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Abstract 

Objectives: This study aimed to develop a valid and reliable scale to assess digital burnout 

associated with the digitalization process in nursing and to examine its relationship with 

organizational stress. 

Methodology: This methodological and cross-sectional study was conducted with 302 

nurses in a public hospital in Hatay, Turkey. The dataset was randomly divided into two 

independent subsamples to ensure robust construct validation. Exploratory Factor Analysis 

(EFA) was performed on one subsample (n = 151), followed by Confirmatory Factor 

Analysis (CFA) on the other (n = 151). Internal consistency and reliability were assessed 

using Cronbach’s alpha, composite reliability (CR), and average variance extracted (AVE). 

Pearson correlation and Structural Equation Modeling (SEM) were performed to examine 

relationships among variables. 
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Findings: The analyses revealed a two-factor structure consisting of 16 items, namely 

Emotional Exhaustion and Erosion of Human Interaction. The scale demonstrated high 

internal consistency, with Cronbach’s alpha values ranging from 0.93 to 0.96. CR and AVE 

supported both convergent and discriminant validity. Correlation analysis indicated a 

positive relationship between digital burnout and organizational stress (r = 0.28, p < 0.01). 

SEM results showed that erosion of human interaction significantly predicted both 

emotional exhaustion (β = 0.776, p < 0.001) and organizational stress (β = 0.287, p < 0.001), 

whereas emotional exhaustion did not significantly predict organizational stress and was 

excluded from the final model. 

Conclusions: The Digital Burnout Scale in Nursing was found to be a valid and reliable 

instrument for assessing burnout experiences related to the digitalization process in nursing 

practice. The findings suggest that digital burnout is a multidimensional construct primarily 

driven by interaction-related disruptions in digital work environments. 

Implications: The scale provides a context-specific tool for assessing digital burnout in 

nursing and contributes to the distinction between technostress and burnout. It can be used 

by healthcare administrators, researchers, and nurses to identify and monitor risks related to 

digital workload and support early recognition of burnout. At the organizational level, the 

scale can inform targeted interventions, such as improving system usability, reducing 

documentation burden, and strengthening organizational support, thereby contributing to 

nurse well-being and quality of care. 

 

 

Keywords: Nurses; Digital burnout; Digitalization in nursing; Scale development; 

Psychometric properties; Organizational stress. 

 

 

1. INTRODUCTION 

Population aging, the increasing prevalence of chronic diseases, and rising demand 

for healthcare services continue to place a substantial burden on existing systems [1, 2]. In 

recent years, large-scale crises such as the COVID-19 pandemic [3] and the February 6 

earthquakes in Türkiye have further underscored the fragility of healthcare services and their 
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vulnerability to sudden and prolonged disruptions [4]. In response to these challenges, 

digital solutions have played an increasingly prominent role in ensuring the continuity of 

healthcare delivery [5, 6]. Electronic health records, telemedicine applications, and mobile 

health technologies have emerged as key tools for maintaining uninterrupted healthcare 

services, particularly during periods of crisis and system overload [7]. However, while 

digitalization has facilitated healthcare delivery, it has also introduced additional workload 

and complexity for healthcare professionals [8, 9]. The mandatory integration of digital 

systems into daily clinical workflows has contributed to increased workload and expanded 

routine responsibilities [10]. This burden is particularly evident among healthcare 

professionals who must balance direct patient care with growing digital demands [11]. For 

nurses, these additional digital tasks are no longer occasional but are embedded in everyday 

care delivery [12]. 

Electronic medical records, patient portals, and similar systems facilitate 

communication and access to information [13]. At the same time, their continuous use 

places additional demands on healthcare professionals [14, 15]. These systems require 

sustained attention to documentation, data management, and digital communication 

alongside routine nursing responsibilities [14, 16, 17]. Nurses are among the healthcare 

professionals most affected because their routine clinical work requires continuous 

interaction with digital systems [18, 19].  Studies suggest that the use of digital technologies 

in nursing is associated with increased stress and emotional exhaustion [18, 20]. Prolonged 

exposure to digital systems, combined with high job demands, has been shown to intensify 

psychological strain and contribute to burnout-related experiences among nurses [13, 21]. 

The negative effects of digital technologies are commonly examined within the 

framework of technostress [22, 23]. Burnout in nursing is widely conceptualized as a 

response to prolonged work-related stress [24]. Recent studies suggest that sustained 

interaction with technological systems may give rise to digital burnout, a more specific form 

of occupational strain associated with prolonged exposure to digital work demands [15, 25–

28]. 

Organizational stress constitutes another important dimension of nurses’ work 

experiences. Workload, time pressure, staffing shortages, and limited managerial support are 

well-established sources of stress in nursing [29–31]. The relationships examined in this 

study are grounded in the Job Demands–Resources Model (JD-R model) [32], which 

proposes that high job demands may lead to exhaustion when adequate resources are lacking 

[33]. In digital healthcare environments, continuous interaction with electronic systems may 
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function as a persistent job demand, whereas limited system usability, insufficient training, 

and organizational constraints may reduce available resources [34, 35]. Broader digital 

transformation frameworks in healthcare similarly emphasize that technological change 

reshapes both organizational processes and employees’ work experiences [36, 37]. 

Accordingly, digital burnout can be understood as a context-specific outcome arising from 

an imbalance between increasing digital work demands and insufficient organizational and 

personal resources [38, 39]. 

Despite growing research on the effects of digitalization in healthcare, the existing 

literature remains conceptually fragmented and does not adequately capture digital burnout 

as a distinct phenomenon in nursing practice [22, 40]. In addition, many available 

instruments were developed in students or general population samples and may not 

adequately reflect the continuous, mandatory, and workflow-integrated nature of digital 

system use in nursing [41–43]. Consequently, there is a clear need for a psychometrically 

sound instrument specifically designed to assess digital burnout among nurses. 

