6 students. 742 (77.5%) of the
students are public university students and 216 (22.5%)
are foundation university students. Participation in the
study was voluntary, and all students who would like to
participate in the study signed informed consent forms.
The inclusion criteria were being a student enrolled in a
medical school in Turkey and willing to participate in this
study voluntarily.

Data collection tools

To collect data about medical students’ dependence on
artificial intelligence (AI) and nomophobia, two vali-
dated measurement tools were used [Please see Supple-
mentary file 1 and Supplementary file 2] to measure Al
dependence and nomophobia. Some demographic vari-
ables have been added to the beginning of the scale by
the researchers. These variables include “year of study,
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gender, total daily technology usage time (computer,
phone, tablet, etc.), student’s grade point average (GPA)
or academic achievement, level of knowledge about arti-
ficial intelligence use (beginner, intermediate, advanced),
student’s daily study time, purposes for using artificial
intelligence tools, which artificial intelligence tools they
use, and the preferred study method” to examine whether
there are differences in medical students’ levels of Al
dependence and nomophobia based on these demo-
graphic variables.

Dependence on artificial intelligence scale (DAI)

This five-item Likert scale was developed by Morales-
Garcia et al. [31] and adapted into Turkish by Savas [32]
to measure Al dependence of the students who study
at higher education institutions. Theoretically, while
the scale measures general Al dependence rather than
medical-specific Al reliance, its validated structure and
relevance to medical students’ use justify its application
in this context. In the original study [31], the Cronbach’s
alpha (a) value was reported as 0.87. The original scale
consists of five items and is a five-point Likert scale, rang-
ing from 1 = Strongly Disagree to 5 = Strongly Agree. The
lowest possible score on the scale is 5 (Not dependent at
all), and the highest is 25 (Highly dependent). There are
no reverse-scored items in the scale.

Based on the data obtained in this study, Cronbach’s
Alpha and McDonald’s Omega reliability coefficients
for the DAI were calculated, and a Confirmatory Factor
Analysis (CFA) was conducted. Cronbach’s Alpha was
found to be 0.817 and McDonald’s Omega was 0.806.
The CFA fit indices were calculated as CFI = 0.961, TLI =
0.950, RMSEA = 0.069, and x°=148.549 (df = 43, p <.05).
These values fall within acceptable ranges according to
the scale development literature [33—35].

Nomophobia questionnaire (NMP-Q)

Nomophobia questionnaire was developed by Yildirim
and Correia [23] and adapted into Turkish by Yildirim et
al. [36]. The Nomophobia Questionnaire (NMP-Q) con-
sists of 20 items that assess four dimensions of nomopho-
bia: (1) Not Being Able to Access Information, (2) Losing
Connectedness, (3) Not Being Able to Communicate,
and (4) giving up convenience. All items are rated on a
7-point Likert scale, ranging from 1 (Strongly Disagree)
to 7 (Strongly Agree). To validate the underlying struc-
ture of the items, a Confirmatory Factor Analysis (CFA)
was conducted using AMOS 22 statistical software. The
threshold values for acceptable model fit are as follows:
normalized x’<3, CFI > 0.90, and RMSEA < 0.08. The
CFA results confirmed the validity of the relationships
between factors and items (x*(164) = 469.90, normal-
ized x*=2.86, CFI = 0.92, RMSEA = 0.08). The pretest of
the scale indicated that the reliability of the NMP-Q was
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quite high (Cronbach’s alpha = 0.92). Additionally, Cron-
bach’s alpha values for these four factors were 0.90, 0.74,
0.94, and 0.91, respectively, demonstrating a sufficiently
high level of reliability.

Similarly, based on the data obtained in this study,
Cronbach’s Alpha and McDonald’s Omega reliability
coefficients for the NMP-Q were calculated, and a Con-
firmatory Factor Analysis (CFA) was conducted. Cron-
bach’s Alpha was found to be 0.932 and McDonald’s
Omega was 0.923. The CFA fit indices were calculated as
CFI1=0.936, TLI=0.923, RMSEA =0.075, and x*=432.813
(df=125, p<.05). These values fall within acceptable
ranges according to the scale development literature.

Data collection process

Data were collected online via Google Forms. Medical
educators from various medical schools were contacted
by the researchers, and the students representatives
from those medical schools assisted in disseminating the
Google Forms link to ensure broad participation. Par-
ticipation was voluntary, and responses remained anon-
ymous to protect confidentiality. A consent form was
included at the beginning of the online form, explaining
the study’s purpose, benefits, and contact information of
the researchers.

Data analysis
Parametric tests were conducted without examining the
normal distribution status of the artificial intelligence
(AI) dependence and nomophobia scale scores obtained
by the participants. Tests that assess normality are highly
sensitive [37]. Additionally, in many studies (especially
in social sciences), measurements related to dependent
variables do not exhibit a normal distribution [38]. The
Central Limit Theorem suggests that if the sample size is
sufficiently large (n = 30+), the sampling distribution of
the means will be normally distributed regardless of the
distribution of the variables, and a violation of normality
will not cause a significant problem [37-40]. In addition,
in large samples, skewness does not significantly deviate
from normality. When the sample size exceeds 100, posi-
tive kurtosis begins to diminish, and when it exceeds 200,
negative kurtosis starts to disappear [37]. Based on this
information, it was decided by the researchers to conduct
the analyses using parametric statistical techniques.
Despite the explanations provided in the literature,
kurtosis, skewness, normality, and homogeneity tests
were conducted on the dataset. The analyses indicated
that kurtosis and skewness values were within +0.5. In
the normality tests (Kolmogorov—-Smirnov and Shap-
iro—Wilk), the DAI data were found to be normally dis-
tributed (p>.05), while two subfactors of the NMP-Q did
not show normal distribution (p <.05); however, the other
two subfactors and the total score demonstrated normal



Korkmaz and Toraman BMC Medical Education

(2026) 26:306

Table 1 Demographic characteristics (descriptive statistics)

