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Abstract

The digital transformation of higher education requires faculty members to adopt new technologies, yet
significant variability persists in adoption rates. This study examined the relationships among motivation factors,
psychological barriers, and technology adoption among university faculty members. Drawing on Self-Determination
Theory (SDT) and the Technology Acceptance Model (TAM), we investigated how different types of motivation
relate to technology anxiety, resistance to change, and digital self-efficacy. A cross-sectional survey was conducted
with 154 faculty members from public, private, and national research universities. Participants completed validated
instruments measuring academic motivation, technology anxiety (CARS), resistance to change, digital self-efficacy,
technology acceptance, digital competence, and burnout (MBI). Data were analyzed using correlation analysis,
ANOVA, multiple regression, and k-means cluster analysis. Results revealed that age was the dominant predictor
across all regression models, explaining substantial variance in intrinsic motivation ( = —1.09), technology anxiety
(B = 0.71), digital self-efficacy ( = —0.81), and technology acceptance (f = —0.80). External negative motivation
showed strong positive correlations with psychological barriers (r = .39—-.46) and negative correlations with self-
efficacy (r =—.55). The cluster analysis provided four types of faculty members: Digital Leaders, Digital Enthusiasts,
Pragmatic Adapters and Resistant Sceptics, based on the age of the participants.

Keywords: digital transformation, higher education, faculty motivation, self-determination theory, technology
anxiety, resistance to change, digital self-efficacy.

Introduction

The fast technology advancement has been dramatically impacted the sphere of higher
education [1, 2]. Universities in Kazakhstan has increasingly integrate learning management systems,
video conferencing platforms, artificial intelligence tools, and cloud-based services into their
educational practices [3]. This digital transformation, accelerated by the COVID-19 pandemic, has
placed unprecedented demands on faculty members to adopt and effectively utilize new technologies
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in their teaching practices [4, 5]. However, the success of institutional digitalization efforts ultimately
depends on faculty members’ willingness and ability to embrace these technological changes [6].

Despite substantial investments in educational technology infrastructure and training programs,
significant variability persists in faculty technology adoption rates [7]. Research consistently
demonstrates that many faculty members, particularly those in senior positions, exhibit reluctance
or resistance to integrating digital tools into their pedagogical practices [8, 9]. Understanding the
psychological factors that influence faculty technology adoption has therefore become a critical priority
for higher education administrators and policymakers seeking to optimize digital transformation
initiatives.

Self-Determination Theory (SDT) [10] provides a comprehensive framework for understanding
human motivation that has been successfully applied to educational contexts. SDT distinguishes between
intrinsic motivation—engaging in activities for their inherent satisfaction—and extrinsic motivation,
which involves performing behaviors to obtain separable outcomes. Within extrinsic motivation, SDT
further differentiates several regulatory styles along a continuum of autonomy: external regulation
(behavior controlled by external rewards or punishments), introjected regulation (behavior motivated
by internal pressures such as guilt or ego involvement), identified regulation (conscious valuing of
a behavioral goal), and integrated regulation (full assimilation of identified regulations with one’s
values). Research applying SDT to technology adoption suggests that autonomous forms of motivation
(intrinsic motivation and identified regulation) are associated with more sustained engagement with
new technologies, greater persistence in overcoming technical challenges, and more innovative uses
of digital tools [11]. Conversely, controlled forms of motivation (external and introjected regulation)
have been linked to superficial technology use, compliance without genuine engagement, and higher
rates of technology abandonment.

In the context of higher education digitalization, faculty members may be intrinsically motivated
to explore new technologies due to intellectual curiosity or the satisfaction derived from innovative
teaching. Alternatively, they may experience external pressure from institutional mandates, fear of
negative evaluation, or concerns about being perceived as technologically incompetent. The quality of
faculty motivation — not merely its quantity — may therefore be crucial in determining the success of
digital transformation initiatives.

The Technology Acceptance Model (TAM) [12] has been the dominant theoretical framework
for understanding technology adoption behavior. TAM posits that individuals’ behavioral intentions
to use technology are primarily determined by two cognitive factors: the usefulness and ease of use.

Extensive research has validated TAM across diverse populations and technological contexts
[13]. In higher education settings, perceived usefulness has consistently emerged as a strong predictor
of faculty technology adoption intentions, while perceived ease of use influences adoption primarily
through its effect on perceived usefulness.

In addition, psychological barriers can be caused by technology anxiety. Technology anxiety can
be seen among older adults and individuals with previous limited technology usage.

The CARS: The Computer Anxiety Rating Scale [ 14] examines three spheres of technology anxiety:
interaction related anxiety, negative experience with technology and lack of confidence in usage.
Oreg [15] conceptualized dispositional resistance to change as a stable personality trait comprising
four dimensions: routine seeking (preference for stable, predictable environments), emotional reaction
(tendency to experience negative emotions in response to change), short-term focus (preoccupation
with immediate inconveniences of change), and cognitive rigidity (reluctance to consider alternative
perspectives). Research has demonstrated that dispositional resistance to change negatively predicts
technology adoption intentions and behaviors across various organizational contexts.

Digital self-efficacy — individuals’ beliefs about their capability to successfully use digital
technologies — may serve as either a facilitator or barrier to technology adoption depending on its
level.