The aim of this study was to develop a valid and reliable scale to assess digital 

burnout in nursing and to examine its relationship with organizational stress. By introducing 

a context-specific measurement tool, the study seeks to make the effects of digitalization in 

nursing more visible and to address an important gap in the existing literature. 

Accordingly, the study was guided by the following research questions: 

RQ1: Does digital burnout in nursing demonstrate a multidimensional structure consistent 

with the proposed theoretical framework? 

RQ2: Does the Digital Burnout Scale in Nursing exhibit adequate internal consistency at the 

subscale level? 

RQ3: Do the construct validity indicators of the Digital Burnout Scale in Nursing meet 

acceptable psychometric criteria? 

RQ4: Is digital burnout among nurses significantly associated with organizational stress? 

In line with these research questions, the following hypotheses were formulated: 

H1: Digital burnout in nursing demonstrates a multidimensional structure consistent with the 

proposed theoretical framework. 
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H2: The Digital Burnout Scale in Nursing exhibits adequate internal consistency at the 

subscale level. 

H3: The Digital Burnout Scale in Nursing meets acceptable construct validity criteria, 

including convergent and discriminant validity. 

H4: Digital burnout among nurses is positively and significantly associated with 

organizational stress. 

 

 

2. METHODS 

This study was designed as a methodological and cross-sectional study. 

Methodological approaches are commonly employed in scale development research to 

establish the psychometric properties of newly developed instruments [44, 45]. Furthermore, 

cross-sectional designs are widely used in health research to examine relationships between 

variables at a single point in time and to provide a snapshot of the study population, thereby 

supporting the identification of associations and patterns [46, 47]. 

 

2.1. Research Design 

The study was carried out in a public hospital in Hatay Province, Turkey. It was 

designed as a scale development study to assess nurses’ experiences of digital burnout in the 

context of ongoing digitalization in healthcare. A methodological and cross-sectional design 

was employed. 

 

2.2. Participants and Sampling 

Data were collected from nurses actively working at a public hospital located in 

Hatay Province, Turkey. Participants were required to be actively employed as nurses at the 

participating hospital, to have provided voluntary consent to take part in the study, to 

possess basic digital skills necessary for completing the online questionnaire, and to have 

completed the survey in full. Participants were able to proceed with the survey only after 
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indicating their informed consent by selecting the voluntary participation checkbox 

presented at the beginning of the questionnaire. All eligible nurses working at the hospital 

during the study period were invited to participate. 

The sample size was determined in accordance with established recommendations 

for scale development studies, suggesting a minimum of 5–10 participants per item. 

Accordingly, an adequate sample size was targeted for the initial 25-item draft scale, and 

data collection was completed with 302 nurses. At the time of the study, a total of 468 

nurses were employed at the hospital, according to information obtained from hospital 

administration. Of these, 302 nurses agreed to participate and completed the questionnaire, 

yielding a participation rate of 64.5%. 

To test construct validity, the dataset was randomly divided into two subsamples 

using SPSS software. The randomization process was conducted using the random sampling 

function in SPSS to ensure unbiased allocation of participants into subsamples [48]. This 

approach was adopted to prevent overfitting and to ensure that the factor structure identified 

in the exploratory phase could be independently validated in a separate sample  [49, 50]. 

Using independent subsamples for EFA and CFA is recommended to enhance the robustness 

and generalizability of scale development studies [51–53]. Exploratory Factor Analysis was 

conducted with 151 participants, while Confirmatory Factor Analysis was performed with 

the remaining 151 participants. Conducting factor exploration and confirmation on 

independent subsamples was intended to enhance the generalizability and robustness of the 

proposed measurement model.  

 

2.3. Data Collection Instruments 

Data were collected using a Personal Information Form, the Digital Burnout Scale in 

Nursing (DBSN), and the Organizational Stress Scale. 

Personal Information Form: A personal information form developed by the 

researchers was used to collect participants’ sociodemographic and professional 

characteristics. The form included items on age, unit or department of employment, gender, 

marital status, level of professional education, perceived monthly income level, years of 

professional experience, average weekly working hours, prior training related to 

digitalization, and average daily screen time. 

Digital Burnout Scale in Nursing (DBSN): The Digital Burnout Scale in Nursing 

(DBSN) was newly developed specifically for this study, and the full English version of the 

scale items is provided as Supplementary Material 1.  In the initial phase of scale 
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development, a systematic review of national and international literature on digitalization, 

digital transformation, digital workload, technology-related stress, and burnout was 

conducted. The literature search was performed using Google Scholar, Elsevier, PubMed, 

Web of Science, Scopus, and DergiPark databases. Based on the resulting theoretical 

framework, an initial item pool consisting of 25 items was generated to reflect nurses’ 

experiences related to digitalization. 

To evaluate the content validity of the draft scale, expert opinions were obtained 

from a total of nine experts, including two associate professors specializing in measurement 

and evaluation, four expert nurses working in clinical settings, and three faculty members 

employed in nursing faculties. Experts were provided with evaluation forms to rate each 

item according to the Davis technique. Following expert review, content validity indices 

were calculated, and one item that fell below acceptable thresholds and was deemed 

insufficiently representative of the target construct was removed. As a result, the scale was 

reduced to a 24-item preliminary form. 

A pilot study was conducted with 27 nurses to assess the applicability and 

preliminary reliability of the scale. The pilot study was conducted to evaluate the clarity, 

comprehensibility, and applicability of the scale items prior to the main data collection [54]. 

It also aimed to identify potential ambiguities and ensure that the items adequately reflected 

the intended construct [55]. To examine temporal stability, the test–retest method was 

employed, and the scale was re-administered to the same participants after a 12-day interval 

[56]. To enable matching of responses without collecting identifiable information, 

participants were asked to create a four-digit matching code known only to themselves. The 

same code was entered during the second administration to ensure accurate pairing of 

responses. 