Variable Frequency
(Percentage)
Gender Female 546(57)
Male 412(43)
Year Year 1 455(47.5)
Year 2 275(28.2)
Year 3 36(3.8)
Year 4 67(7)
Year 5 47(4.9)
Year 6 78(8.1)
University Type Public University 742(77.5)
Foundation University 216(22.5)
How muchtime  0-2h 40(4.2)
do you spend 3-5h 283(29.5)
using techno;ogy 6-8h 506(52.8)
computer, phone,
iab\esetc) IF; total 9 h and Above 129(13.5)
each day?
How do you 2.00 and Below 33(34)
evaluate your 201-2.99 371(38.7)
academic success  30_3 49,0049 316(33)
(grade point 3.50 and Above 238(24.8)
average)?
How would you Low 303(31.6)
rate your level Middle 555(57.9)
of knowledge High 100(10.4)
regarding the
use of artificial
intelligence?
How much study 0-2h 440(45.9)
time doyouhave 3_5h 443(46.2)
per day? 6-8h 75(7.8)
For what pur- Studying or doing projects, Doing 162(16.9)
poses do you research, Producing creative con-
use artificial intelli- tent, Making daily life easier
gence tools? Studying or doing projects, Doing 158(16.5)
research, Making daily life easier
Studying or doing projects, Produc-  61(6.4)
ing creative content, Making daily
life easier
Conducting research, Making daily ~ 99(10.3)
life easier
Studying or doing projects, Making  85(8.9)
daily life easier
Studying or doing projects, doing 155(16.2)
research
Making daily life easier 85(8.9)
Studying or doing projects 153(16)
What Altools do  ChatGPT, Google GeminiFlash, Deep 58(6.1)
you use? Seek
ChatGPT, Google GeminiFlash 123(12.8)
ChatGPT, Copilot 31(3.2)
ChatGPT 708(73.9)
Google GeminiFlash 38(4)
What method do  Individual Study 867(90.5)
you usually prefer - Group Work 91(9.5)
to study?
Total 958(100)
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distribution (p>.05). According to the results of Levene’s
homogeneity test, the total scores of the scales and their
subfactors were homogeneous (p>.05). Based on these
findings, it was concluded that the use of parametric test
techniques was appropriate.

Pearson correlation analysis, Two-Way ANOVA, and
Multiple Regression Analysis were used in the study. The
categorical variables included in the analysis (gender, aca-
demic year, university, academic achievement, reason for
using artificial intelligence, and study style through arti-
ficial intelligence) were converted into dummy variables,
with one category from each categorical variable being
used as the reference group. Including categorical vari-
ables in regression models as dummy variables is appro-
priate [41, 42]. When determining dummy variables,
(k-1) new dummy variables were generated for each
variable, where k represents the number of categories
within that variable. The category of interest was coded
as 1, while the other categories were coded as 0. The pur-
pose of this approach was to include only one category
of a variable in the analysis at a time while excluding the
effects of the other categories. In this way, the effect of
the category included is interpreted in relation to the
omitted reference category [42].

Multicollinearity among predictors was examined in
the regression analyses. The obtained Variance Inflation
Factor (VIF) values were very close to 1. Therefore, it was
concluded that there was no multicollinearity among the
predictors [43, 44].

Ethics committee approval

This study was conducted with the approval of the
Istanbul Medeniyet University Scientific Research Eth-
ics Committee (Date of Approval: 22.01.2025/No:
2025/02-04).

Results

Distribution of participants’ responses by demographic
characteristics

In the data collection tool, participants were asked sev-
eral demographic questions in addition to replying to the
Nomophobia and Al Dependence scale items. The distri-
bution of participants across these variables is presented
in Table 1.

Table 1 shows that the participants in the study are
evenly distributed in terms of gender. The majority of the
participants are from Year 1 and Year 2, and the major-
ity of them study at public universities. Most participants
use technology for 6-8 h a day. The general distribution
of participants’ academic performance ranges between
2.01 and 3.49. The majority of participants perceive their
knowledge of artificial intelligence at an intermediate
level. In general, participants study between 0 and 5 h a
day. Among the participants, the most common uses of
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Table 2 Medical students’ Al dependence levels (descriptive
statistics)
Al Dependence (Items) N

Mean (S.
Deviation)

1.89(0.82)

Median
(Min.-Max.)
2(1-5)

1. Ifeel unprotected when | 958
do not have access to Al.

2. I'mconcerned about the 958  3.93(1.03) 4(2-5)
idea of being left behind in
my tasks or projects if | do
not use Al

3. ldo everything possible 958
to stay updated with Al to
impress or remain relevant
in my field.

4. | constantly need valida- 958
tion or feedback from Al
systems to feel confident in
my decisions.

5. Ifearthat Al might replace 958
my current skills or abilities.

2.51(0.97) 3(1-5)

4.11(1.02)

4(2-5)

2.59(1.28) 2(1-5)

artificial intelligence are: first, “Studying or doing proj-
ects, Doing research, Producing creative content, Mak-
ing daily life easier”; second, “Studying or doing projects,
Doing research, Making daily life easier”; third, “Studying
or doing projects, doing research”; and fourth, “Studying
or doing projects” The most commonly used artificial
intelligence application is ChatGPT, and the participants
mostly use Al for individual study.

Table 3 Medical students’nomophobia levels (descriptive statistics)
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Medical students’ Al dependence levels

Medical students’ Al dependence levels were analyzed
for each item of the scale, considering the arithmetic
mean, standard deviation, median, and the minimum and
maximum scores obtained. The results are presented in
Table 2.

Each item on the AI Dependence Scale can be scored
between a minimum of one and a maximum of five
points. It has been determined that medical students
exhibit varying levels of agreement with the items. The
items indicating the highest level of dependence are “I'm
concerned about the idea of being left behind in my tasks
or projects if I do not use AI’ and “I constantly need vali-
dation or feedback from Al systems to feel confident in my
decisions,” while the items indicating the lowest level of
dependence are “I feel unprotected when I do not have
access to AI” and “I fear that Al might replace my current
skills or abilities.”

Medical students’ nomophobia levels
The nomophobia levels of the 958 medical students who
participated in the study were analyzed for each item of
the scale in terms of arithmetic mean, standard devia-
tion, median, and the minimum and maximum scores
obtained. The results are presented in Table 3.