Given the aging demographic profile of faculty in many countries and consistent findings of
age-related differences in technology attitudes and skills, understanding how age influences these
relationships has important practical implications for designing targeted intervention strategies.

Third, few studies have attempted to identify distinct faculty profiles or typologies based on
patterns of motivation and psychological barriers. Such typologies could inform the development of
differentiated support strategies tailored to the specific needs of different faculty subgroups.
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Fourth, while research has examined the consequences of technology adoption for student
outcomes, less attention has been paid to the implications for faculty wellbeing. The potential links
between technology-related stress, psychological barriers, and faculty burnout warrant investigation,
particularly given concerns about increasing rates of burnout in academia.

The present study addresses these gaps by examining the relationships among motivation factors,
psychological barriers, and technology adoption among university faculty members. Drawing on Self-
Determination Theory, the Technology Acceptance Model, and research on psychological barriers, we
investigate how different types of motivation relate to technology anxiety, resistance to change, and
digital self-efficacy.

Materials and methods

The sample consisted of 154 university faculty members from various higher education institutions.
Participants were recruited through purposive sampling from public universities (47.4%, n = 73),
private universities (27.9%, n = 43), and national research universities (24.7%, n = 38). The sample
included faculty from diverse academic disciplines: STEM fields (31.2%, n = 48), humanities (22.7%,
n = 35), social sciences (19.5%, n = 30), medicine and health sciences (12.3%, n = 19), business and
economics (11.0%, n =17), and arts (3.2%, n =5).

Most participants were female (60.4%, n = 93), with males comprising 39.6% (n = 61) of the
sample. Participants ranged in age from 25 to over 65 years, distributed across five age groups: 25-34
years (17.5%, n=27), 35-44 years (32.5%, n =50), 45-54 years (24.7%, n = 38), 55—64 years (18.8%,
n =29), and 65 years and older (6.5%, n = 10).

Academic positions included lecturers (11.7%, n = 18), senior lecturers (28.6%, n = 44), associate
professors (33.8%, n = 52), and full professors (26.0%, n = 40). Regarding academic qualifications,
40.3% (n = 62) held master’s degrees, 14.9% (n = 23) held candidate of sciences degrees, 21.4%
(n = 33) held PhD degrees, and 23.4% (n = 36) held doctoral degrees (Doctor of Sciences). The
instruments used are: Academic Motivation Scale of Vallerand et al., intrinsic motivation questionnaire,
Zamfir-Rean methodology, Computer Anxiety Rating Scale, Oreg’s Resistance to Change Scale,
digital-self-efficacy questionnaire, Technology Acceptance Model, Digital Competency Framework
for Educators and Maslach Burnout Inventory (MBI).

Research participants were invited to the study via e-mail and WhatsApp invitations. The
questionnaire was anonymous and took approximately 20-25 minutes.

The statistical analyses were conducted using R. Means, standard deviations, and ranges were
calculated for all continuous variables. Frequency distributions were computed for categorical
demographic variables. Pearson product-moment correlation coefficients were computed to examine
bivariate relationships between motivation factors and psychological barrier variables. Given the
number of correlations examined, a more conservative alpha level of .01 was adopted for interpretation,
although coefficients significant at the .05 level are also reported. One-way analyses of variance
(ANOVAs) were conducted to examine differences in motivation and psychological barrier variables
across age groups (25-34, 3544, 45-54, 55-64, and 65+ years), academic positions, and university
types. Effect sizes were calculated using eta-squared (n?), with values of .01, .06, and .14 interpreted
as small, medium, and large effects, respectively (Cohen, 1988). Independent samples t-tests were
conducted to examine gender differences. Effect sizes were calculated using Cohen’s d.

Multiple linear regression analyses were conducted to identify predictors of key outcome
variables: intrinsic motivation, technology anxiety, digital self-efficacy, technology acceptance, and
emotional exhaustion. Predictor variables were selected based on theoretical relevance and preliminary
correlation analyses. Age was included as a continuous predictor (coded as the midpoint of each age
category: 30, 40, 50, 60, and 70 years). Standardized regression coefficients () were computed to
allow comparison of predictor effect sizes. Multicollinearity was assessed using variance inflation
factors (VIF), with values below 5.0 considered acceptable.

K-means cluster analysis was conducted to identify distinct faculty profiles based on motivation
and psychological barrier variables. Six variables were included in the clustering solution: intrinsic
motivation (total), external negative motivation, technology anxiety, digital self-efficacy, resistance to
change, and digital competence. All variables were standardized (z-scores) prior to analysis to ensure
equal weighting.
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The optimal number of clusters was determined by examining the within-cluster sum of squares
(elbow method) and the ratio of between-cluster to total variance. Solutions with 2 to 6 clusters were
evaluated, and the final solution was selected based on interpretability and statistical criteria. The
k-means algorithm was initialized with 25 random starts to ensure stable cluster assignments. Cluster
profiles were characterized by examining mean scores on clustering variables and demographic
composition.

Statistical significance was set at a = .05 for all analyses unless otherwise specified. For multiple
comparisons, appropriate corrections were applied, and effect sizes are reported alongside significance
tests to facilitate interpretation of practical significance.