Consistency between the two measurements was evaluated using the Intraclass 

Correlation Coefficient (ICC), which was calculated as 0.816 and found to be statistically 

significant (p < 0.001) [57]. Only participants who completed both administrations and 

whose responses could be matched using the code were included in the analysis. During the 

pilot phase, participants were also asked whether any items were unclear or required 

modification; based on their feedback, minor linguistic revisions were made without altering 

the substantive meaning of the items. The scale items were rated on a five-point Likert scale 

ranging from “never,” “very rarely,” “sometimes,” “often,” to “always.” Following content 

validity assessment, the items were subjected to factor analysis to examine construct 

validity. Higher scores indicate higher levels of digital burnout. 
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Organizational Stress Scale: Organizational stress was assessed using the 

previously published and validated Organizational Stress Scale, adapted into Turkish by 

Yıldırım et al. in 2011 [58]. The continued use of this scale is supported by recent studies 

conducted in different occupational groups, indicating its applicability across various 

professional contexts [59]. The scale consists of 14 items and four subscales. Items 1, 2, 3, 

5, and 6 are positively worded, while the remaining items are reverse coded. Responses are 

rated on a five-point Likert scale ranging from “never” to “always.” In the original 

validation study, the Cronbach’s alpha coefficient was reported as 0.79; in the present study, 

internal consistency was 0.744. 

 

2.4. Data Collection 

Following ethical approval and completion of the pilot study, data collection was 

conducted online via Google Forms between 17 December 2025 and 21 January 2026. The 

survey link was distributed through the relevant hospital units. 

The use of an online, self-administered questionnaire enabled standardized data 

collection and reduced the potential for interviewer-related bias. Participation in the study 

was voluntary. Before accessing the questionnaire, participants were presented with a brief 

information note and were able to proceed only after confirming their voluntary 

participation. No IP addresses, identity information, or other personally identifiable data 

were collected, and confidentiality was ensured throughout the data collection process. 

At the end of the data collection period, only fully completed and valid 

questionnaires were included in the analyses. The average completion time of the survey 

was approximately 8–10 minutes. 

2.5. Statistical Analysis 

Data analyses were performed using IBM SPSS Statistics version 26 and AMOS 

version 24. The measurement and structural models were evaluated using covariance-based 

structural equation modeling (CB-SEM). Although newer versions are available, these 

versions remain widely used in recent research and provide the necessary analytical 

procedures for multivariate analysis and structural equation modeling [60, 61]. Descriptive 

statistics were used to summarize the sociodemographic and professional characteristics of 

the participants, including age, gender, marital status, unit or department of employment, 

years of professional experience, prior training related to digitalization, and average daily 

screen time. The statistical analysis plan was determined in advance. Exploratory and 

confirmatory factor analyses were conducted to evaluate the construct validity of the scale. 
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Internal consistency and reliability were examined using Cronbach’s alpha, composite 

reliability, and average variance extracted. Finally, Pearson correlation analysis was applied 

to examine the relationship between digital burnout and organizational stress. 

To examine construct validity during the scale development process, the dataset was 

randomly divided into two subsamples. Splitting the sample for Exploratory Factor Analysis 

(EFA) and Confirmatory Factor Analysis (CFA) was preferred to reduce the risk of 

overfitting and to provide a more robust evaluation of construct validity. EFA was carried 

out on the first subsample (n = 151). Prior to EFA, the suitability of the data for factor 

analysis was assessed using the Kaiser–Meyer–Olkin (KMO) measure of sampling adequacy 

and Bartlett’s test of sphericity [57]. All scale scores were treated as continuous variables. 

Item scores were summed and averaged according to their respective subdimensions and 

total scale structure. No categorization or dichotomization of continuous variables was 

performed. Higher scores indicated higher levels of digital burnout and organizational stress. 

EFA was performed using the Principal Axis Factoring method, and Direct Oblimin 

rotation was applied to allow for correlations among factors [53]. A factor loading cut-off 

value of 0.40 was adopted for item retention. For items loading on more than one factor, a 

minimum difference of 0.10 between factor loadings was required. Items that did not meet 

these criteria were removed from the analysis. 

The EFA was carried out in an iterative manner, with item removal decisions guided 

by both statistical criteria and the theoretical coherence of the construct under investigation. 

The factor structure derived from the EFA was then applied to the second subsample and 

examined using Confirmatory Factor Analysis (CFA) [62, 63]. 

CFA was performed on the second subsample of 151 participants using the 

maximum likelihood estimation method. Model fit was assessed by jointly considering 

absolute and incremental fit indices. The final measurement model was determined through 

an integrated evaluation of theoretical consistency and CFA results, with particular attention 

given to indicators that adversely affected model fit. Following the evaluation of the 

measurement model, a structural model was specified to test the relationships between the 

dimensions of digital burnout and organizational stress. In the structural model, erosion of 

human interaction was specified as a predictor of both emotional exhaustion and 

organizational stress, while emotional exhaustion was also tested as a predictor of 

organizational stress. Model fit for both the measurement and structural models was 

evaluated using standard fit indices, including χ²/df, CFI, TLI, and RMSEA, in line with 

established SEM procedures in the literature [64]. 
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To assess internal consistency, Cronbach’s alpha coefficients were calculated for the 

scale and its subscales. In addition, composite reliability (CR) and average variance 

extracted (AVE) values were computed to provide a more detailed evaluation of the 

psychometric properties of the measurement model. Discriminant validity was assessed by 

comparing the correlations between subscales with the square root of the AVE values [65, 

66]. 

To examine the distributional characteristics of the scale and its subscales, mean, 

standard deviation, skewness, and kurtosis values were calculated. Skewness and kurtosis 

values within the range of ±1.5 were considered indicative of acceptable normality [62, 67]. 

Accordingly, the assumptions required for the use of parametric tests were considered to be 

met, and parametric analyses were applied in subsequent analyses. 

The relationship between digital burnout in nursing and organizational stress was 

examined using Pearson correlation analysis. Across all analyses, statistical significance was 

defined as a p value below 0.05.  

2.6. Ethical Considerations 

Ethical approval for the study was obtained from the Hatay Mustafa Kemal 

University Social and Human Sciences Scientific Research and Publication Ethics 

Committee (Decision No. 2025/19). The study was conducted in accordance with the 

principles of the Declaration of Helsinki. 