Each item on the Nomophobia Scale can be scored
from a minimum of one to a maximum of seven points.
In this context, it can be said that medical students have

Nomophobia (Items) N Mean (S. Median
Deviation) (Min.-Max.)
1. I would feel uncomfortable without constant access to information through my smartphone. 958  3.91(1.66) 4(1-7)
2. I would be annoyed if | could not look information up on my smartphone when | wanted to do so. 958  4.18(1.78) 4(1-7)
3. Being unable to get the news (e.g., happenings, weather, etc.) on my smartphone would make me 958  4.07(1.84) 4(1-7)
nervous.
4. I'would be annoyed if | could not use my smartphone and/or its capabilities when | wanted to do so. 958  4.31(1.84) 5(1-7)
5. Running out of battery in my smartphone would scare me. 958  4.45(1.91) 5(1-7)
6. If I were to run out of credits or hit my monthly data limit, | would panic. 958  3.92(1.96) 4(1-7)
7. If I did not have a data signal or could not connect to Wi-Fi, then | would constantly check to see if Thada 958  4.28(1.89) 5(1-7)
signal or could find a Wi-Fi network.
8. If I could not use my smartphone, | would be afraid of getting stranded somewhere. 958  341(1.97) 3(1-7)
9. If I could not check my smartphone for a while, | would feel a desire to check it. 958 14(1.89) 4(1-7)
10.  lwould feel anxious because | could not instantly communicate with my family and/or friends. 958 425(1 88) 4(1-7)
11. lwould be worried because my family and/or friends could not reach me. 958  4.57(1.94) 5(1-7)
12.  lwould feel nervous because | would not be able to receive text messages and calls. 958  4.29(1.78) 4(1-7)
13. lwould be anxious because | could not keep in touch with my family and/or friends. 958  4.32(1.85) 4(1-7)
14. I would be nervous because | could not know if someone had tried to get a hold of me. 958  4.53(1.75) 5(1-7)
15.  lwould feel anxious because my constant connection to my family and friends would be broken. 958  4.20(1.73) 4(1-7)
16. I would be nervous because | would be disconnected from my online identity. 958  2.55(1.59) 201-7)
17. I'would be uncomfortable because | could not stay up-to-date with social media and online networks. 958  2.72(1.59) 2(1-7)
18. I would feel awkward because | could not check my notifications for updates from my connections and 958  2.96(1.71) 3(1-7)
online networks.
19.  lwould feel anxious because | could not check my email messages. 958  2.38(1.52) 2(1-7)
20.  |would feel weird because | would not know what to do. 958  3.02(1.64) 3(1-7)
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Table 4 The relationship between nomophobia and Al
dependence (Pearson Correlation)

Variables N r p

Al Dependence*Not being able to Access 958 0.172 <0.001
Information

Al Dependence* Giving Up Convenience 958 0.136 <0.001
Al Dependence* Not Being Able to 958 0.009 0.776
Communicate

Al Dependence* Losing Connectedness 958 0.153 <0.001
Al Dependence*Nomophobia 958 0.127 <0.001

low levels of nomophobia. The items with the highest
scores are as follows:

+ I'would be annoyed if I could not use my smartphone
and/or its capabilities when I wanted to do so.

+ Running out of battery in my smartphone would
scare me.

« IfIdid not have a data signal or could not connect to
Wi-Fi, then I would constantly check to see if I had a
signal or could find a Wi-Fi network.

+ Iwould be worried because my family and/or friends
could not reach me.

+ I'would be nervous because I would not be able to
receive text messages and calls.

And the items with the lowest scores are:

+ I'would feel nervous because I would be
disconnected from my online identity.

« I'would feel uncomfortable because I could not stay
up-to-date with social media and online networks.

+ I'would feel anxious because I could not check my
email messages.

The relationship between nomophobia and Al dependence
The relationship between the scores on the Nomophobia
Scale and its sub-factors and the AI Dependence Scale
was examined. This relationship was analyzed using Pear-
son Correlation Analysis. The results are presented in
Table 4.

There is a low-level, positive, and significant (p<.05)
relationship between Al Dependence and the scores for
Not being able to Access Information, Giving Up Con-
venience, Losing Connectedness, and the total score
of the Nomophobia Scale. Based on this, it can be said
that as the scores for Not being able to Access Informa-
tion, Giving Up Convenience, Losing Connectedness,
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and nomophobia increase, Al dependence levels also
increase. On the other hand, no significant relationship
was found between AI Dependence and Not Being Able
to Communicate (p >.05).

The authors who developed the Nomophobia Scale
suggested cutoff points based on the scores obtained
from the scale. According to the developers, individuals
who score 20 points on the scale do not have nomopho-
bia, those who score between 21 and 50.99 have a low
level, those who score between 60 and 99.99 have a mod-
erate level, and those who score between 100 and 140
points have a high level of nomophobia. Using these cut-
off points, the nomophobia groups of the medical school
students who participated in the study were determined.
Then, differences in the level of AI Dependence accord-
ing to nomophobia levels were examined. This analy-
sis was conducted using a One-Way ANOVA Test. The
results are presented in Table 5.

According to the analysis, the nomophobia level cre-
ates a significant difference in the level of AI Dependence
(p<.05). Individuals with low levels of nomophobia have
lower levels of Al Dependence compared to those with
moderate and high levels of nomophobia.

Gender, academic year, and Al dependence

The differences in Al Dependence scores according to
gender and academic year was examined using Factorial
ANOVA (also known as Two-Way ANOVA). The results
are presented in Table 6.

According to the analysis, one of the main effects, the
academic year, creates a significant difference in the level
of Al Dependence (p <.05). The resulting significant dif-
ference is at a medium effect size (n°>0.06) [45]. Another
main effect, gender, also creates a significant difference in
the level of Al Dependence (p <.05), with a small effect
size (n°20.01). The interaction between academic year
and gender creates a significant difference in the level of
Al Dependence (p <.05), with a small effect size (1*20.01)
(Fig. 1).

