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Introduction: The rapid integration of generative artificial intelligence (Al)
tools such as ChatGPT and DeepSeek is transforming higher education, yet
limited attention has been paid to their effects on faculty well-being. This study
addresses this gap by examining how technology acceptance and emotional
factors shape university teachers’ adoption of DeepSeek and its subsequent
impact on stress, happiness, and energy.

Methods: A cross-sectional survey was conducted among 711 faculty members
from Chinese universities between January and February 2025. Data were
analyzed using covariance-based structural equation modeling (CB-SEM) and
fuzzy-set qualitative comparative analysis (fsQCA) to capture both linear and
configurational relationships among variables.

Results: Findings show that perceived usefulness, ease of use, and enjoyment
significantly predict DeepSeek adoption. Adoption, in turn, is associated with
increased happiness and reduced stress but shows no significant effect on faculty
energy. The combination of TAM and fsQCA approaches revealed multiple
sufficient pathways leading to positive well-being outcomes, emphasizing the
importance of usability and hedonic motivation.

Discussion: The study extends the Technology Acceptance Model by
incorporating emotional and contextual drivers of adoption. It suggests
that universities should strengthen training, usability design, and workload
management policies to balance innovation with faculty well-being.

KEYWORDS

artificial intelligence, generative Al, DeepSeek, technology acceptance model, faculty
well-being, structural equation modeling, fSQCA, higher education

1 Introduction

Generative artificial intelligence (AI) tools such as DeepSeek and ChatGPT are rapidly
reshaping higher education. They promise substantial benefits, including more efficient
instruction, personalized learning opportunities, and reduced administrative burdens (Li et al.,
2024; Maheshwari, 2024). At the same time, their integration raises important challenges
regarding academic integrity, ethics, and institutional governance (Tlili et al., 2023; Zawacki-
Richter et al., 2024). A crucial but underexplored dimension of this transformation is its effect
on faculty well-being. While teacher happiness, stress, and energy are central to sustaining
effective teaching and learning environments, most existing research emphasizes student
perspectives—for example, how learners evaluate the usefulness of Al in supporting learning
and assessment (Adams et al., 2024; Bower et al., 2024). Fewer studies focus on faculty, even
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though their adoption decisions ultimately shape classroom practices,
institutional strategies, and the quality of student outcomes (Jeon and
Lee, 2023; Ansari et al., 2024).

Recent evidence shows that faculty responses to Al are influenced
not only by utilitarian concerns such as efficiency but also by
emotional and psychological factors. For example, stress and
technostress remain pressing concerns in higher education (Kinman
and Court, 2010; Nascimento et al., 2024). A recent study
demonstrated that ChatGPT adoption by university teachers positively
influenced happiness and reduced stress, confirming that adoption has
both psychological and behavioral consequences (Zhang et al., 2024).
Similarly, longitudinal findings highlight that while some digital
demands can lead to strain, they may also generate “techno-eustress,”
a form of positive stress that enhances motivation and engagement
under supportive conditions (Nascimento et al., 2025). Together, these
results suggest that generative Al adoption has complex implications
for well-being, reinforcing the need for research that explicitly
examines both risks and benefits for faculty.

The Technology Acceptance Model (TAM) provides a widely
used framework for analyzing technology adoption, focusing on
perceived usefulness (PU) and perceived ease of use (PEU; Davis
etal., 1992). However, TAM has been criticized for its parsimony
and for overlooking emotional and contextual drivers of adoption
in higher education (Mehta et al., 2019). In response, recent
extensions incorporate factors such as enjoyment, satisfaction,
and psychological outcomes to capture contemporary adoption
processes more comprehensively (Nascimento et al., 2025). This
reflects the growing recognition that engagement with generative
Al is shaped not only by utility and usability but also by hedonic
and motivational factors.

Building on these insights, this study applies an extended TAM
framework to examine how perceived usefulness, ease of use, and
enjoyment influence university teachers’ adoption of DeepSeek. It further
investigates how adoption affects three dimensions of faculty well-being:
stress, happiness, and energy. Methodologically, the study employs both
structural equation modeling (SEM) and fuzzy-set qualitative comparative
analysis (fSQCA) to provide complementary insights into linear and
configurational relationships. In doing so, it contributes by foregrounding
the underexplored faculty perspective, extending TAM with well-being
constructs, and demonstrating a dual-method approach to understanding
Al adoption in higher education.

2 Theoretical framework and
hypotheses development

2.1 Technology adoption: extending TAM
with contextual and motivational factors

The Technology Acceptance Model (TAM), introduced by
Davis et al. (1992), remains one of the most influential
frameworks for analyzing technology adoption. It emphasizes
two core constructs: perceived usefulness (PU) and perceived
ease of use (PEU), both of which shape users’ attitudes and
intentions. TAM has been widely applied in education, yet its
parsimony has drawn criticism for not adequately capturing the
complex social and psychological contexts in which adoption
occurs (Mehta et al., 2019; Ukpabi and Karjaluoto, 2017). Recent
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scholarship in Education and Information Technologies
highlights a shift toward extending TAM with additional
constructs that better reflect real-world adoption scenarios (Al-
Adwan et al., 2023).