 

 

3. RESULTS 

3.1. Sociodemographic Characteristics of Participants 

The sociodemographic and professional characteristics of the participants are 

presented in Table 1. An examination of the age distribution showed that 46.0% of the 

participating nurses were aged 18–29 years, followed by those aged 30–44 years (39.1%). 

The majority of participants were female (73.2%), and 63.9% reported being married. With 

regard to educational level, 63.9% of the nurses held a bachelor’s degree. 

In terms of professional characteristics, most participants were employed in 

emergency and intensive care units (29.5%), followed by surgical and operating room units 

(26.8%). Regarding professional experience, 35.4% of the nurses had been working in the 

profession for 1–5 years, while 30.8% reported 6–10 years of experience. 

Findings related to working conditions indicated that a substantial proportion of 

participants worked 41–50 hours per week (44.4%). In the assessment of income level, 
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67.9% of nurses described their income as moderate. With respect to digitalization-related 

characteristics, 57.3% of participants reported that they had not received any prior training 

related to digitalization, whereas 51.3% stated that they spent approximately 3–4 hours per 

workday in front of a screen during working hours. 

 

 

Table 1. Sociodemographic and Professional Characteristics of the Study Sample (N = 302) 

Sociodemographic / 

Professional 

Characteristics 

Groups N      % 

Age 

18–29 years 139 46.0 

30–44 years 118 39.1 

45–60 years 45 14.9 

Gender 
Female 221 73.2 

Male 81 26.8 

Marital status 
Married 193 63.9 

Single 109 36.1 

Educational level 

High school 91 30.1 

Bachelor’s degree 193 63.9 

Master’s degree 18 6.0 

Unit of employment 

Emergency and Intensive Care Units 89 29.5 

Surgical and Operating Room Units 81 26.8 

Internal Medicine and Specialty Units 42 13.9 

Obstetrics–Gynecology and Pediatric Units 55 18.2 

Rehabilitation and Administrative Units 35 11.6 

Years of 

professional 

experience 

1–5 years 107 35.4 

6–10 years 93 30.8 

11–15 years 42 13.9 

≥16 years 60 19.9 

Average weekly 

working hours 

≤30 hours 5 1.7 

31–40 hours 108 35.8 

41–50 hours 134 44.4 

51–60 hours 45 14.9 
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≥61 hours 10 3.3 

Perceived monthly 

income level 

Poor 75 24.8 

Moderate 205 67.9 

Good 22 7.3 

Previous training 

on digitalization 

Yes (in-service) 92 30.5 

Yes (external) 37 12.3 

No 173 57.3 

Screen time during 

working hours 

<1 hour 21 7.0 

1–2 hours 89 29.5 

3–4 hours 155 51.3 

5–6 hours 37 12.3 

 

 

3.2. Measurement Model Evaluation (Outer Model) 

3.2.1. Construct Validity: Exploratory Factor Analysis (EFA) (N = 151) 

The measurement model was evaluated using Exploratory Factor Analysis (EFA), 

Confirmatory Factor Analysis (CFA), and reliability and validity analyses. In this context, 

EFA was conducted to examine the construct validity of the scale [53]. The analysis was 

performed on a sample of 151 participants. The suitability of the data for factor analysis was 

assessed using the Kaiser–Meyer–Olkin (KMO) measure of sampling adequacy and 

Bartlett’s test of sphericity. The KMO value was found to be 0.945, indicating excellent 

sampling adequacy for factor analysis. Bartlett’s test of sphericity yielded a significant result 

(χ²(190) = 2816.431, p < 0.001), demonstrating the presence of sufficient correlations among 

variables to justify factor analysis [68]. Based on these findings, the dataset was considered 

appropriate for EFA. 

EFA was performed using the Principal Axis Factoring method, and Direct Oblimin 

rotation was applied to allow for correlations among factors [69]. A factor loading cut-off 

value of 0.40 was adopted for item retention. For items loading on more than one factor, a 

minimum difference of 0.10 between factor loadings was required. Items that did not meet 

these criteria were excluded from the analysis. 

The EFA process was conducted iteratively, with both statistical criteria and 

theoretical considerations taken into account. In this process, factors consisting of only two 

items and lacking theoretical coherence, as well as items with low factor loadings, were 
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removed from the analysis (A13 and A14). Following their removal, subsequent analyses 

identified items that loaded similarly on more than one factor and failed to meet the 0.10 

loading difference criterion; these items were excluded due to cross-loading issues (A21 and 

A24). In later stages, items forming a single-factor solution without supporting theoretical 

coherence (A11), as well as items showing comparable loadings on two factors and lacking 

discriminative capacity (A3 and A19), were also removed. After each item removal, the 

factor analysis was re-run, and decisions were made while preserving the theoretical 

integrity of the construct being measured. 

As presented in Table 2, the EFA results revealed a two-factor structure comprising 

17 items following the stepwise elimination process. In the final EFA model, the first factor 

comprised eight items (A20, A16, A17, A15, A23, A18, A22, and A12), while the second 

factor consisted of nine items (A5, A6, A1, A10, A9, A7, A2, A8, and A4). 

Based on item content and the underlying theoretical framework, the first factor was 

labeled Emotional Exhaustion, and the second factor was labeled Erosion of Human 

Interaction. As presented in Table 2, all factor loadings exceeded the acceptable threshold of 

0.40. In addition, communality values were within acceptable ranges, indicating that a 

substantial proportion of variance in each item was explained by the extracted factors. No 

reverse-coded items were included in the scale. 

Following the item elimination process, cross-loading values were re-examined 

based on the pattern matrix results. All retained items demonstrated higher loadings on their 

intended factors than on the alternative factor, with differences exceeding the recommended 

threshold of 0.10. These findings indicate the absence of cross-loading issues and provide 

support for the discriminant validity of the factor structure. 