To identify the significant differences based on aca-
demic year, Bonferroni multiple comparison test was
conducted. According to this, the AI Dependence scores
for Year 1 and Year 2 are higher than those for Year 4 and
Year 5. Similarly, to identify the significant differences
based on gender, Bonferroni multiple comparison test
was conducted. According to this, female students have
a higher level of AI Dependence than male students. In
addition, to identify the significant differences based on

Table 5 Al dependence level according to nomophobia level (One-Way ANOVA)

Nomophobia Level N Mean (S. Deviation) Median (Min.-Max.) F p Significant Difference
Low 241 14.61(1.91) 15(9-20) 559 0.004 Light<Middle
Moderate 552 15.16(2.42) 15(8-22) Light <High

High 165 15.22(2.28) 15(9-20)
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Table 6 Al dependence of medical students by gender and academic year (Two-Way ANOVA)

Year Gender N Mean (S. Deviation) ANOVA (F Test) p Partial Eta Squared Effect Size
Year 1 Female 281 15.02(2.27) Year (Main Effect) 12.79 0.001 0.063
Male 174 15.09(2.37)
Year 2 Female 161 15.89(2.47)
Male 114 15.65(2.15)
Year 3 Female 18 15.22(1.70) Gender (Main Effect) 961 0.002 0.010
Male 18 13.33(2.59)
Year 4 Female 19 14.21(2.32)
Male 48 13.88(1.38)
Year 5 Female 37 14.03(1.68) Year*Gender (Interaction Effect) 235 0.039 0.012
Male 10 13.50(0.53)
Year 6 Female 30 14.97(1.16)
Male 48 13.65(1.88)
Estimated Marginal Means of Al Dependence
160 Gender
P —— Female
— Male
155
"] ]
&
= 150 o
® \
£
5
= 145
o \
= {"*.I o
Lﬁu 14,0 \ <
\I"l \\‘\,
\\ \‘\\ J— s
135 '\\ D
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Year

Fig. 1 Estimated marginal means of Al dependence

the interaction between academic year and gender, Bon-
ferroni multiple comparison test was conducted. This test
results revealed that:

+ InYear 1, female students have higher Al
Dependence scores than male students in Year 6.

+ InYear 1, male students have higher AI Dependence
scores than males in Year 6.

+ In Year 2, female students have higher Al
Dependence scores than male students in Year 6.

+ In Year 2, male students have higher AI Dependence
scores than males in Year 6.

Possible influencing variables on Al dependence
The effect of the variables such as the academic year, gen-
der, type of university, academic performance, reasons for

using Artificial Intelligence, preferred mode of working
through Artificial Intelligence, and nomophobia on Al
Dependence has been examined. This analysis was car-
ried out using multiple regression analysis. In the analy-
sis, categorical variables were included in the regression
model as dummy variables. According to this:

+ For the variable with six categories, “the academic
year’, Year 1 was used as the reference group, and the
remaining five groups were included in the model.

+ For “gender”, the male group was taken as the
reference group, and the female group was included
in the model.

+ For “type of university’, foundation universities were
taken as the reference group, and public universities
were included in the model.
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Table 7 Analysis of possible influencing variables on Al dependence (Multiple linear Regression)

Model B Std. Error t p R? Model F Test (p)
Year 2 0.492 0171 2874 0.004 0.183  11.073 (0.001)
Year 3 -0464 0402 -1.152 0.249

Year 4 —-0.420 0.301 -1397 0.163

Year 5 -0445 0340 -1.309 0.191

Year 6 -0461 0276 -1.670 0.095

Female 0.491 0.156 3.141 0.002

Public University -0433 0.178 -2431 0015

2.00-2.99.00.99 Academic Success —-2687 0412 —-6.521 <0.0001

3.00-3.49.00.49 Academic Success -2.857 0420 —6.803 <0.0001

3.50 and Above Academic Success -2577 0419 —6.155 <0.0001

Studying or doing projects, Doing research, Making daily life easier -0991 0250 -3960 <0.0001

Studying or doing projects, Producing creative content, Making daily life easier  0.775 0.326 2379 0018

Conducting research, Making daily life easier -1396 029 —4.712  <0.0001

Studying or doing projects, Making daily life easier —0.087 0.295 -0.294  0.769

Studying or doing projects, doing research -0.579 0.250 -2313 0021

Making daily life easier -0317 0313 -1.013 0311

Studying or doing projects —0.083 0.265 -0.312 0.755

Individual Work -0514 0274 -1.876 0.061

Nomophobia 0.012 0.003 4125 <0.0001

+ For “academic performance’, the group with a GPA 1. So, as the curriculum becomes more challenging,
(grade point average) below 2.00 was used as the students may increasingly rely on Al tools for
reference group, and the remaining three groups summarizing content, answering medical queries,
were included in the model. or organizing study materials, etc. Additionally,

+ For “reasons for using Artificial Intelligence”, the second-year students may be more familiar with Al
category of using Al for “Studying or doing projects, applications and their benefits for medical education.
Doing research, Producing creative content, Making + Being female increases Al Dependence compared to
daily life easier” was taken as the reference group, being male.
and the other seven groups were included in the + Studying at a public university reduces Al
model. dependence compared to studying at a foundation

+ For “preferred mode of working through Artificial university.

Intelligence’, the “working in groups” category was + Academic performance levels of 2.00-2.99.00.99,
used as the reference group, and “individual work” 3.00-3.49.00.49, and above 3.50 reduce Al
was included in the model. Dependence compared to academic performance

« The nomophobia, which is a continuous variable, was scores below 2.00.

taken as it is in the model. + Reasons for using artificial intelligence such as

The results are presented in Table 7.
The ANOVA model fit test of the constructed model

is significant (p<.05). In this case, the model is consid-
ered to be a good fit and interpretable. It was determined
that the variables included in the model explain 18% of
the variance in Al Dependence (R?=0.183). The effect of
the variables on Al Dependence can be summarized as
follows:

+ Studying in Year 2 increases Al Dependence levels
compared to studying in Year 1. This may be due to
the fact that Year 2 students typically face a heavier
academic workload, with more complex subjects
such as pathology, pharmacology, and microbiology
compared to the more foundational courses in Year

“Studying or doing projects, Doing research, Making
daily life easier, “Conducting research, Making daily
life easier; and “Studying or doing projects, Doing
research” reduce Al Dependence compared to the
reference category “Studying or doing projects,
Doing research, Producing creative content, Making
daily life easier”

“Studying or doing projects, Producing creative
content, Making daily life easier” increases Al
Dependence compared to “Studying or doing
projects, Doing research, Producing creative content,
Making daily life easier”

As nomophobia increases, Al Dependence also
increases.



Korkmaz and Toraman BMC Medical Education (2026) 26:306

Discussion

The findings of this study provide significant insights
into medical students’ dependence on artificial intel-
ligence (AI) and its relationship with nomophobia.
The results indicate that while medical students do
not exhibit extreme Al dependence levels, they express
concerns about falling behind in their tasks with-
out Al and often seek validation from AI systems for
decision-making. This result is extremely important in
that overreliance on these technologies may degrade
higher-order thinking skills and essential clinical skills.
Several research results are in line with this result in
that if students may become overly dependent on Al
tools, this could impair their development of their crit-
ical thinking and clinical reasoning skills in the future
[15, 45, 46].