Results

Table 1 presents descriptive statistics for all key variables. Regarding motivation factors, intrinsic
motivation scores were below the scale midpoint (M = 3.22, SD = 0.76, on a 1-7 scale), while
external negative motivation was elevated (M = 4.91, SD = 0.73). Professional internal motivation
was relatively low (M = 2.52, SD = 0.68, on a 1-5 scale), whereas external negative professional
motivation was above average (M = 3.62, SD = 0.69). Concerning psychological barriers, technology
anxiety was moderately high (M = 3.58, SD = 0.57, on a 1-5 scale), and resistance to change was
elevated (M = 4.15, SD = 0.61, on a 1-6 scale). Digital self-efficacy was below the scale midpoint
(M = 4.18, SD = 1.14, on a 1-10 scale). Digital competence was also relatively low (M = 2.41,
SD = 0.46, on a 1-5 scale), and technology acceptance (TAM) scores were below average (M = 3.22,

SD =0.75, on a 1-7 scale).

Table 1 — Descriptive Statistics for Key Variables (N = 154)

Variable M SD Min Max Scale
Motivation Factors
Intrinsic motivation (total) 3.22 0.76 1.50 5.08 1-7
IM — Cognition 3.12 1.06 1.00 5.75 1-7
IM — Achievement 3.25 1.04 1.00 6.00 1-7
IM — Self-development 3.31 0.94 1.00 5.75 1-7
Identified regulation 4.52 0.55 3.50 6.00 1-7
Introjected regulation 4.94 0.94 2.50 7.00 1-7
External regulation 4.87 0.91 2.50 7.00 1-7
Amotivation 4.73 1.01 1.75 7.00 1-7
Internal professional motivation 2.52 0.68 1.00 4.25 1-5
External positive motivation 3.01 0.38 2.25 4.00 1-5
External negative motivation 3.62 0.69 1.50 5.00 1-5
Psychological Barriers
Technology anxiety 3.58 0.57 2.25 4.75 1-5
Negative attitude toward technology 3.50 0.75 1.50 5.00 1-5
Confidence in technology use 2.45 0.68 1.00 4.00 1-5
Routine seeking 4.17 0.83 2.00 6.00 1-6
Emotional reaction to change 4.16 0.90 1.50 6.00 1-6
Short-term focus 4.25 0.79 2.25 5.75 1-6
Cognitive rigidity 4.04 0.91 1.00 6.00 1-6
Resistance to change (total) 4.15 0.61 2.56 5.56 1-6
Digital self-efficacy 4.18 1.14 1.50 6.80 1-10
Other Variables
Digital competence 2.41 0.46 1.29 3.81 1-5
Technology acceptance (TAM) 3.22 0.75 1.58 5.00 1-7
Emotional exhaustion 3.77 0.78 1.78 5.56 0-6
Note: Compiled by the authors.
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Pearson correlation coefficients were computed to examine the relationships between motivation
factors and psychological barriers. Table 2 presents the correlation matrix. The analysis revealed
several significant associations.

Intrinsic motivation components showed consistent negative correlations with psychological
barriers. Specifically, intrinsic motivation for cognition was negatively correlated with technology
anxiety (r =—.37, p <.001), negative attitude (r = —.30, p <.001), and resistance to change (r = —.39,
p < .001), while positively correlated with confidence (r = .33, p < .001) and digital self-efficacy
(r = .43, p < .001). Similar patterns emerged for intrinsic motivation for achievement and self-
development.

External negative motivation demonstrated strong positive associations with all barrier variables.
The correlation between external negative motivation (SDT) and technology anxiety was r = .46
(p < .001), and its correlation with digital self-efficacy was r = —.55 (p < .001), representing the
strongest association in the matrix. External negative professional motivation showed a comparable
pattern, correlating positively with anxiety (r = .39, p <.001) and resistance (r = .45, p <.001), and
negatively with self-efficacy (r =—.49, p <.001).

Internal professional motivation exhibited the opposite pattern, showing negative correlations with
technology anxiety (r = —.46, p <.001) and resistance (r = —.38, p <.001), and a positive correlation
with digital self-efficacy (r = .48, p <.001).

Notably, identified regulation showed no significant correlations with any psychological barrier
variables (all rs < .15, all ps > .05), suggesting that internalized acceptance of digitalization’s value is
independent of psychological barriers.

Table 2 — Correlation Matrix: Motivation Factors and Psychological Barriers (N = 154)

Variable 1 2 3 4 5
Motivation Factors Anxiety | Neg. Attitude | Confidence | Resistance | Self-efficacy
1. IM — Cognition — 37wk —.30%** 33 —. 30k A3k
2. IM — Achievement —35%xE —42HAk 34 —4gHE* A3k
3. IM — Self-development —.34H%* —22%%* R ok —40FH* 34k
4. Identified regulation .03 -.03 —.04 —.12 .09
5. Introjected regulation 28 HA* 28HH* —27HEE 206%% — 43k
6. External regulation A5HH* 32HEx —36%** 28HH* — A4k
7. Amotivation 22%% 13 -.13 24%* —2TEEE
8. Internal professional motivation —46%** —.19% 27HE —.38H* 4gHHE
9. External positive motivation .09 16%* —21%* 2% —.25%*
10. External negative motivation 39Ak 34k — 5%k 45HE* — 4QHHk
Note: Compiled by the authors.

*p<.05.** p<.0l. ***p<.001.