 

 

Table 2. Factor Loadings and Explained Variance of the Scale 

Scale Items CVI F1 F2 

A20 1.00 0.960  

A16 1.00 0.831  

A17 1.00 0.813  

A15 0.83 0.766  

A23 1.00 0.759  

A18 1.00 0.757  
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A22 1.00 0.742  

A12 1.00 0.733  

A5 1.00  0.957 

A6 1.00  0.870 

A1 1.00  0.862 

A10 0.83  0.802 

A9 1.00  0.667 

A7 1.00  0.653 

A2 0.83  0.636 

A8 0.83  0.582 

A4 1.00  0.509 

Eigenvalue  10.329 1.485 

% of variance  60.757 8.736 

Cumulative %  60.757 69.494 

Note. Items with factor loadings greater than 0.40 were retained. 

 

 

 

 

To further evaluate the measurement model, cross-loading values are presented in Table 3. 

 

Table 3. Cross-loadings of the scale items 

Item EE EHI 

A20 0.960 -0.102 

A16 0.831 0.021 

A17 0.813 0.053 

A15 0.766 0.043 

A23 0.759 0.108 

A18 0.757 0.051 

A22 0.742 -0.038 

A12 0.733 0.104 

A5 -0.164 0.957 

A6 -0.024 0.870 
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A1 -0.013 0.862 

A10 -0.029 0.802 

A9 0.155 0.667 

A7 0.161 0.653 

A2 0.207 0.636 

A8 0.167 0.582 

A4 0.323 0.509 

Note. Cross-loading values are derived from the final EFA solution prior to CFA-based item 

refinement. 

 

 

 

The results indicate that each item loads more strongly on its respective factor than 

on the alternative factor, with sufficient differences between loadings. This confirms that 

cross-loading is not a concern and further supports the discriminant validity of the 

measurement model. 

 

3.2.2. Confirmatory Factor Analysis (CFA) (N = 151) 

The two-factor structure identified through Exploratory Factor Analysis (EFA) was 

tested using Confirmatory Factor Analysis (CFA). Analyses were conducted using the 

maximum likelihood estimation method. Although item A23 demonstrated acceptable factor 

loadings during the EFA phase, it was found to weaken model fit and produce high 

modification indices in the CFA. Therefore, item A23 was removed from the final model, 

with both statistical criteria and theoretical coherence taken into consideration. This 

refinement process reflects the iterative nature of scale development, where decisions 

regarding item retention are guided by both statistical criteria and theoretical considerations 

to achieve a more parsimonious model with improved fit. Following this modification, the 

scale was reduced to a final structure consisting of two subdimensions and a total of 16 

items, and all subsequent evaluations were conducted based on this final measurement 

model. 

The model fit indices obtained were as follows: χ²/df = 1.908, CFI = 0.957, TLI = 

0.950, IFI = 0.958, NFI = 0.915, RMSEA = 0.078, and RMR = 0.053. The CFI, TLI, and IFI 

values exceeding the 0.90 threshold indicate a good level of model fit. In addition, a χ²/df 
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ratio below 2.0 and an RMR value below the 0.08 threshold further support that the 

measurement model demonstrates an adequate fit to the data [70, 71]. In addition, RMSEA 

values between 0.05 and 0.08 are generally considered indicative of acceptable model fit, in 

line with commonly accepted and recently discussed criteria in the structural equation 

modeling literature [72, 73]. 

As shown in Figure 1, the standardized factor loadings in the final CFA model 

ranged from 0.722 to 0.887, and all loadings were statistically significant (p < 0.001). The 

Emotional Exhaustion subdimension consisted of seven items, whereas the Erosion of 

Human Interaction subdimension comprised nine items. Overall, model fit indices and factor 

loadings indicate that the two-factor, 16-item model represents a valid structure. 

 

 

Figure 1. Confirmatory factor analysis (CFA) path diagram of the Digital Burnout in 

Nursing Scale. 

 

 

3.2.3. Reliability 

In this study, the internal consistency of the scale was examined using Cronbach’s 

alpha coefficients. In the literature, Cronbach’s alpha values above 0.70 are considered 

acceptable, values above 0.80 indicate good reliability, and values of 0.90 or higher are 

interpreted as reflecting very high levels of reliability [74, 75]. 

According to the analysis results, the Cronbach’s alpha coefficient for the Emotional 

Exhaustion subdimension (7 items) was calculated as 0.932, while the coefficient for the 

Erosion of Human Interaction subdimension (9 items) was 0.946. The overall Cronbach’s 

alpha value of the scale was 0.958, indicating that the items represent the measured construct 

with a high level of internal consistency and reliability. 

The fact that all reliability coefficients obtained for both the subdimensions and the 

total scale exceeded 0.90 demonstrates that the two-factor structure of the scale has high 

internal consistency and that the measurement results are stable and reliable. Although the 

high Cronbach’s alpha values indicate strong internal consistency, values exceeding 0.90 

may also suggest potential item redundancy. This may indicate that some items capture 

highly similar aspects of the construct, suggesting that future studies may consider item 

reduction strategies to enhance scale parsimony. Therefore, future studies may consider 

further refinement or shortening of the scale to enhance its parsimony while maintaining 
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reliability. These results provide support for the reliability of the scale at both the subscale 

and total score levels. 

 

3.2.4. Convergent and Discriminant Validity 

Convergent and discriminant validity of the measurement model were assessed using 

AVE, CR, √AVE, and HTMT criteria. 

 

 

Table 4. Convergent and Discriminant Validity Statistics 

Subdimension EE EHI CR AVE CA HTMT 

EE 0.81 0.76 0.93 0.66 0.93 - 

EHI 0.76 0.84 0.95 0.71 0.94 0.803 

Note. EE = Emotional Exhaustion; EHI = Erosion of Human Interaction; CR = Composite 

Reliability; AVE = Average Variance Extracted; CA = Cronbach’s alpha. Values on the 

diagonal represent the square root of AVE (√AVE). The HTMT value between EE and EHI 

was 0.803, indicating adequate discriminant validity. 