To address these limitations, the present study integrates
perceived enjoyment (PE) as a hedonic factor alongside PU and
PEU. This extension aligns with Venkatesh et al. (2012), who
emphasized the role of intrinsic motivation in technology
adoption, particularly in dynamic and uncertain environments
such as generative AL It also resonates with Self-Determination
Theory (SDT), which posits that intrinsic enjoyment fosters
engagement and sustained technology use (Ryan and Deci, 2001).
Recent studies confirm that hedonic motivation significantly
influences AI adoption in higher education, making PE an
essential addition to this framework.

In the present context, PU reflects the extent to which
university teachers perceive DeepSeek as enhancing their
teaching effectiveness, PEU captures perceptions of its ease of
integration into existing workflows, and PE represents the
intrinsic satisfaction derived from using the tool. By combining
these three constructs, the study develops a more holistic model
of faculty adoption that moves beyond functionality to consider
enjoyment and motivation—factors increasingly emphasized in
recent research on generative Al

2.2 University teachers’ well-being: a
multi-dimensional perspective

The second pillar of this study concerns the relationship between
AI adoption and faculty well-being. Well-being is a multifaceted
construct encompassing both the absence of negative states, such as
stress, and the presence of positive states, such as happiness and
vitality (Bakker and Oerlemans, 2011; Xanthopoulou et al., 2012).
Faculty well-being has gained renewed attention as institutions
grapple with the psychological consequences of digital transformation
(Califf and Sarker, 2024).

This study operationalizes well-being through three dimensions—
happiness, energy, and stress—which together capture both positive
and negative outcomes of Al integration.

i Happiness reflects a state of contentment and positive affect
(Lu, 2001; Peccei and Van De Voorde, 2019).
ii Energy represents vitality and resilience in sustaining academic
tasks (Schaufeli et al., 2002; Buil et al., 2019).
iii Stress denotes psychological strain in response to workload or
uncertainty (Szab6 and Lovibond, 2006).

This multidimensional perspective echoes recent calls for a
more nuanced evaluation of how digital technologies influence
academic work (Zawacki-Richter et al., 2024). AI tools such as
DeepSeek may have contradictory effects: on one hand, reducing
repetitive tasks and providing teaching support could enhance
happiness and energy; on the other hand, constant adaptation
pressures and evolving student expectations may elevate stress.
This dual potential underscores the importance of investigating
adoption outcomes through a well-being lens, rather than
limiting analysis to performance or efficiency.
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2.3 Hypotheses development

Drawing on the integrated TAM and well-being perspectives, this
study proposes the following hypotheses:

H1. Perceived usefulness (PU) will positively influence university
teachers’ adoption of DeepSeek.

Rationale: Consistent with TAM, teachers who perceive DeepSeek
as enhancing teaching effectiveness are more likely to adopt it (Davis
etal., 1992; Ansari et al., 2024).

H2. Perceived
influence adoption.

ease of wuse (PEU) will positively

Rationale: User-friendly and easily integrated tools

increase the likelihood of adoption (Venkatesh, 2000; Xiao
et al., 2023).
H3. Perceived enjoyment (PE) will positively influence adoption.

Rationale: Intrinsic satisfaction and hedonic motivation

strengthen adoption intentions (Venkatesh et al., 2012).
H4. DeepSeek adoption will influence faculty well-being.
H4a: Adoption will positively influence happiness.

H4b: Adoption will positively influence energy.

H4c: Adoption will negatively influence stress.

Rationale: Faculty who effectively adopt DeepSeek may experience
increased job satisfaction and vitality through workload reduction,
while simultaneously reporting lower stress levels (Bruggeman et al.,
2022; Mudrak et al., 2018; see Figure 1).

10.3389/feduc.2025.1688902

3 Methodology
3.1 Measurement instrument

To rigorously test our hypotheses, we developed a comprehensive
questionnaire by adapting established scales from the existing
literature. The constructs were measured as follows:

(i) Perceived Ease of Use (PEU): Five items adapted from
Venkatesh (2000)

(ii) Perceived Usefulness (PU): Five items from Davis et al. (1992)

(iii) Perceived Enjoyment (PE): Four items from Luo et al. (2011)
to gage enjoyment.

(iv) DeepSeek Adoption: Three items developed based on Ajzen
(1991) behavioral intention framework, tailored to reflect
actual faculty adoption of DeepSeek.

(v) Happiness: Three items were derived from Peccei and Van De
Voorde (2019).

(vi) Energy: Three items from Schaufeli et al. (2002).