One-way analyses of variance (ANOVAs) were conducted to examine differences across five age
groups (25-34, 35-44, 45-54, 55-64, and 65+ years). As shown in Table 3, all comparisons yielded
significant results with large effect sizes.

Intrinsic motivation significantly decreased with age, F(4, 149) = 56.88, p <.001, n? = .60. Young
faculty (25-34 years) reported the highest intrinsic motivation (M = 4.01, SD = 0.62), while older
faculty (65+) reported the lowest (M = 1.93, SD = 0.38). Conversely, external negative motivation
significantly increased with age, F(4, 149) =25.89, p <.001, n? = .41, with oldest faculty showing the
highest scores (M = 5.84, SD = 0.51) compared to youngest faculty (M =4.35, SD = 0.68).

Technology anxiety showed a strong age-related increase, F(4, 149) = 34.94, p <.001, n?> = .48,
with means ranging from 2.96 (SD = 0.41) in the youngest group to 4.33 (SD = 0.36) in the oldest
group. Digital self-efficacy demonstrated the inverse pattern, F(4, 149) = 65.43, p < .001, n? = .64,
declining from 5.57 (SD =0.71) to 2.27 (SD = 0.53) across age groups.
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The largest effect size was observed for digital competence, F(4, 149) = 123.49, p <.001, n*> =
.77, with a substantial decline from 3.00 (SD = 0.35) in the youngest group to 1.57 (SD = 0.21) in the
oldest group. Resistance to change, F(4, 149) = 54.41, p <.001, n* = .59, and emotional exhaustion,
F(4, 149) = 16.60, p <.001, n* = .31, also increased significantly with age.

Table 3 — Descriptive Statistics and ANOVA Results by Age Group

Variable 25-34 3544 45-54 55-64 65+ F p n?
n=27) |n=50) [(n=38) |(n=29) [(n=10)

Intrinsic motivation 4.01 3.58 3.03 2.57 1.93 56.88 <.001 |.60
External negative motivation |4.35 4.67 4.84 5.59 5.84 25.89 <.001 |.41
Technology anxiety 2.96 3.42 3.68 4.06 4.33 34.94 <.001 |.48
Digital self-efficacy 5.57 4.54 4.01 3.17 2.27 65.43 <.001 |.64
Resistance to change 3.43 3.90 4.36 4.71 4.92 54.41 <.001 |.59
Digital competence 3.00 2.61 2.28 1.94 1.57 123.49 |<.001 |.77
Technology acceptance 4.20 3.37 3.13 2.54 2.18 56.80 <.001 |.60
Emotional exhaustion 3.12 3.59 3.86 4.27 4.67 16.60 <.001 |.31
Note: Compiled by the authors.

Note: Effect size interpretation: n> = .01 (small), n> = .06 (medium), n?> = .14 (large).
Compiled by the authors.

Independent samples t-tests were conducted to examine gender differences. No significant
differences were found between female (n = 93) and male (n = 61) faculty members on any variable
(all ps > .05). Effect sizes were uniformly small (Cohen’s d range: —0.21 to 0.20). Female faculty
reported slightly higher intrinsic motivation (M = 3.27, SD = 0.78) compared to males (M = 3.14,
SD = 0.74), t(114.9) = 1.00, p = .322, d = 0.17. Similarly, no significant differences emerged for
technology anxiety, t(117.3) = —0.57, p = .568, d = —0.10, or digital self-efficacy, t(121.1) = 1.21,
p=.230,d=0.20.

Multiple regression analyses were conducted to identify predictors of key outcome variables.
Table 4 summarizes the results of five regression models. The regression model predicting intrinsic
motivation was significant, F(6, 147)=42.93, p <.001, R>=.64. Age emerged as the strongest predictor
(B =-1.09, p <.001), indicating that older faculty reported substantially lower intrinsic motivation.
Self-efficacy was also a significant predictor (f = —0.20, p = .016), though the negative coefficient
suggests a suppression effect when controlling for age. Technology acceptance showed a marginal
negative association (f = —0.14, p = .068).

The model predicting technology anxiety was significant, F(5, 148)=27.51,p <.001,R*=.48. Age
was the only significant predictor (B = 0.71, p <.001), indicating that anxiety increases substantially
with age. Neither external negative motivation (SDT: f = 0.06, p = .415; professional: B = 0.02,
p =.765) nor self-efficacy (p = 0.07, p = .508) contributed unique variance when age was controlled.

The model predicting self-efficacy was significant, F(5, 148) =54.49, p <.001, R?=.65. Age again
emerged as the dominant predictor (f = —0.81, p < .001). Intrinsic motivation showed a significant
negative relationship (p = —0.18, p = .020), which may reflect multicollinearity with age. External
negative professional motivation (f = —0.07, p = .250) and resistance (f = —0.07, p = .367) were not
significant predictors.

The model predicting technology acceptance (TAM) was significant, F(5, 148) =41.70, p <.001,
R?=.59. Age was the primary predictor (f =—0.80, p <.001). Intrinsic motivation showed a marginal
effect (3 =—0.16, p=.070), while self-efficacy (B = 0.04, p = .630), anxiety (f =—0.03, p =.705), and
digital competence (p = 0.03, p =.796) were not significant.