The positive correlation between AI dependence and
the nomophobia subscales—specifically in terms of “not
being able to access information, losing convenience,
and losing connectedness” suggests that students who
exhibit higher levels of nomophobia also tend to show
higher levels of AI dependence. Although this associa-
tion was statistically significant, the magnitude of the
correlation was small. Therefore, the relationship should
be interpreted as a weak but present association rather
than a strong or causal connection, and future longitudi-
nal studies are needed to explore the directionality of this
link. This relationship indicates that both the inability to
access information and the loss of connection, which are
central to the experience of nomophobia, may trigger a
greater reliance on Al systems. For example, in a study,
conducted with 697 university students, it was found that
there is a significant correlation between smart device
addiction and artificial intelligence [20]. In addition,
another study revealed that, as with nomophobia, not
being able to reach Al can result also in fear and anxiety
in educational environments [47].

The study also highlights the impact of several
demographic variables on AI dependence. Academic
year plays a significant role, with first- and second-year
students showing higher Al dependence compared to
fourth- and fifth-year students. This may be attributed
to the greater exposure of senior students to clinical
settings, where direct patient interaction and practical
skills take precedence over Al-based assistance. Simi-
larly, the first- and second-year students more reliance
on Al can be explained by their upbringing in a digital
era, where technology is deeply embedded in daily life,
and as being more accustomed to various technologi-
cal tools, including Al, they are more likely to incor-
porate them regularly as a resource in their academic
work [48]. This correlates with the research that sug-
gests younger university students have more reliance
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on Al likely due to greater exposure to digital tools
during previous years [49].

When gender was examined in terms of Al depen-
dence, we found that female students exhibit higher
Al dependence than male students, which could be
linked to different learning strategies, risk perceptions,
and technology adoption patterns that females and
males have. This finding is interesting because in the
beginning of the study, our hypothesis was that male
students would be more dependent on AI as males
are more interested in technological advancements
than females, and, problematically, and therefore they
would be more likely to have more reliance to them
[50]. In several studies, AI dependence levels are simi-
lar between males and females, and the difference is
not statistically significant, suggesting that there is no
gender difference in Al dependence [31, 48, 51]. Simi-
larly, there are some other studies that contrast with
our finding in that males have higher Al dependence
levels than females [52, 53].

Another finding was that students with aca-
demic performance levels of 2.00-2.99.00.99, 3.00-
3.49.00.49, and above 3.50 have lower AI Dependence
compared to students with academic performance
scores below 2.00. This could be attributed to the fac-
tor that higher-performing medical students likely
have well-developed critical thinking skills and effec-
tive study habits and techniques, reducing their need
for Al assistance. They may use Al tools selectively
for efficiency rather than as a primary means of study-
ing. Conversely, students with lower academic per-
formance might rely on Al for explanations, content
simplification, and assistance in organizing study
materials, increasing their dependence on Al

We also found that studying at a public university
reduces Al dependence compared to studying at a foun-
dation university. This may be because medical students
at foundation universities might have greater exposure
to technology-integrated learning environments, access
to more advanced digital resources, or a curriculum that
encourages the use of Al-based tools for studying. In
contrast, public university students may rely more on tra-
ditional learning methods, such as textbooks, printed lec-
ture notes, and in-person faculty guidance. In addition,
differences in teaching styles and institutional expecta-
tions could also contribute to this variation. This finding
contrasts with the research suggesting that students from
private or foundational universities have a lower level of
dependence on Al [54, 55].

Another finding of our study was that medical students
with higher nomophobia levels are likely to have higher
reliance on Al Since Al-based applications are easily
accessible via smartphones, students with nomophobia
may frequently use Al for quick medical information
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retrieval, diagnostic assistance, or even anxiety reduc-
tion. This could imply that this constant reliance on digi-
tal support may result in higher level of AI dependence.
This finding is consistent with the research that suggests
the students with a higher level of nomophobia or smart-
phones addiction have a high level of dependence or reli-
ance on artificial intelligence [20].

Strengths and limitations

This study provides novel insights into the intersec-
tion of AI dependence and nomophobia among medical
students, and to our knowledge, this is the first study to
examine the relationship between nomophobia and arti-
ficial intelligence dependence specifically among medical
students, making a significant contribution to the litera-
ture. Another strength is the wide number of participants
from various medical schools in Turkey. However, while
this study sheds light on the connection between medical
students Al dependence and nomophobia levels, it does
not explore the underlying psychological factors or the
potential interventions to mitigate these issues in medical
students.

Conclusion

This study examined the relationship between medical
students’ levels of dependence on artificial intelligence
(AD) and their levels of nomophobia based on some
demographic variables. The study highlights the potential
risks of excessive dependence on Al in medical educa-
tion, as it may contribute to an increased sense of digi-
tal dependency among students. While AI can enhance
learning and decision-making, it is crucial for educa-
tional institutions to balance its use with efforts to pro-
mote healthy technology habits and reduce the potential
for digital overdependence. Further research is needed
to explore the long-term effects of Al dependence on
medical students’ academic performance, well-being, and
professional development. Additionally, interventions
aimed at fostering critical thinking, self-regulation, and
resilience in the face of technological pressures may help
mitigate the risks associated with Al dependence and
nomophobia.

Recommendations

In the light of the results of this study, we would like to
make some suggestions for medical educators, curricu-
lum/policy makers, researchers and medical students.

Recommendations for medical educators

Medical educators should integrate digital literacy and
responsible Al usage into the curriculum to raise aware-
ness about technology dependence among students.
Encouraging discussions on the benefits and risks of
Al-based tools in medical education can help students
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develop a balanced approach to technology use. Addi-
tionally, educators should provide mentorship and guid-
ance to ensure that students utilize Al tools effectively
without becoming over-reliant on them.

For curriculum/policy makers

Curriculum and policy makers should develop regula-
tions that promote the ethical and responsible use of
Al in medical education, ensuring that students do
not develop unhealthy dependencies. Curricula that
focused on digital well-being should be implemented
to equip students with strategies for managing their
technology use. Furthermore, interdisciplinary col-
laboration between medical educators, psychologists,
and technology experts is essential to address potential
risks and create policies that support healthy technol-
ogy habits.