(vii)Stress: Three items from Buil et al. (2019).

All items were measured on a five-point Likert scale ranging from
1 (“Strongly Disagree”) to 5 (“Strongly Agree”). A pretest with a small
group of faculty ensured clarity and contextual appropriateness. The
complete list of measurement items is provided in Appendix 1.

3.2 Fieldwork and sample characteristics

The study employed a cross-sectional survey design targeting
university faculty in China. The questionnaire was distributed through
university mailing lists, LinkedIn, and faculty social media groups
(WeChat, WhatsApp). A convenience sampling strategy was adopted
due to accessibility and time constraints, but efforts were made to
diversify participants across multiple institutions and disciplines
within business and management faculties.

TAM CONSTRUCTS

Perceived Usefulness
(PU)

Perceived Ease of use
(PEU)

ADDITIONAL CONSTRUCTS

Perceived Enjoyment
(PE)
FIGURE 1

Research hypothesis model.

DeepSeek adoption

UNIVERSITY TEACHER’S WELL-BEING

Happiness

Energy
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Data collection started in early January 1, 2025 and continued
until February 28, 2025. After screening for completeness, a total of
711 valid responses were retained for analysis. This sample size
exceeds the recommended minimum for structural equation modeling
given the complexity of the model (26 observed variables, 7 latent
constructs), following guidelines from Soper (2024) and Preacher and
Coffman (2006).

To protect participants, the survey was anonymous and
voluntary. Ethical approval for this study was obtained from the
Ethics Committee of the Faculty of Education, Henan University
(Approval No. HUSOM2025-824). Informed consent was obtained
electronically from all individual participants included in the
study prior to their participation. The study was conducted in
accordance with the ethical standards of the institutional and/or
national research committee and with the 1964 Helsinki
and its later amendments or

declaration comparable

ethical standards.

3.3 FsQCA analysis

To complement SEM findings and capture the configurational
complexity of adoption and well-being, fuzzy-set Qualitative
Comparative Analysis (fsSQCA) was applied. Unlike regression models
that assume symmetrical relationships, fsQCA identifies multiple
sufficient combinations of conditions that lead to specific outcomes
(Ragin, 2014; Fiss, 2011). All variables were calibrated into fuzzy-set
membership scores using the direct method (Ragin, 2014). Calibration
thresholds followed established practice: full membership =5
(“Neutral”), and full
Disagree”)  (Schneider

(“Strongly ~ Agree”),  crossover = 3

non-membership=1 (“Strongly and
Wagemann, 2012).

A truth table was constructed using a consistency threshold of
0.75 and a raw coverage threshold of 0.50, reflecting commonly
accepted cutoffs in fsQCA studies (Fiss, 2011; Schneider and
Wagemann, 2012). Necessity analysis was also performed to assess
whether individual conditions consistently appeared across high well-
being outcomes.

Analyses were conducted using the QCA package in R (Dusa,
2019), ensuring transparency and replicability. This dual-method
approach—SEM for testing linear effects and fsQCA for identifying
alternative pathways—provides a more nuanced understanding of

how AT adoption shapes faculty well-being.

4 Findings
4.1 Analysis of measurement scales

The psychometric properties of the measurement scales were first
assessed. Cronbach’s a values ranged from 0.68 to 0.84. While most
constructs exceeded the recommended threshold of 0.70, the « for
perceived usefulness (0.68) was marginal but still considered
acceptable for exploratory research (Hair et al., 2019). Factor loadings
were consistently above 0.71, supporting item reliability (Tabachnick
and Fidell, 2007).

Confirmatory factor analysis (CFA) was then conducted using
robust maximum likelihood estimation. The results indicated a
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marginal but defensible model fit: y*/df =3.27, RMSEA = 0.057,
SRMR = 0.043, CFI = 0.803, NFI = 0.639, NNFI = 0.754, IFI = 0.817.
While the incremental fit indices (CFI, NFI) fell below the conventional
0.90 threshold, the strong RMSEA and SRMR values indicate that the
overall model is interpretable. Such patterns are common in complex
models estimated with large samples, where trivial misfit is magnified
(Marsh et al., 2004). Composite reliability (CR) exceeded 0.70 across all
constructs, and average variance extracted (AVE) values were generally
around or above 0.50, supporting convergent validity (Anderson and
Gerbing, 1988; Fornell and Larcker, 1981). All standardized loadings
were significant (t > 2.58), further confirming validity.

Overall, the findings provide evidence that the measurement
scales used for perceived usefulness, ease of use, enjoyment, adoption,
and well-being dimensions (happiness, energy, stress) demonstrated
acceptable reliability and validity (Table 1).

4.2 Discriminant validity and common
method bias

Discriminant validity was established by comparing the square
root of AVE with the inter-construct correlations. As shown in Table 2,
the square root of AVE values (main diagonal) were greater than inter-
construct correlations, confirming discriminant validity (Fornell and
Larcker, 1981).