The model predicting emotional exhaustion (burnout) was significant but explained less variance,
F(5, 148) = 13.94, p <.001, R? = .32. Age showed a marginally significant positive trend (B = 0.34,
p = .061), and technology anxiety exhibited a similar trend (B = 0.16, p = .097). Neither external
negative motivation (f = 0.04, p = .593), self-efficacy (p = —0.02, p = .858), nor intrinsic motivation
(B =-0.08, p = .452) were significant predictors.
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Table 4 — Summary of multiple regression analyses

Outcome Variable R? | R%adj F df Significant Predictors
Intrinsic motivation .64 |.62 42.93*** 16,147 |Age (B=—1.09%**), Self-efficacy (f = —0.20%)
Technology anxiety 48 | .46 27.51%**% 15,148 | Age (B=0.71*%%)
Digital self-efficacy .65 |.64 54.49%** 15,148 | Age (B =—0.81***), Intrinsic motivation (B =—0.18%)
Technology acceptance |.59 |.57 41.70%** |5 148 | Age (B =—0.80%*%)
Emotional exhaustion |.32 |.30 13.94*** 15148 | Age (B=0.34%)

Note: Compiled by the authors.
Note: = standardized coefficient. * p <.10. * p <.05. *** p <.001.
Compiled by the authors.

K-means cluster analysis was conducted to identify distinct faculty profiles based on motivation
and barrier variables. Six variables were included: intrinsic motivation, external negative motivation,
technology anxiety, digital self-efficacy, resistance to change, and digital competence. All variables
were standardized prior to analysis. The optimal number of clusters was determined by examining
within-cluster sum of squares and the ratio of between-cluster to total variance. A four-cluster solution
was selected, explaining 58.6% of the total variance. Table 5 presents cluster profiles.

Cluster 1: Pragmatic Adapters (n = 46, 29.9%) showed moderate scores across all variables,
with average intrinsic motivation (M = 3.19), moderate anxiety (M = 3.76), and average self-efficacy
(M =4.15). This cluster was predominantly composed of faculty aged 45—54 years (67.4%).

Cluster 2: Digital Enthusiasts (n = 42, 27.3%) demonstrated above-average intrinsic motivation
(M = 3.59), low anxiety (M = 3.22), low resistance (M = 3.75), and relatively high self-efficacy
(M =4.52). This cluster was dominated by faculty aged 3544 years (83.3%).

Cluster 3: Resistant Skeptics (n =42, 27.3%) exhibited the lowest intrinsic motivation (M = 2.42),
highest external negative motivation (M = 5.66), highest anxiety (M = 4.10), lowest self-efficacy
(M = 2.97), and highest resistance (M = 4.77). This cluster was predominantly composed of senior
faculty: 66.7% aged 55-64 and 23.8% aged 65+.

Cluster 4: Digital Leaders (n = 24, 15.6%) showed the most favorable profile: highest intrinsic
motivation (M = 4.06), lowest external negative motivation (M = 4.20), lowest anxiety (M = 2.96),
highest self-efficacy (M = 5.77), lowest resistance (M = 3.45), and highest digital competence
(M =3.01). This cluster was almost exclusively young faculty: 95.8% aged 25-34 years.

Table 5 — Cluster profiles: means and demographic composition

Variable Cluster 1 Cluster 2 Cluster 3 Cluster 4 Total
Pragmatic Enthusiasts Skeptics Leaders Sample

n (%) 46 (29.9%) 42 (27.3%) 42 (27.3%) 24 (15.6%) 154
Profile Variables
Intrinsic motivation 3.19 3.59 2.42 4.06 3.22
External negative motivation 4.80 4.67 5.66 4.20 491
Technology anxiety 3.76 3.22 4.10 2.96 3.58
Digital self-efficacy 4.15 4.52 2.97 5.77 4.18
Resistance to change 4.33 3.75 4.77 3.45 4.15
Digital competence 2.36 2.62 1.89 3.01 241
Age Distribution (%)
25-34 years 0.0 9.5 0.0 95.8 17.5
35-44 years 304 83.3 0.0 4.2 32.5
45-54 years 67.4 7.1 9.5 0.0 24.7
55-64 years 2.2 0.0 66.7 0.0 18.8
65+ years 0.0 0.0 23.8 0.0 6.5
Note: Compiled by the authors.
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The results revealed several consistent patterns:

1. Age as auniversal predictor: Age emerged as the strongest predictor in all regression models,
explaining substantial variance in intrinsic motivation (f =—1.09), technology anxiety (f =0.71), self-
efficacy (B =—0.81), and technology acceptance ( = —0.80).

2. Detrimental effects of external negative motivation: External negative motivation consistently
showed positive correlations with all psychological barriers (anxiety, negative attitudes, resistance)
and negative correlations with protective factors (confidence, self-efficacy), with effect sizes ranging
fromr=.34 tor=—.55.

3. Protective role of intrinsic motivation: All components of intrinsic motivation were negatively
associated with barriers and positively associated with self-efficacy, supporting Self-Determination
Theory predictions.

4. Independence of identified regulation: Notably, identified regulation showed no significant
relationships with psychological barriers, suggesting that internalized acceptance of digitalization’s
importance operates independently of anxiety or resistance.