For researchers

Future research should focus on longitudinal studies to
explore the causal relationship between AI dependence
and nomophobia among medical students. Investigat-
ing the psychological and academic effects of Al-assisted
learning tools can provide valuable insights into their
impact on medical students’ cognitive and emotional
well-being.

For medical students

Medical students should develop self-awareness
regarding their AI usage and establish personal
boundaries to prevent excessive dependence on Al
and mobile technology. They should adopt an active
approach to engage in discussions and academic activ-
ities that support critical thinking rather than passive
reliance on Al tools.

Abbreviations

Al Artificial Intelligence
GPA  Grade Point Average
VIF Variance Inflation Factor

Supplementary Information
The online version contains supplementary material available at https://doi.or
g/10.1186/512909-026-08675-0.

Supplementary Material 1.

Supplementary Material 2.

Acknowledgements
The authors would like to thank all medical students who voluntarily
participated in the study.

Authors’ contributions

GK. planned the study. GK. and C.T. collected and analyzed the data, and
each author took equal responsibility for writing, revising and editing of
the manuscript. Both authors read and approved the final version of the
manuscript.


https://doi.org/10.1186/s12909-026-08675-0
https://doi.org/10.1186/s12909-026-08675-0

Korkmaz and Toraman BMC Medical Education (2026) 26:306

Funding
This study was not funded by any organizations or institutions.

Data availability
The data of this study are available from the corresponding author upon
reasonable request.

Declarations

Ethics approval and consent to participate

This study was conducted in accordance with the principles of the Declaration
of Helsinki. Ethical approval was obtained from Istanbul Medeniyet University
Scientific Research Ethics Committee (Date of Approval: 22.01.2025/No:
2025/02-04). Informed consent were obtained from all participants before
participation in the study.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Received: 26 March 2025 / Accepted: 21 January 2026
Published online: 27 January 2026

References

1. Graziani GC, Bocchi M, Gouvéa-e-Silva LF, Schneider P, Alves R, Simdes M, et
al. Technologies for studying and teaching human anatomy: implications in
academic education. Med Sci Educ. 2024;34:1203-9. https://doi.org/10.1007/
s40670-024-02079-9.

2. Hinze A, Vanderschantz N, Timpany C, Timpany C, Nicholson K, Bilandzic M, et
al. A study of mobile app use for teaching and research in higher education.
Tech Know Learn. 2023;28:1271-99. https://doi.org/10.1007/510758-022-0959
9-6.

3. Qashou A. Influencing factors in M-learning adoption in higher education.
Educ InfTechnol. 2021;26:1755-85. https://doi.org/10.1007/510639-020-1032
3z

4. Garima B. Digitalization of medical education. Innov Sci Technol.
2024;1(3):238-46. https://innoist.uz/index.php/ist/article/view/321.

5. Komljenovic J, Sellar S, Birch K. Turning universities into data-driven organisa-
tions: seven dimensions of change. High Educ. 2024. https://doi.org/10.1007/
$10734-024-01277-z.

6. Lewis KO, PopovV, Fatima SS. From static web to metaverse: reinventing
medical education in the post-pandemic era. Ann Med. 2024;56(1):1-20. http
s://doi.org/10.1080/07853890.2024.2305694.

7. Haenlein M, Kaplan A. A brief history of artificial intelligence: on the past,
present, and future of artificial intelligence. Calif Manag Rev. 2019,61(4):5-14.
https://doi.org/10.1177/0008125619864925.

8. Weidener L, Fischer M. Artificial intelligence in medicine: cross-sectional
study among medical students on application, education, and ethical
aspects. JMIR Med Educ. 2024;10(1):e51247. https://doi.org/10.2196/51247.

9. Topol E. Deep medicine: How artificial intelligence can make healthcare
human again. New York: Basic Books; 2019.

10.  Bohr A, Memarzadeh K. The rise of artificial intelligence in healthcare applica-
tions. In: Bohr A, Memarzadeh K, editors. Artificial intelligence in healthcare.
London: Academic; 2020. pp. 25-60.

11, Lee D, Yoon SN. Application of artificial intelligence-based technologies
in the healthcare industry: opportunities and challenges. Int J Environ Res
Public Health. 2021;18(1):271. https://doi.org/10.3390/ijerph 18010271.

12. Uygun llikhan S, Ozer M, Tanberkan H, Bozkurt V. How to mitigate the
risks of deployment of artificial intelligence in medicine? Turk J Med Sci.
2024;54(3):483-92. https://doi.org/10.55730/1300-0144.5814.

13. Froomkin AM, Kerr |, Pineau J. When Als outperform doctors: confronting the
challenges of a tort-induced over-reliance on machine learning. Ariz L Rev.
2019;61:33. Available from: https://heinonline.org/HOL/LandingPage?handle
=heinjournals/arz61+=6&id=&page=.

4. Sharma A, Harrington RA, McClellan MB, Turakhia MP, Eapen ZJ, Steinhubl
SR. Using digital health technology to better generate evidence and deliver

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Page 11 of 12

evidence-based care. J Am Coll Cardiol. 2018;71(23):2680-90. https://doi.org/
10.1016/j,jacc.2018.03.523.

Zhai C, Wibowo S, Li LD. The effects of over-reliance on Al dialogue systems
on students’ cognitive abilities: a systematic review. Smart Learn Environ.
2024;11(1):28. https://doi.org/10.1186/540561-024-00316-7.

Rahwan I, Cebrian M, Obradovich N, Bongard J, Bonnefon JF, Breazeal C, et al.
Mach Behav Nat. 2019;568(7753):477-86. https://doi.org/10.1038/541586-01
9-1138.

Zhang L, Xu J. The paradox of self-efficacy and technological dependence:
unraveling generative ai's impact on university students'task completion.
Internet High Educ. 2025;65:100978. https://doi.org/10.1016/j.iheduc.2024.10
0978.

Farrokhnia M, Banihashem SK, Noroozi O, Wals A. A SWOT analysis of chatgpt:
implications for educational practice and research. Innov Educ Teach Int.
2024;61(3):460-74. https://doi.org/10.1080/14703297.2023.2195846.

Lucas HC, Upperman JS, Robinson JR. A systematic review of large Lan-
guage models and their implications in medical education. Med Educ.
2024;58(11):1276-85. https://doi.org/10.1111/medu.15402.