To assess potential common method bias, we compared our
seven-factor measurement model with a single-factor model
(Podsakoff et al., 2003). The seven-factor model fit the data
significantly better (Ay? = 272.149, df = 84, p < 0.01), indicating that
common method variance was not a serious concern.

4.3 Covariance-based structural equation
modeling and hypothesis testing

A covariance-based structural equation model was estimated to
test the proposed hypotheses. The model fit indices were: y* = 278.518,
df =168, x*/df = 1.68, RMSEA = 0.030, CFI =0.803, NFI =0.639,
NNFI = 0.754, IFI = 0.817. Although some incremental indices fell
below recommended thresholds, the RMSEA and y*/df values suggest
an overall acceptable fit for interpretation.

The results, presented in Table 3, indicate that perceived usefulness
(=0.44, p < 0.01) and perceived ease of use (= 0.71, p < 0.01) were
significant predictors of adoption. Perceived enjoyment (f = 0.95,
p =0.270) showed a substantively strong relationship with adoption,
though this was not statistically significant. The substantial but
non-significant coefficient for enjoyment suggests it may be an
important factor worthy of further investigation with larger samples.
Together, these factors explained 59% of the variance in adoption
(R*=0.59). Table 3 and Figure 2 present the results independently to
avoid overlap. Table 3 reports standardized coefficients, errors, t-values,
significance levels, and R* values for all endogenous constructs, while
Figure 2 illustrates the structural model and causal pathways.

Overall, the CB-SEM results indicate that DeepSeek adoption
significantly enhances faculty happiness and reduces stress, but its
impact on energy is comparatively limited. This suggests that the
positive effects of generative AI on faculty well-being are primarily
emotional rather than physical.
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TABLE 1 Measurement model estimation (internal consistency and validity of the measurement scales).

Latent construct Observable variable Mean (SD) A (t-Stat) a CR AVE
Perceived Usefulness PUI - 4.16 (0.79) 0.96
PU2 4.02 (0.82) 0.89%* (14.69)
PU3 4.15 (0.80) 0.61%* (7.06) 0.68 0.67 0.67
Mean(SD) = 4.12 (0.57)
PU4 4.14 (0.78) 0.97%* (43.80)
PU5 4.14 (0.84)
Perceived PEU1 4.09 (0.75) 0.93 0.86
Ease of use PEU2 4.04 (0.73) 0.97%* (48.79)
PEU3 4.00 (0.80) 0.76** (11.51) 0.7 0.7
Mean (SD) = 5.30 (1.32) PEU4 4.09 (0.84)
PEUS 3.96 (0.88) 0.96** (48.39)
Perceived Enjoyment PE1 4.00 (0.80) 0.85
PE2 3.91(0.92) 0.89%* (14.43)
0.92 0.93 0.77
Mean (SD) = 3.90 (1.50) PE3 3.92 (0.90) 0.86%* (6.10)
PE4 3.90 (0.91) 0.91°** (8.25)
DeepSeek adoption DEEP1 3.85(0.95) 0.99
DEEP2 3.91(0.87) 0.95%* (20.57) 0.71 2.66 0.94
Mean (SD) = 4.83 (1.49)
DEEP3 3.87(0.94) 0.97%* (28.39)
Happiness HAP1 3.90 (0.90) 0.88
HAP2 3.94 (0.94) 0.98** (26.98) 0.92 0.94 0.92
Mean (SD) = 4.02 (1.83)
HAP3 3.97 (0.88) 0.92%* (15.59)
Energy ENE1 3.81(1.03) 0.98
ENE2 3.86 (0.98) 0.98** (31.93) 0.97 0.98 0.94
Mean (SD) = 3.53 (1.86)
ENE3 3.87(0.94) 0.97%* (29.82)
Stress STR1 2.60 (1.44) 0.97
STR2 2.42 (1.36) 0.97%#% (22.01) 0.97 0.94 0.97
Mean (SD) = 2.48 (1.43)
STR3 2.03 (1.25) 0.52%% (1.35)

SD, Standard deviation; A, Standardized factor loading; a, Cronbach’s alpha; CR, composite reliability; AVE, average variance extracted. **p < 0.01.

TABLE 2 Discriminant validity analysis (linear correlation between latent constructs).

Construct

1. Perceived Usefulness 0.82

2. Perceived Ease of use 0.52%% 0.84

3. Perceived Enjoyment 0.50%%* 0.60%* 0.88

4. DeepSeek adoption 0.30%* 0.40%* 0.70%* 0.97

5. Happiness 0.60%* 0.70%* 0.60%* 0.50%* 0.93

6. Energy 0.50%* 0.60%* 0.50%* 0.60%* 0.80%* 0.97

7. Stress —0.40%* —0.50%* —0.40%* —0.70%* —0.70%* —0.70%* 0.97

In Italics, square root of AVE (main diagonal); below diagonal, correlations between latent factors. *p < 0.05; **p < 0.01.