5. Distinct faculty typology: Four distinct faculty types were identified, strongly differentiated
by age, with “Resistant Skeptics” (predominantly senior faculty) showing the most challenging profile
for digital transformation initiatives.

Discussion

The research results showed number of patterns that can be important in the context of study of
digital transformation and psychological barriers of faculty members.

First, age emerged as the dominant predictor across all regression models, explaining variance
in intrinsic motivation (f = —1.09), technology anxiety (f = 0.71), digital self-efficacy (f = —0.81),
and technology acceptance ( = —0.80). This finding is critically important for the further technology
adoption in the sphere of higher education.

Second, the correlation analyses demonstrated that intrinsic motivation was consistently negatively
associated with psychological barriers (technology anxiety, resistance to change) and positively
associated with protective factors (digital self-efficacy, confidence). Conversely, external negative
motivation showed the opposite pattern, with strong positive correlations with anxiety (r = .46) and
resistance (r = .43), and a strong negative correlation with self-efficacy (r = —.55).

Third, identified regulation showed no significant correlations with psychological barrier variables,
suggesting that internalized acceptance of digitalization’s value operates independently of anxiety
or resistance. Fourth, cluster analysis identified four distinct faculty types—Digital Leaders, Digital
Enthusiasts, Pragmatic Adapters, and Resistant Skeptics—that were strongly differentiated by age.

The present findings strongly supportthe application of Self-Determination Theory to understanding
faculty technology adoption. Consistent with SDT predictions [12], autonomous forms of motivation
(intrinsic motivation) were associated with more favorable attitudes toward technology, lower anxiety,
and higher self-efficacy. Faculty members who engage with educational technologies out of genuine
interest and satisfaction appear to experience fewer psychological barriers and demonstrate greater
openness to digital innovation.

Conversely, controlled forms of motivation (external and introjected regulation) were associated
with heightened psychological barriers. The finding that external negative motivation showed the
strongest negative correlation with digital self-efficacy (r = —.55) is particularly noteworthy.

Age was the strongest predictor in all five regression models, often overshadowing other
theoretically important variables. This finding extends previous research on age-related differences in
technology adoption by demonstrating that age effects persist even when controlling for motivation,
self-efficacy, and other psychological factors.

The age effect observed in this study likely reflects multiple underlying processes. First,
generational differences in technology exposure during formative years may create lasting differences
in comfort and familiarity with digital tools. Second, age-related changes in cognitive flexibility and
learning capacity may make technology adoption more effortful for older adults. Third, career stage
differences may influence motivation: younger faculty seeking tenure may perceive stronger incentives
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for technology adoption, while senior faculty with established reputations may see less benefit from
changing their pedagogical approaches.

The four-cluster solution provides a practically useful typology for understanding faculty diversity
in technology adoption. Each cluster represents a distinct profile with specific characteristics and
support needs.

Digital Leaders (15.6%). This cluster, composed almost exclusively of young faculty (95.8%
aged 25-34), represents the vanguard of digital transformation. These individuals demonstrate the
highest intrinsic motivation, lowest anxiety, highest self-efficacy, and greatest digital competence.
They require minimal direct support for technology adoption but represent valuable resources for peer
mentoring and institutional change leadership.

Digital Enthusiasts (27.3%). Dominated by faculty aged 35-44 (83.3%), this cluster shows
above-average intrinsic motivation and self-efficacy with relatively low anxiety and resistance.
These individuals are positively disposed toward technology but may benefit from advanced training
opportunities. They represent a natural bridge between Digital Leaders and more hesitant colleagues.

Pragmatic Adapters (29.9%). This largest cluster, predominantly aged 45-54 (67.4%), shows
moderate scores across all variables. These faculty members are neither enthusiastic nor resistant;
they adopt technologies when they perceive clear benefits and adequate support. For this group,
demonstrating practical applications, providing hands-on training, and ensuring reliable technical
support are essential.

Resistant Skeptics (27.3%). Composed primarily of senior faculty (66.7% aged 55-64, 23.8%
aged 65+), this cluster presents the greatest challenge for digital transformation initiatives. With
the lowest intrinsic motivation, highest anxiety, lowest self-efficacy, and highest resistance, these
individuals require intensive, patient, and respectful support. Importantly, coercive strategies are
likely to be counterproductive given the strong association between external negative motivation and
psychological barriers.

Conclusion

The current research examined the psychological barriers of faculty members in the context of
digital transformation of higher education. The findings showed that age can be seen as the dominant
predictor of motivation, anxiety and self-efficacy. The created cluster typology can be seen as the
practical framework for the development of further strategies.

Several limitations of this study should be acknowledged. First, the cross-sectional design
precludes causal inferences. While the regression analyses identified predictors, the direction of
causality cannot be established. Longitudinal research is needed to clarify causal mechanisms.

Second, the sample was drawn from universities in a single country, limiting generalizability to
other cultural and institutional contexts. Technology attitudes and adoption patterns may differ across
national contexts due to infrastructure differences, cultural values, and educational traditions. Cross-
cultural replication studies are warranted.

Third, all measures were self-reported, introducing potential biases including social desirability
and common method variance. Objective measures of technology use frequency and competence
would strengthen future research. Additionally, the reliability coefficients for some subscales were
below conventional thresholds, reflecting limitations that should be addressed in future studies.