 

 

 

The results presented in Table 4 indicate a positive, moderate-to-high correlation 

between the Emotional Exhaustion (EE) and Erosion of Human Interaction (EHI) 

subdimensions of the scale (r = 0.76). This result suggests that while the subdimensions are 

related, they represent distinct aspects of the construct being measured. However, although 

the square root of AVE values supports discriminant validity, the relatively high correlation 

between the subdimensions may indicate a degree of conceptual overlap. This level of 

correlation can be considered acceptable, as both subdimensions arise from the same digital 

work environment and reflect closely related yet conceptually distinct aspects of digital 

burnout. Therefore, while the factors capture distinguishable dimensions, their moderate-to-

high association suggests that they may partially share common variance without 

compromising the overall construct validity of the scale. 

An examination of the square root of the √AVE values used to assess discriminant 

validity shows that the √AVE values calculated for both subdimensions (EE = 0.81; EHI = 

0.84) are higher than the correlation coefficient between the subdimensions (r = 0.76). This 
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indicates that each subdimension explains its own items more strongly than it explains the 

other subdimension, thereby supporting the discriminant validity of the scale [76, 77]. 

The AVE values used to assess convergent validity were found to exceed the 0.50 

threshold for both subdimensions (EE = 0.66; EHI = 0.71). These results indicate that the 

items within each subdimension adequately represent the intended construct and that 

convergent validity is supported [70, 78, 79]. 

In addition, composite reliability (CR) values exceeded the recommended threshold 

of 0.70 for both subdimensions (EE = 0.93; EHI = 0.95), indicating strong internal 

consistency of the measurement model. These findings further support the internal 

consistency of the measurement model. 

Overall, these results suggest that the scale satisfies both convergent and 

discriminant validity and that the two-factor structure adequately represents the intended 

conceptual construct from both statistical and theoretical perspectives. 

 

 

Table 5. Descriptive Statistics of the Scales 

Scale and Subdimensions 
Number of 

Items 
Mean SD Skewness Kurtosis 

DBSN 16 3.06 0.82 -0.81 0.43 

Emotional Exhaustion 7 3.33 0.88 -1.13 0.94 

Erosion of Human 

Interaction 
9 

2.85 0.88 
-0.50 -0.07 

OSS 14 2.89 0.44 1.32 0.92 

Note. DBSN = Digital Burnout Scale in Nursing; OSS = Organizational Stress Scale; SD = 

standard deviation. Skewness and kurtosis values indicate distributional characteristics. 

 

 

 

An examination of the descriptive statistics presented in Table 5 indicates that 

participants’ levels of Emotional Exhaustion were at a moderate-to-high level (Mean = 3.33; 

SD = 0.88). The mean score for the Erosion of Human Interaction subdimension was 

comparatively lower (Mean = 2.85; SD = 0.88). The overall mean score of the scale (Mean = 

3.06) suggests that participants generally experienced a moderate level of burnout and 

erosion in interaction associated with the digitalization process.  
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With respect to distributional characteristics, the skewness and kurtosis values 

calculated for all subdimensions and the total scale were within the range of ±1.5. These 

results indicate that the assumption of normality was met and that the use of parametric 

analyses was appropriate [80, 81]. 

 

 

3.3. Structural Model Evaluation (Inner Model) 

The structural model examined the relationships between emotional exhaustion, 

erosion of human interaction, and organizational stress. The results showed that erosion of 

human interaction was significantly associated with both emotional exhaustion and 

organizational stress. Only statistically significant paths were retained in the final model. 

The standardized path coefficients are presented in Table 6. 

 

 

Table 6. Structural Path Coefficients of the Final SEM Model 

Path β S.E. C.R. p 

Erosion of Human Interaction → 

Emotional Exhaustion 
0.776 0.062 13.385 <0.001 

Erosion of Human Interaction → 

Organizational Stress 
0.287 0.422 4.990 <0.001 

Note. β = standardized regression coefficient; S.E. = standard error; C.R. = critical ratio. 

 

 

Model fit indices indicated an acceptable fit (χ²/df = 3.41, CFI = 0.932, TLI = 0.921, 

RMSEA = 0.090). These findings indicate that erosion of human interaction is more strongly 

associated with both emotional exhaustion and organizational stress. Figure 2 illustrates the 

final structural model and the standardized path coefficients between the study variables. 

 

 

Figure 2. Final Structural Model with Standardized Path Coefficients. Note. ***p < 0.001. 

 

 

Correlation analysis was conducted to examine the relationship between digital 

burnout and organizational stress. 
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Table 7. Correlation Analysis Between Scales 

Variables 1 2 

1. Digital Burnout Scale in Nursing 1 0.280** 

2. Organizational Stress 0.280** 1 

Note. N = 302. p < 0.01 (two-tailed). 

 

 

 

The correlation analysis presented in Table 7 showed that digital burnout was 

positively associated with organizational stress (r = 0.280, p < 0.01). This result is consistent 

with the structural model and supports the predictive validity of the scale. 

 

 

4. DISCUSSION 

The findings of this study indicate that the Digital Burnout Scale in Nursing (DBSN) 

is a valid and reliable instrument for assessing burnout experiences related to digitalization 

among nurses. The results of the exploratory and confirmatory factor analyses support a 

two-dimensional structure consisting of Emotional Exhaustion and Erosion of Human 

Interaction. This structure is consistent with the conceptual framework of the study and 

reflects key aspects of digital burnout in nursing practice. In addition, the positive 

association between digital burnout and organizational stress indicates that digital burnout is 

influenced by both individual factors and organizational conditions. 

During the scale development process, the subdimensions were named based on both 

statistical findings and the thematic content of the items. In line with the scale development 

literature, factor labels were selected to clearly represent the experiences captured by the 

items [82, 83]. Accordingly, the DBSN captures both emotional strain and the gradual 

weakening of interpersonal interactions associated with the routine use of digital systems in 

nursing. 