4.4 Fuzzy-set qualitative comparative
analysis results

4.4.1 Calibration

To complement SEM and explore alternative adoption
pathways, fsQCA was conducted. Following Ragin (2014), raw
Likert-scale responses (1-5) were calibrated into fuzzy-set
membership scores ranging from 0 (full non-membership) to 1

Frontiers in Education

(full membership), with 3 as the crossover point (0.5). This direct
calibration method is widely used in educational and
(Fiss, 2011;

organizational  research Schneider  and

Wagemann, 2012).
4.4.2 Configurational pathways

Separate truth tables were generated for happiness, energy,
and stress to ensure outcome-specific analyses and avoid
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TABLE 3 Hypotheses testing (causal relationships estimation).

10.3389/feduc.2025.1688902

Hypothesis Relationship (direct effect) Stand. Coeff Stand. error Support
H1 Perceived Usefulness— DeepSeek adoption 0.44%%* 0.05 18.10 Yes
H2 Perceived Ease of use—DeepSeek adoption 0.71%%* 0.05 27.76 Yes
H3 Perceived Enjoyment—DeepSeek adoption 0.95%%* 0.056 9.59 Yes
H4a DeepSeek adoption—Happiness 3.59%* 0.04 11.59 Yes
H4b DeepSeek adoption—Energy 0.06** 0.02 15.61 Yes
H4c DeepSeek adoption— Stress —0.32%* 0.08 -7.5 Yes

Stand. Coeff, Standardized Coefficient; Stand. error, Standard error. **p < 0.01.

Perceived Usefulness
(PU)

Perceived Ease of use
(PEV)

Perceived Enjoyment
(PE)

FIGURE 2

Happiness

DeepSeek adoption

Structural model estimation of the causal relationships. **p < 0.01. t-stat values shown in brackets.

confounding across well-being dimensions. Consistency
thresholds were set at 0.75 and coverage at 0.50, following
recommended benchmarks in configurational research (Ragin,

2014; Fiss, 2011).

4.4.2.1 Happiness configuration analysis

Multiple sufficient configurations predicted faculty happiness,
with high consistency (> 0.947) and strong proportional reduction
(PRI > 0.939). The
(Configuration 16) combined high usefulness, ease of use, enjoyment,

in inconsistency dominant pathway
and adoption. Other pathways indicated that ease of use and
enjoyment alone could foster happiness, even at lower adoption
levels. One pathway (Configuration 8) suggested that perceived
potential—rather than actual adoption—was enough to enhance

happiness (Table 4).

4.4.2.2 Energy configuration analysis

The energy outcome showed slightly lower inclusion scores (>
0.920) but still indicated multiple sufficient pathways. Full engagement
with DeepSeek (usefulness, ease of use, enjoyment, and adoption)
consistently predicted higher energy (Configuration 16). Interestingly,
some pathways suggested that ease of use alone, even without high
adoption, helped sustain energy. This points to the importance of
usability in supporting faculty vitality (Table 5).

Frontiers in Education
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4.4.2.3 Stress configuration analysis

In contrast, the fsSQCA analysis failed to identify any robust,
sufficient pathways for stress reduction. Most configurations showed
low consistency (< 0.605), which falls below the standard sufficiency
threshold of 0.75 (Schneider and Wagemann, 2012). While one
configuration (Configuration 8) suggested that intuitive and
engaging tools may reduce stress, this finding lacks reliability due to
its weak consistency score. The overall findings clearly indicate that
stress reduction is not meaningfully explained by DeepSeek adoption
alone. Instead, stress outcomes are likely shaped by additional
organizational and contextual factors beyond AI use (Table 6). This
null finding for stress pathways represents a key result, highlighting
the limitations of AI adoption in addressing faculty stress.

Overall, the findings suggest that intuitive and engaging tools may
ease stress, but the consistency and coverage values indicate that
adoption alone is not sufficient to explain stress reduction.

4.4.3 Pathway analysis for happiness, energy, and
stress

Pathway analysis further clarified the combinations of conditions
linked to well-being outcomes.

Happiness: The strongest pathway combined ease of use,
enjoyment, and adoption (incl = 0.942, PRI = 0.934). Usefulness also
contributed (incl = 0.963) but was less widespread. These findings
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TABLE 4 Truth table configuration for happiness.

10.3389/feduc.2025.1688902

Configuration  PU_fuzzy  PEU _fuzzy PE_fuzzy DEEP_fuzzy

number

8 0 1 1 1 1 10 0.973 0.944
12 1 0 1 1 1 7 0.991 0.980
13 1 1 0 0 1 4 0.985 0.964
14 1 1 0 1 1 16 0.975 0.957
15 1 1 1 0 1 19 0.978 0.965
16 1 1 1 1 1 653 0.947 0.939

OUT, Outcome (1 = present, 0 = absent); incl, Inclusion consistency; PRI, Proportional Reduction in Inconsistency.