Fourth, the age categories used in this study were relatively broad, potentially masking important
within-group variability. Future research might examine age as a continuous variable or use finer-
grained categories to better understand developmental trajectories.

Several directions for future research emerge from this study. First, longitudinal studies are needed
to examine how motivation and psychological barriers change over time as faculty gain experience
with digital technologies. Second, intervention studies should test whether strategies derived from this
research—differentiated by age group, targeting identified regulation, avoiding coercive approaches—
are more effective than traditional faculty development models.
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The findings show that to successfully implement digital transformation in the higher education it
is necessary to provide individualized strategies of digitalization for certain types of faculty members.
The understanding of psychological dynamics can lead to more effective technology adoption scenarios
and can facilitate digital transformation in higher education institutions.

Higher education institutions in Kazakhstan should not blindly follow the digitalization pathway,
but understand the psychological needs and fears of their main driving source — faculty members.

Funding information. The article was prepared within the framework of the grant-funded
project of the Ministry of Science and Higher Education “Zhas Galym” (“The psychological impact
of digital technologies on faculty motivation amid the transformation of the higher education
system” IRN AP25795481).
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ZKOFAPBI BIUIIM BEPYIH HU®PJIBIK TPAHC®OPMALIUACHI
KOHTEKCTIHAEI'T OKBITYIBIJTAPABIH MOTUBAIIUAJIBIK ®PAKTOP/ITAPBI
MEH INICUXOJIOTUAJBIK KEAEPT'TJIEPL: SMIIMPUKAJIBIK 3EPTTEY

Anjiarna

Korapel OumiMHIH TUQPPIBIK TpaHCHOpPMAIHMIACH OKBITYIIBUIAPAH JKaHA TEXHOJIOTHSIIAPAbI MEHTepyi
Tajam eTeli, ajaia OoNapIblH CHTI3LTYy JEHTeHi o Je aiTapibslkTail e3repmeni Oonbin Kamyma. by 3eprreyme
YHHUBEPCUTET OKBITYIIBUIAPHI apachlHIAFbl MOTHBAIMSIBIK (PAKTOPIap, MCHUXOJOTHSUIBIK KeIeprijiep JKoHE TeX-
HOJIOTHsIApAbI KaObuIgay apachlHAarbl e3apa OaiaHbIcTap 3epacicHmai. O©3iH-e31 aHbIKTay TeopuschiHa (OAT)
JKOHE TeXHoJorusuiapasl Kaowsuinay mozenine (TKM) cyiieHe OThIpbIN, 013 MOTHBAIMSHBIH OPTYPIi TYpPJICPIHIH
TEXHOJIOTHSUTBIK, Ma3aChI3BIKIICH, ©3TepicTepre KapChUIBIKIICH JKOHE IUQPIBIK ©3iH-031 THIMILTIKICH Kayiai
OailTaHbICATHIHBIH 3€PTTE/IK. MEMIIEKETTIK, JKEKe JKOHE YITTBIK 3ePTTEY YHUBEPCUTETTEPiHIH 154 OKBITYIIBICHIHBIH
KaTBICYBIMEH KOIZICHEH KHUMallbl cayalHama >Kypri3inmi. Kareicymsimap axamemusuislk MoTuBarmsabl (AMILD),
TeXHOMOTHSUTBIK  Mazachi3abIKThl (LIIKPK), e3repictepre KapChUTBIKTBI, MHUMPIBIK ©31H-631 THIMAUIIKTI, TEXHO-
JOTUsUIapAbl  KaObuLaayabl, HUQPIBIK KY3bIPETTUIIKTI JoHe Kkociou Ttyranyasl (MBI) emmeiitin BanuarenreHn
Kypajiap/sl TOATBIPABL. JlepeKkTep KoppesIisuIbIK Tanaay, Aucrepcusutbik Tanaay (ANOVA), kel peTTik perpeccus
KoHe k-opramanmap oImiCIMEH KJIACTEpIIK Taugay apKbUIBI eHIenmi. HoTwkenep acTel OapiblK PErpecCHsUTBIK
MOJIENBACPACTI YCTeM MPEOUKTOp PETiHAE aHBIKTAmbl: ON imki moTwBamusHblH (f = —1,09), TEXHOIOTHSITBIK
Ma3aceBABIKTEH (B = 0,71), mudprsik e3iH-031 TriMainikTiy (f = —0,81) oHe TeXHONIOTHSLIAPAB! KaOBUIIayIbIH
(B=-0,80) mucriepcusAcHIHBIH enoyip Oemiria Tyciaaipai. ChIPTKBI Tepic MOTHBALIUS IICUXOIOTUSIIBIK KEepTijIepMeH
Kymti oH koppessiiust (r = ,39—,46) xoHe ©3iH-031 THIMAUTIKIICH Tepic Koppemsmus (r = —,55) kepcerti. Alita
KETepJIiri, uacHTH()UKAIUSIIAHFAH PETTEY KEACPTiIepPMEH MaHBI3bl OailylaHbIC TaHBITIABI. KiacTepiik Tanmay
OKBITYIIBUIAP/IBIH TOPT TYPiH aHBIKTAIbI: «L[udpibik kembacmemapy, « [ {udpibik suTY3HacTapY, «[IparMaTHKambK
amanTepiepy xkoHe « CKeNTHK-KapchLIacTapy, ojap jkac OOMBIHINA alKbIH aXKBIPATBLIIHL.