Farghaly Abdelaliem SM, Dator WLT, Sankarapandian C. The relationship
between nursing students' smart devices addiction and their perception of
artificial intelligence. Healthc (Basel). 2022;11(1):110. https://doi.org/10.3390/
healthcare11010110.

King AL, Valenca AM, Silva AC, Baczynski T, Carvalho MR, Nardi AE. Nomopho-
bia: dependency on virtual environments or social phobia? Comput Hum
Behav. 2013;29(1):140-4. https://doi.org/10.1016/j.chb.2012.07.025.

Celikkalp U, Bilgic S, Temel M, Varol G. The smartphone addiction levels and
the association with communication skills in nursing and medical school
students. J Nurs Res. 2020,28(3):e93. https://doi.org/10.1097/jnr.00000000000
00370.

Yildirim C, Correia AP. Exploring the dimensions of nomophobia: develop-
ment and validation of a self-reported questionnaire. Comput Hum Behav.
2015;49:130-7. https://doi.org/10.1016/j.chb.2015.02.059.

Karademir Coskun T, Kaya O. The distribution of variables that affect nomo-
phobia in adults’ profiles. Int J Res Educ Sci. 2020;6(4):534-50. https://files.eric.
ed.gov/fulltext/EJ1271370.pdf.

Oraison H, Wilson B. The relationship between nomophobia, addiction, and
distraction. J Technol Behav Sci. 2024;9:745-51. https://doi.org/10.1007/54134
7-024-00392-z.

El-Ashry AM, El-Sayed MM, Elhay ESA, et al. Hooked on technology: examin-
ing the co-occurrence of nomophobia and impulsive sensation seeking
among nursing students. BMC Nurs. 2024;23(1):18. https://doi.org/10.1186/51
2912-023-01683-1.

Carr N.The shallows: What the Internet is doing to our brains. New York: W. W.
Norton & Company; 2020.

Adegbesan A, Akingbola A, Aremu O, Adewole O, Amamdikwa JC, Shagaya U.
From scalpels to algorithms: the risk of dependence on artificial intelligence
in surgery. J Med Surg Public Health. 2024;3:100140. https://doi.org/10.1016/j.
glmedi.2024.100140.

Samaha M, Hawi NS. Relationships among smartphone addiction, stress,
academic performance, and satisfaction with life. Comput Hum Behav.
2016;57:321-5. https://doi.org/10.1016/j.chb.2015.12.045.

Fraenkel JR, Wallen NE, Hyun HH. How to design and evaluate research in
education. 8th ed. New York: McGraw-Hill; 2012.

Morales-Garcia WC, Sairitupa-Sanchez LZ, Morales-Garcia SB, Morales-Garcia
M. Development and validation of a scale for dependence on artificial intel-
ligence in university students. Front Educ. 2024;9:1323898. https://doi.org/10.
3389/feduc.2024.1323898.

Savas BC. Yapay Zekaya Bagimlilik Olceginin Tiirkge'ye Uyarlanmasi:

Gecerlik ve Giivenirlik Calismasi. Herkes icin Spor Ve Rekreasyon Dergisi.
2024;6(3):306-15. https://doi.org/10.56639/jsar.1509301.

Hu LT, Bentler PM. Cutoff criteria for fit indexes in covariance structure analy-
sis: conventional criteria versus new alternatives. Struct Equation Modeling:
Multidisciplinary J. 1999;6(1):1-55. https://doi.org/10.1080/107055199095401
18.

Kline TJB. Psychological testing: A practical approach to design and evalua-
tion. SAGE Publications; 2005.

Nunnally JC, Bernstein IH. Psychometric theory. 3rd ed. New York: McGraw-
Hill; 1994.

Yildirim C, Sumuer E, Adnan M, Yildirim S. A growing fear: prevalence of
nomophobia among Turkish college students. Inform Dev. 2016;32(5):1322-
31. https://doi.org/10.1177/0266666915599025.


https://doi.org/10.1007/s40670-024-02079-9
https://doi.org/10.1007/s40670-024-02079-9
https://doi.org/10.1007/s10758-022-09599-6
https://doi.org/10.1007/s10758-022-09599-6
https://doi.org/10.1007/s10639-020-10323-z
https://doi.org/10.1007/s10639-020-10323-z
https://innoist.uz/index.php/ist/article/view/321
https://doi.org/10.1007/s10734-024-01277-z
https://doi.org/10.1007/s10734-024-01277-z
https://doi.org/10.1080/07853890.2024.2305694
https://doi.org/10.1080/07853890.2024.2305694
https://doi.org/10.1177/0008125619864925
https://doi.org/10.1177/0008125619864925
https://doi.org/10.2196/51247
https://doi.org/10.3390/ijerph18010271
https://doi.org/10.55730/1300-0144.5814
https://heinonline.org/HOL/LandingPage?handle=hein.journals/arz61÷=6&id=&page
https://heinonline.org/HOL/LandingPage?handle=hein.journals/arz61÷=6&id=&page
https://doi.org/10.1016/j.jacc.2018.03.523
https://doi.org/10.1016/j.jacc.2018.03.523
https://doi.org/10.1186/s40561-024-00316-7
https://doi.org/10.1038/s41586-019-1138-y
https://doi.org/10.1038/s41586-019-1138-y
https://doi.org/10.1016/j.iheduc.2024.100978
https://doi.org/10.1016/j.iheduc.2024.100978
https://doi.org/10.1080/14703297.2023.2195846
https://doi.org/10.1111/medu.15402
https://doi.org/10.3390/healthcare11010110
https://doi.org/10.3390/healthcare11010110
https://doi.org/10.1016/j.chb.2012.07.025
https://doi.org/10.1097/jnr.0000000000000370
https://doi.org/10.1097/jnr.0000000000000370
https://doi.org/10.1016/j.chb.2015.02.059
https://files.eric.ed.gov/fulltext/EJ1271370.pdf
https://files.eric.ed.gov/fulltext/EJ1271370.pdf
https://doi.org/10.1007/s41347-024-00392-z
https://doi.org/10.1007/s41347-024-00392-z
https://doi.org/10.1186/s12912-023-01683-1
https://doi.org/10.1186/s12912-023-01683-1
https://doi.org/10.1016/j.glmedi.2024.100140
https://doi.org/10.1016/j.glmedi.2024.100140
https://doi.org/10.1016/j.chb.2015.12.045
https://doi.org/10.3389/feduc.2024.1323898
https://doi.org/10.3389/feduc.2024.1323898
https://doi.org/10.56639/jsar.1509301
https://doi.org/10.1080/10705519909540118
https://doi.org/10.1080/10705519909540118
https://doi.org/10.1177/0266666915599025

Korkmaz and Toraman BMC Medical Education

37.