TABLE 5 Truth table configuration for energy.

Configuration = PU_fuzzy @ PEU_fuzzy PE_fuzzy DEEP_fuzzy

number

8 0 1 1 1 1 10 0.961 0.916
12 1 0 1 1 1 7 0.987 0.970
13 1 1 0 0 1 4 0.998 0.995
14 1 1 0 1 1 16 0.987 0.976
15 1 1 1 0 1 19 0.969 0.943
16 1 1 1 1 1 653 0.920 0.905

OUT, Outcome (1 = present, 0 = absent); incl, Inclusion consistency; PRI, Proportional Reduction in Inconsistency.

highlight the centrality of intrinsic motivation and align with self-
determination theory (Ryan and Deci, 2001; Table 7).

Energy: Configurations emphasizing usefulness and ease of use
(incl = 0.894)
(incl = 0.907) and combined ease, enjoyment, and adoption

were most predictive. Deep engagement
(incl = 0.916) also played significant roles, consistent with job
resources and vigor frameworks (Bakker and Demerouti, 2007;
Table 8).

Stress: The fsQCA analysis failed to identify any consistent,
sufficient pathways for stress reduction. All configurations
showed weak predictive power, with consistency scores
substantially below the accepted threshold of 0.75 (usefulness and
ease: incl = 0.485; lack of enjoyment: incl = 0.570). The strongest
pathway (~PU * PEU * PE * DEEP, incl = 0.605) still falls short of
robustness and cannot be considered sufficient for stress
reduction. This absence of reliable configurational pathways is
itself a key finding - it demonstrates that the factors driving AI
adoption do not reliably translate to stress reduction outcomes.
Therefore, these stress results should be interpreted as indicative
of no meaningful relationship rather than as cautiously

optimistic findings.

4.4 4 Scatter plot analysis

Scatter plots were used to visualize the relationship between
antecedent conditions and outcomes. To improve clarity, each
plot includes labeled axes showing fuzzy membership scores
(0-1). Clusters at high membership values (> 0.80) for enjoyment
and ease of use correspond with higher happiness and energy,
whereas stress outcomes show weaker and more dispersed
patterns. These visualizations illustrate the asymmetric and
nonlinear nature of AI adoption effects but should be read
alongside the truth table results rather than as standalone
evidence (Figure 3).

Frontiers in Education

This plot shows the fuzzy membership scores for happiness
(y-axis) against antecedent conditions (x-axis: perceived usefulness,
ease of use, enjoyment, adoption). Data points clustered near the
upper right (membership > 0.80) indicate that high enjoyment and
ease of use are strongly associated with faculty happiness. Lower
clusters reveal that the absence of these factors does not always
correspond to low happiness, underscoring the configurational rather
than linear nature of outcomes (Figure 4).

This plot depicts energy membership scores (y-axis) relative to the
four antecedent conditions (x-axis). The binary clustering of cases at
values of 0 and 1 suggests that faculty energy is either strongly present
or absent depending on condition combinations. High clustering at
ENE_fuzzy = 1 occurs when usefulness, enjoyment, and ease of use
are elevated, supporting the role of these resources in sustaining
vitality (Figure 5).

This plot shows stress membership scores (y-axis) against the four
antecedent conditions (x-axis). Most cases cluster at low stress
membership values (< 0.25) when usefulness and ease of use are high,
suggesting that intuitive design reduces cognitive strain. However,
dispersed points across enjoyment and adoption conditions illustrate
weak consistency, confirming that stress outcomes are less robustly
explained compared to happiness and energy.

These visual patterns reinforced the configurational findings,
highlighting the complex and non-linear nature of well-being
outcomes (Table 9).

4.4.5 Consistency and coverage of outcomes

Table 10 presents consistency and coverage values. Happiness
(consistency = 0.878, coverage = 624.34) and energy
(consistency = 0.846, coverage = 601.70) displayed strong empirical
support, reflecting the large sample size (N = 711). By contrast, stress
outcomes showed very low consistency (0.258) and coverage (183.58),

confirming that DeepSeek adoption is not a reliable predictor of
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TABLE 6 Truth table configuration for stress.

10.3389/feduc.2025.1688902

Configuration PU_fuzzy PEU_fuzzy PE_fuzzy DEEP_fuzzy

number

8 0 1 1 1 0 10 0.605 0.108
12 1 0 1 1 0 7 0.580 0.059
13 1 1 0 0 0 4 0.613 0.042
14 1 1 0 1 0 16 0.519 0.086
15 1 1 1 0 0 19 0.500 0.107
16 1 1 1 1 0 653 0315 0.162

OUT, Outcome (1 = present, 0 = absent); incl, Inclusion consistency; PRI, Proportional Reduction in Inconsistency.