The present study differs from existing digital fatigue and burnout scales, which are 

generally based on the general population, students, or voluntary digital use contexts [84]. In 

nursing, digital system use is not optional but an integral part of care delivery. This 

underscores the need for a context-specific measurement tool. While existing instruments 
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tend to assess general burnout or technology-related stress, they do not fully capture the 

continuous, mandatory, and workflow-integrated nature of digital work in nursing [72, 85–

87]. In contrast, the DBSN focuses directly on burnout experiences arising from sustained 

interaction with digital systems in clinical settings [12, 88]. This interpretation is also 

consistent with recent reviews emphasizing that digital technologies have become deeply 

embedded in nursing workflows and may increase workload and role complexity [10, 89, 

90]. Although technostress has been widely used to explain the psychological consequences 

of workplace technologies, it primarily reflects stress responses associated with adapting to 

digital systems and managing information overload [22, 23]. 

 The Emotional Exhaustion subdimension reflects experiences such as frequent 

system updates, technical difficulties, concerns about making errors, increased workload, 

and feelings of guilt related to digital tasks. These findings are consistent with previous 

research showing that digital technologies impose emotional as well as cognitive demands 

on nurses [13, 25]. Prior studies have linked the use of health information technologies to 

emotional strain, alienation, and increased workload [91–94].  In this sense, the Emotional 

Exhaustion subdimension captures a form of burnout that extends beyond general fatigue 

and is closely related to sustained digital workload. 

The second subdimension, Erosion of Human Interaction, reflects changes in the 

nurse–patient relationship associated with digitalization. It encompasses reduced 

communication, limited face-to-face interaction, and challenges in maintaining empathic 

engagement. The findings align with previous studies indicating that electronic 

documentation systems can reduce direct patient interaction and may weaken the humanistic 

aspects of care [8, 87, 95, 96]. In addition, the increasing focus on digital interfaces may 

constrain patient-centered care practices. Although recent evidence on this issue remains 

limited, existing studies suggest that digitalization can affect both communication and care 

quality [96, 97]. Within this context, the concept of Erosion of Human Interaction captures a 

distinct aspect of digital burnout related to relational and communicative processes. 

The structural model provides further insight into the relationship between digital 

burnout and organizational stress. Erosion of Human Interaction emerged as a significant 

predictor of both emotional exhaustion and organizational stress, whereas emotional 

exhaustion did not significantly predict organizational stress. This finding suggests that 

disruptions in interpersonal interaction may play a more central role in explaining 

organizational stress than individual emotional strain alone. In digitalized work 
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environments, limitations in communication and reduced patient contact may represent a 

more immediate and visible source of stress. 

Organizational stress is closely linked to working conditions and job demands. 

Although the Organizational Stress Scale does not specifically address digitalization, it 

captures core workplace pressures such as workload, time constraints, performance 

expectations, and limited organizational support. When combined with digital work 

demands, these factors may intensify stress and contribute to burnout. This interpretation is 

consistent with previous research showing that workload and organizational pressures 

negatively affect both nurse well-being and the quality of care [29, 98]. Similarly, studies 

indicate that digital systems can increase workload and time pressure, thereby contributing 

to stress and psychosocial strain [91, 99]. 

From a theoretical perspective, these findings can be interpreted within the 

framework of the Job Demands–Resources (JD-R) model [100–103]. Continuous interaction 

with digital systems may function as a job demand that gradually depletes psychological 

resources. At the same time, limited system usability and insufficient digital support may 

restrict available resources. In this sense, digital burnout can be understood as a context-

specific form of occupational strain shaped by digital work environments.  

These findings are also consistent with broader digital transformation frameworks in 

healthcare, which emphasize that technological change reshapes both organizational 

processes and employees’ work experiences [36, 104]. In line with these frameworks, the 

present study demonstrates that digital technologies influence clinical workflows and shape 

the psychosocial conditions under which nurses work. This perspective supports the 

conceptualization of digital burnout as a specific occupational outcome associated with the 

ongoing digital transformation of healthcare services. 

This study contributes to the literature by conceptualizing digital burnout as a distinct 

construct in nursing and by situating it within a structured theoretical framework. The 

findings extend existing models of occupational stress to digitalized healthcare settings. The 

findings also align with emerging conceptual work highlighting the importance of digital 

resilience and adaptation among nurses working in increasingly technology-intensive 

environments [80]. 

From a practical perspective, the DBSN provides a useful tool for identifying risks 

associated with digital workload. It may support healthcare administrators and nurse 

managers in developing targeted interventions, such as improving system usability, reducing 

documentation burden, and strengthening organizational support. These implications are 
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consistent with recent studies highlighting the effects of digital fatigue and occupational 

stress on nurses’ job performance and well-being [84, 98]. Addressing digital workload at 

the organizational level may contribute to improving both nurse well-being and the quality 

of care. 

 

Limitations 

This study has several limitations. First, the data were collected from a single public 

hospital, which may limit the generalizability of the findings to different healthcare settings 

[105]. Second, data collection was based on an online survey, which may have favored 

participation by nurses who are more familiar with digital tools [106]. Third, due to the 

cross-sectional design, the observed relationships should not be interpreted as causal [107]. 

Finally, the use of self-reported data may introduce response bias [108]. In addition, 

organizational stress was included as an observed variable, which may not fully capture its 

multidimensional structure [109]. Future research should examine these relationships using 

longitudinal designs and alternative measurement approaches. These limitations should be 

considered when interpreting the findings, as they may influence the generalizability and 

strength of the observed relationships. 

 

Future Research Directions 

Future studies should examine the applicability of the Digital Burnout Scale in 

Nursing across different healthcare settings, institutions, and cultural contexts to enhance its 

generalizability. Testing the scale in diverse clinical environments, such as intensive care 

units, outpatient services, and various hospital types, would provide a more comprehensive 

understanding of digital burnout in nursing practice. 