Tipek ce3mep: nudpIbIK TpaHCHOPMAIHSL, JKOFAPBI OLTIM, OKBITYIIBUTAPIBIH MOTHBAIUACH, ©31H-031 aHBIKTAY
TEOPHSICHI, TEXHOJIOTHSIIBIK Ma3achI3IbIK, ©3repicTepre KapChUIBbIK, ITU(PIBIK 631H-031 THIMILTIK.
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MOTHUBALOUMOHHBIE ®PAKTOPBI U ICUXOJOT'MYECKHUE BAPBEPBI
HNPEINIOJABATEJIEN B KOHTEKCTE HU®POBOU TPAHC®OPMALIUN
BBICIHIEI'O OBPA3OBAHUSA: OMIIUPUYECKOE UCCJIEJOBAHUE

AHHOTALUA
Hudposas Tpanchopmanys BeICIIETo 00pa3oBaHs TPeOyeT OT MperonaBarenell 0CBOCHHS HOBBIX TEXHOJIOTHIH,
OJIHAKO YPOBEHb UX BHEJPEHHUS MO-IIPEKHEMY CYILIECTBEHHO BapbupyeTcs. B JaHHOM HccneoBaHUM H3y4alIuCh B3a-
HNMOCBA3U MEKIY MOTHBAIIMUOHHBIMH (baKTOpaMI/I, IICUXOJIOTNYCCKUMHU 6ap1)epaM1/1 1 IPUHATHEM TEXHOIOTHUI cpeaun
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YHHUBEPCUTETCKHX Tpenofasareneil. Onmpasice Ha Teoputo camozaerepmunanuu (TC/l) u MoJenb NPUHSATHS TEXHO-
noruii (MIIT), MBI nccaenoBany, KakuM 00pa3oM pas3sIMYHbIC THUITBI MOTHBAIIMH COOTHOCSTCS C TEXHOJIOTHYECKON
TPEBOXKHOCTBIO, CONPOTHBICHUEM HM3MEHEHUSIM M IU(PPOBOH caMo3(pPeKTHBHOCTBIO. BBUIO MpoBeneHo momeped-
HOE aHKETHPOBaHHE C ydacTueM 154 mpenopaBareneil rocyJapcTBEHHBIX, YaCTHBIX M HAI[MOHAJIBHBIX HMCCIIEIOBa-
TEJILCKUX YHUBEPCUTETOB. Y YaCTHUKH 3aMIOIHSIN BAJIUANPOBAHHbIC HHCTPYMEHTHI [l H3MEPEHHs aKaIeMUIeCKOM
MOTHBaIMH, TexHojornueckoit TpesoxkHoctr (ILIKPK), conporupienust u3menenusiM, udpoBoii camodhpexTns-
HOCTH, TPUHSATHS TEXHOJIIOTHH, IU(PPOBOH KOMIIETEHTHOCTH | TTpodeccronansHoro Beiropanus (MBI). [lannble ana-
JM3UPOBAINCEH C TIPUMEHEHNEM KOPPEJISIIIMOHHOTO aHaIN3a, JuciiepcoHHoro anannia (ANOVA), MHOXeCTBeHHON
perpeccun M KIacTepHOTO aHaJIM3a METOOM K-cpenHnX. Pe3yrnbTarsl Mokas3ain, 4To BO3PACT SIBISICS JIOMHHHPY-
IOIINM TIPEAUKTOPOM BO BCEX PErPECCHOHHBIX MOJEINSX, OOBSICHAS 3HAYUTEIBHYIO JIONIO0 JUCHEPCHN BHYTPCHHEH
mortuBamuu (f = —1,09), TexHonoruyeckoit TpeBokHoctd (B = 0,71), mudposoii camoappexrusHoctu (B = —0,81)
u npuHATHs TexHonorui (B = —0,80). BHeninss HeratBHAs MOTHBAIMsl OOHAPYXKUIIA CHIIBHBIC MOJOKHTEIbHBIC
KOPPEJISILMY C ICHXOJI0rnYeckuMu 0apbepami (r =,39—,46) n oTpuLaTesIbHBIE KOPPEISLUK ¢ caM03()(PEKTHBHOCTHIO
(r = —,55). [IpumevarenbHO, YTO WAESHTH(HUINPOBAHHAS PETY/SIIUS HE MOKa3aja 3HAYMMBIX CBs3el ¢ Oapbepamy.
KnacrepHslif aHaIM3 MO3BOIII BBIICIIUTD YEThIpe THIA Tpenofasateneii: «Lnppossie muaeps», «Lndpossie sHTY-
3uacTel», «IIparmarnynsie agantepb» n «CKENTHKH-PE3UCTEHTH», KOTOPBIE CYMIECTBEHHO AU (hepeHnnpoBaIncy
0 BO3PACTY.

KonroueBnle cioBa: mudposas TpanchopMmanys, BeiciIee 00Opa3oBaHHe, MOTHBALUS NperofaBaTeseii, Teopus
caMoJIeTepPMHUHAINH, TEXHOJIOTMYECKasi TPEBOKHOCTh, CONPOTHBIICHNE U3MEHEHHUSIM, IN(POBast caMOd(PPEKTHBHOCTb.
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