TABLE 7 Configurational pathways for happiness.

No. Configurational Incls PRI covs covu
pathways
1 PU_fuzzy*PEU_fuzzy 0924 | 0915  0.929 0.071
2 PU_fuzzy* ~ PE_fuzzy 0963 | 0937 0127 0.001
3 PU_fuzzy*DEEP_fuzzy 0933 | 0924 0879 0.023
4 PEU_fuzzy*PE_fuzzy*DEEP_ = 0942 0934  0.833 0.016
fuzzy
M1 0914 | 0903 0970
TABLE 8 Configurational pathways for energy.
No. Configurational Incls PRI covs covu
pathways
1 PU_fuzzy*PEU._fuzzy 0894  0.877 0932 | 0.065
2 PU_fuzzy* ~ PE_fuzzy 0973 = 0953  0.133  0.001
3 PU_fuzzy*DEEP_fuzzy 0907 = 0.891  0.887 | 0.022
4 PEU_fuzzy*PE_fuzzy*DEEP_ 0916 = 0.901 = 0.840  0.016
fuzzy
M1 0.883 | 0.866  0.973

reduced stress. These results highlight that fsQCA captured strong and
diverse pathways to happiness and energy, whereas stress requires
cautious interpretation.

These results highlight that fsSQCA captured strong and diverse
pathways to happiness and energy, whereas stress requires
cautious interpretation.

5 Discussion

5.1 Main findings and theoretical
implications

The well-being of university teachers is increasingly under
pressure due to the demands of digital transformation in higher
education. While much prior research has focused on student
experiences with generative Al tools, this study highlights the faculty
perspective, examining how DeepSeek adoption shapes stress,
happiness, and energy. Three main insights emerge.

First, DeepSeek adoption appears to enhance faculty happiness
and reduce stress, though its effect on energy levels is modest.
SEM results showed that perceived usefulness, ease of use, and
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enjoyment significantly predicted adoption (f =0.44-2.76,
p <0.01). The unusually large coeflicient for enjoyment (f = 2.76)
suggests possible scaling or multicollinearity effects, and should
therefore be interpreted cautiously rather than as a literal strength
of influence. Adoption explained substantial variance in happiness
(f#=0.45) and stress reduction (|f?| =0.32), but much less in
energy (f* = 0.06). This pattern indicates that generative AI may
primarily affect emotional well-being, reducing stress and
fostering satisfaction, while exerting weaker influence on
physical vitality.

Second, the fsQCA analysis uncovered asymmetric adoption
pathways that are not visible in SEM. Enjoyment consistently
emerged as a core condition for happiness, even when usefulness
was low, highlighting the importance of hedonic motivation in
adoption and challenging the traditionally utilitarian focus of
TAM (Venkatesh et al., 2012). For energy, usefulness and ease of
use were the strongest drivers, while stress reduction was
associated with intuitive, engaging configurations that eased
cognitive load (Sweller, 2011). However, the relatively low
consistency scores for stress pathways (< 0.605) suggest these
findings should be treated as exploratory rather than conclusive.
This asymmetry reinforces the value of combining SEM and
fsQCA to both
adoption dynamics.

capture linear and configurational

Third, the study extends TAM by demonstrating the importance
of emotional and well-being outcomes. Faculty adoption depends not
only on utility and usability but also on positive affect, autonomy, and
stress relief. This highlights the need for adoption models that
explicitly incorporate hedonic and psychological dimensions,
broadening the theoretical scope of technology acceptance in
higher education.

Model fit indices (RMSEA = 0.030, SRMR = 0.043) support the
adequacy of the model, even though CFI (0.803) and TLI (0.754) were
below conventional thresholds. Following Marsh et al. (2004), such
values are common in complex models with large samples. Taken
together with strong theoretical grounding and significant
the should

be interpreted cautiously.

coefficients, findings are promising but

5.2 Practical implications

The findings carry important implications for universities,
policymakers, and developers.
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Scatter plot of fSQCA membership for happiness. ENE, Energy; USE, Perceived Usefulness; EAS, Perceived Ease of Use; ENJ, Perceived Enjoyment;
DEEP, DeepSeek adoption.
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FIGURE 4
Scatter plot of fSQCA membership for energy. ENE, Energy; USE, Perceived Usefulness; EAS, Perceived Ease of Use; ENJ, Perceived Enjoyment; DEEP,

DeepSeek adoption.

o Enhancing adoption through design: Developers should enjoyment lowered stress) support the need for structured

improve usefulness, ease of use, and enjoyment simultaneously,
as SEM results showed all three constructs significantly
predicted adoption ( = 0.44-2.76, p < 0.01). Enhancements
in response accuracy, intuitive interfaces, and emotionally
engaging features are therefore essential for sustained
faculty engagement.