38.
39.

40.
41,
42,
43
44,
45,

46.

47.

48.

49.

(2026) 26:306

Tabachnick BG, Fidell LS. Using multivariate statistics. 6th ed. Boston: Pearson
Education; 2013.

Pallant J. SPSS survival manual. 6th ed. New York: McGraw-Hill; 2016.

Everitt BS, Howell DC. Encyclopedia of statistics in behavioral science. Chich-
ester, UK: Wiley; 2005.

Field A. Discovering statistics using IBM SPSS statistics. 5th ed. London: Sage;
2018.

Keith TZ. Multiple regression and beyond: an introduction to multiple regres-
sion and structural equation modeling. 2nd ed. New York: Routledge; 2019.
Xie Y, Powers D. Statistical methods for categorical data analysis. San Diego,
CA: Academic; 2000.

Demaris A. Regression with social data: modeling continuous and limited
response variables. New York: Wiley; 2004.

Pedhazur EJ. Multiple regression in behavioral research. 3rd ed. Orlando, FL:
Harcourt Brace; 1997.

Cohen J. Statistical power analysis for the behavioral sciences. 2nd ed. Hills-
dale (NJ): Lawrence Erlbaum; 1988.

Pohn B, Mehnen L, Fitzek S, Choi KEA, Braun RJ, Hatamikia S. Integrating
artificial intelligence into pre-clinical medical education: challenges, opportu-
nities, and recommendations. Front Educ. 2025;10. https://doi.org/10.3389/fe
duc.2025.1570389.

Gezgin DM, Turk Kurtca T. Developing the ailessphobia in education
scale and examining its psychometric characteristics. Educ Inf Technol.
2025;30:4471-91. https://doi.org/10.1007/510639-024-12984-6.
Estrada-Araoz EG, Mamani-Roque M, Quispe-Aquise J, Manrique-Jaramillo YV,
Cruz-Laricano EO. Academic self-efficacy and dependence on artificial intel-
ligence in a sample of university students. Sapienza: International Journal of
Interdisciplinary Studies. 2025;6(1):e25008. https://doi.org/10.51798/sijis.v6i1.
916.

Cameron V, Duncan K, Henry R, Lawrence T, Gordon J, Bourne PA, et al.
Generation Z and the mental health effects of excessive usage of artificial

50.

51.

52.

53.

54.

55.

Page 12 of 12

intelligence within higher education institutions across Jamaica. Glob J Innov
Oppor Challenges AAI Mach Learn. 2025;9(1):1-34.

Chan CKY, Lee KK. The Al generation gap: are gen Z students more inter-
ested in adopting generative Al such as ChatGPT in teaching and learning
than their gen X and millennial generation teachers? Smart Learn Environ.
2023;10:1-23. https://doi.org/10.1186/540561-023-00269-3.

Olarewaju Y, Hammed ALA, Raheem AO. Impact of artificial intelligence tools
on student initiative: examining academic laziness among education under-
graduate students at university of llorin. J Contemp Educ Res. 2025;7(8):147-
58. https://doi.org/10.70382/hujcerv7i8.012.

Fietta V, Zecchinato F, Di Stasi B, Polato M, Monaro M. Dissociation between
users'explicit and implicit attitudes toward artificial intelligence: an experi-
mental study. I[EEE Trans Hum Mach Syst. 2021,52(3):481-9. https://doi.org/10.
1109/THMS.2021.3125280.

Kaya F, Aydin F, Schepman A, Rodway P, Yetisensoy O, Demir Kaya M. The roles
of personality traits, Al anxiety, and demographic factors in attitudes toward
artificial intelligence. Int J Hum Comput Interact. 2024;40(2):497-514. https://
doi.org/10.1080/10447318.2022.2151730.

Abdaljaleel M, Barakat M, Alsanafi M, Salim NA, Abazid H, Malaeb D, et al. A
multinational study on the factors influencing university students'attitudes
and usage of ChatGPT. Sci Rep. 2024;14(1):1983. https://doi.org/10.1038/5415
98-024-52549-8.

Hasan HE, Jaber D, Khabour OF, Alzoubi KH. Perspectives of pharmacy
students on ethical issues related to artificial intelligence: a comprehensive
survey study. Res Square. 2024;3. https://doi.org/10.21203/rs.3.rs-4302115/v1.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.


https://doi.org/10.3389/feduc.2025.1570389
https://doi.org/10.3389/feduc.2025.1570389
https://doi.org/10.1007/s10639-024-12984-6
https://doi.org/10.51798/sijis.v6i1.916
https://doi.org/10.51798/sijis.v6i1.916
https://doi.org/10.1186/s40561-023-00269-3
https://doi.org/10.70382/hujcer.v7i8.012
https://doi.org/10.1109/THMS.2021.3125280
https://doi.org/10.1109/THMS.2021.3125280
https://doi.org/10.1080/10447318.2022.2151730
https://doi.org/10.1080/10447318.2022.2151730
https://doi.org/10.1038/s41598-024-52549-8
https://doi.org/10.1038/s41598-024-52549-8
https://doi.org/10.21203/rs.3.rs-4302115/v1

	﻿Untold stories of digital transformation in medical education: AI overdependence and nomophobia among medical students
	﻿Abstract
	﻿Background
	﻿Methods
	﻿Participants
	﻿Data collection tools
	﻿Dependence on artificial intelligence scale (DAI)
	﻿Nomophobia questionnaire (NMP-Q)


	﻿Data collection process
	﻿Data analysis
	﻿Ethics committee approval
	﻿Results
	﻿Distribution of participants’ responses by demographic characteristics
	﻿Medical students’ AI dependence levels
	﻿Medical students’ nomophobia levels
	﻿The relationship between nomophobia and AI dependence
	﻿Gender, academic year, and AI dependence
	﻿Possible influencing variables on AI dependence

	﻿Discussion
	﻿Strengths and limitations

	﻿Conclusion
	﻿Recommendations
	﻿Recommendations for medical educators
	﻿For curriculum/policy makers
	﻿For researchers
	﻿For medical students

	﻿References