Training and support: Technical issues increase frustration and
stress. Both SEM (negative link between adoption and stress,
p =—0.32) and fsQCA (configurations with ease of use and
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training programs, tutorials, and peer-support networks. These
measures build confidence and mitigate technostress.

Pilot testing and workflow integration: fsQCA results showed
that happiness and energy outcomes often depended on adoption
combined with ease and enjoyment. Institutions should therefore
introduce DeepSeek in pilot phases, monitor workload and well-
being effects, and integrate tools into workflows gradually. This
approach reduces the risk of imposed change and supports
positive adoption pathways.
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TABLE 9 Configurational pathways for stress.

No. Configurational Incls PRI covs covu
pathways
1 PU_fuzzy*PEU_fuzzy 0485 | 0.079 | 0.218 0.047
2 PU_fuzzy* ~ PE_fuzzy 0.570 | 0.057 | 0.177 0.026
3 PU_fuzzy*DEEP_fuzzy 0490 | 0103 | 0.216 0.095
4 ~PU_fuzzy*PEU_fuzzy*PE_ 0.605 | 0.108 | 0.160 0.029
fuzzy*DEEP_fuzzy
M1 0442 | 0.105 0411

« Balancing innovation with faculty well-being: Adoption strongly
increased happiness (f=3.59, £=0.45) but had weaker or
inconsistent effects on energy and stress. Institutions should
therefore balance innovation with workload management policies
and provide ongoing support systems. These measures ensure that
efficiency gains do not come at the expense of vitality or resilience.

By anchoring adoption strategies in both emotional (happiness,
stress) and functional (ease, usefulness, enjoyment) outcomes,
universities can ensure that generative AI improves teaching
performance while safeguarding faculty well-being.

6 Conclusion, limitations, and future
research

6.1 Conclusion
This study highlights how DeepSeek adoption influences

university teachers’ well-being. Adoption is strongly associated with
increased happiness and reduced stress, while its effect on energy

Frontiers in Education 10

TABLE 10 Consistency and coverage of outcomes.

[\[o} Outcome Consistency Coverage
1 HAP_fuzzy 0.8781088 624.3354
2 ENE_fuzzy 0.8462670 601.6959
3 STR_fuzzy 0.2581957 183.5771

is weaker. These findings underscore that AI adoption in higher
education should be evaluated not only through efficiency gains but
also through psychological and emotional outcomes for educators.

6.2 Limitations
Several limitations should be acknowledged:

1 Demographic scope: This study did not account for
demographic moderators such as age, gender, or teaching
experience, which may shape both adoption patterns and well-
being outcomes.

Cross-sectional design: The reliance on cross-sectional survey
data prevents causal inference. Longitudinal or experimental
studies would provide stronger evidence of how adoption
influences faculty well-being over time.

Sample context: Data were collected from business and
management faculty in Chinese universities. While this
focus provides depth, the findings may not generalize to
other disciplines, institutional settings, or international
contexts, where adoption drivers and well-being factors
may differ.

Tool specificity: The study centered on DeepSeek, which is
widely used and accessible in China. However, this focus
may limit the applicability of results to other generative Al
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tools such as ChatGPT, Gemini, or Claude. Future research
should examine whether similar well-being outcomes
are observed with alternative

platforms across

diverse contexts.

6.3 Future research directions
Building on these limitations, future studies could:

1 Longitudinal designs: Future studies should employ
longitudinal or experimental approaches to establish causal
links between AI adoption and faculty well-being, addressing
the limits of cross-sectional evidence.

2 Task-specific adoption: Research focusing on particular
academic tasks (e.g., grading, curriculum design, and student
feedback) could reveal differentiated adoption patterns and
varied effects on stress, energy, and happiness.

3 Expanded constructs: Incorporating additional psychological

factors such as anxiety, burnout, and resilience would provide

a more comprehensive understanding of the complex

relationship between generative Al use and faculty well-being.

Cross-cultural comparisons: Comparative studies across

countries and institutional systems are needed to assess how

cultural and organizational norms shape adoption and outcomes,
extending generalizability beyond the Chinese context.

5 Multiple AI tools: Given this study’s focus on DeepSeek, future
research should examine whether similar results hold for other
generative Al platforms such as ChatGPT, Gemini, or Claude,
thereby testing the robustness of findings across different

technological ecosystems.

6.4 Closing remark

By centering faculty well-being, this study reframes Al
adoption as both a technological and human issue. Happiness
outcomes emerged as robust, while stress and energy require
cautious interpretation. Future research should test these
relationships more broadly and over time. Ultimately, thoughtful,
context-sensitive implementation supported by institutional
policies can ensure that generative AI tools enhance both
teaching effectiveness and the well-being of those who deliver it.
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