Beyond measurement, future research should focus on identifying strategies to 

reduce digital burnout. In particular, the design and usability of digital systems in nursing 

should be reconsidered. Simplifying system interfaces, reducing unnecessary data entry, and 

minimizing repetitive documentation could help alleviate digital workload and related strain. 

In addition, improving system integration and standardizing digital procedures across units 

may reduce inconsistencies that contribute to stress. 

Another important direction is to involve nurses more actively in the design and 

improvement of digital systems. Approaches that incorporate user experience and frontline 

feedback are likely to produce more effective and sustainable solutions. Examining how 
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such participatory approaches influence digital burnout would provide valuable insights for 

both system developers and healthcare managers. 

Finally, longitudinal and intervention-based studies are needed to examine how these 

improvements influence digital burnout over time and to generate evidence-based 

recommendations for healthcare organizations. 

 

 

5. CONCLUSION 

This study developed and validated the Digital Burnout Scale in Nursing (DBSN) 

and assessed its association with organizational stress. The findings support a two-factor 

structure, Emotional Exhaustion and Erosion of Human Interaction. Evidence for construct 

validity and internal consistency was strong. 

The relationship between digital burnout and organizational stress was also 

examined. The findings showed a positive association between these variables. This 

association was driven by erosion of human interaction. Emotional exhaustion did not show 

a significant effect. Changes in interpersonal interaction in digital care settings may 

therefore play a central role in explaining organizational stress. 

The results further suggest that digital burnout reflects more than individual strain. 

Organizational conditions, digital workload, and system demands appear to shape this 

experience. 

The DBSN provides a context-specific tool for assessing burnout related to 

digitalization in nursing. It may help identify areas of digital workload and support 

organizational improvements. Addressing these areas may support nurse well-being and help 

maintain the quality of care in digital healthcare settings. 

 

 

Declarations 

Acknowledgements 

The author would like to thank all participants for their voluntary contribution to this study. 

 

Author’s contributions 

FNKŞ conceived and designed the study, developed the scale, collected the data, performed 

the statistical analyses, interpreted the results, and drafted and critically revised the 

manuscript. The author read and approved the final version of the manuscript. 

ACCEPTED MANUSCRIPTARTICLE IN PRESS

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



25 
 

 

Funding 

None. 

 

Data availability 

The data supporting this study’s results are available from the corresponding author upon 

reasonable request. 

 

Ethics approval 

Ethical approval for the study was granted by the Hatay Mustafa Kemal University Social 

and Human Sciences Scientific Research and Publication Ethics Committee at its meeting 

held on 05 December 2025, meeting number 14, with decision number 19. The study was 

conducted in accordance with the principles of the Declaration of Helsinki. 

 

Consent to participate 

Before starting the survey, participants were presented with an information text and a 

statement indicating voluntary participation. The questionnaire could be accessed only after 

participants confirmed their consent by selecting the relevant checkbox. Participation was 

voluntary, and confidentiality and anonymity were ensured. 

 

Consent for publication 

Not applicable. 

 

Competing interests 

The author declares no competing interests. 

 

Clinical trial number 

Not applicable. 

 

 

 

REFERENCES 

[1]  Kallestrup-Lamb M, Marin AO, Menon S, et al. Aging populations and expenditures 

on health. The Journal of the Economics of Ageing 2024; 29: 100518. 

ACCEPTED MANUSCRIPTARTICLE IN PRESS

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



26 
 

[2]  Khan HT, Addo KM, Findlay H. Public health challenges and responses to the 

growing ageing populations. Public health challenges 2024; 3: e213. 

[3]  Kochakkashani F, Kayvanfar V, Haji A. Supply chain planning of vaccine and 

pharmaceutical clusters under uncertainty: The case of COVID-19. Socio-economic 

planning sciences 2023; 87: 101602. 

[4]  Ahmed SK, Chandran D, Hussein S, et al. Environmental Health Risks After the 2023 

Turkey-Syria Earthquake and Salient Mitigating Strategies: A Critical Appraisal. 

Environmental Health Insights 2023; 17: 11786302231200865. 

[5]  Khoshmaram N, Gholipour K, Farahbakhsh M, et al. Strategies and challenges for 

maintaining the continuity of essential health services during a pandemic: a scoping 

review. BMC Health Services Research 2025; 25: 691. 

[6]  TIGA Healthcare Technologies. WHO Review: How Digital Health Systems 

Strengthened Türkiye’s Earthquake Response, https://www.tigahealth.com/who-

review-how-digital-health-systems-strengthened-turkiyes-earthquake-response/ 

(2025). 

[7]  Raunaq FF, Islam S, Anam MZ, et al. Assessing the challenges to digital technology 

adoption in the healthcare sector: Implications for sustainability in emerging 

economies. Informatics and Health 2025; 2: 194–209. 

[8]  Maawati F, Iswanti DI, Saifudin IMMY, et al. Nurses’ Perception towards Electronic 

Medical Records System: An Integrative Review of Barriers and Facilitators. Iran J 

Public Health 2025; 54: 62–73. 

[9]  Tawfik DS, Sinha A, Bayati M, et al. Frustration with technology and its relation to 

emotional exhaustion among health care workers: cross-sectional observational study. 

Journal of medical Internet research 2021; 23: e26817. 

[10]  Schlicht L, Wendsche J, Melzer M, et al. Digital technologies in nursing: an umbrella 

review. International journal of nursing studies 2025; 161: 104950. 

[11]  Urukovičová N, Rošková E, Schraggeová M, et al. Psychometric properties of the 

Technostress Creators Inventory among employed Slovak respondents. Computers in 

Human Behavior Reports 2023; 12: 100324. 

[12]  Cho H, Nguyen OT, Weaver M, et al. Electronic health record system use and 

documentation burden of acute and critical care nurse clinicians: a mixed-methods 

study. Journal of the American Medical Informatics Association 2024; 31: 2540–

2549. 

[13]  Asgari E, Kaur J, Nuredini G, et al. Impact of electronic health record use on 

ACCEPTED MANUSCRIPTARTICLE IN PRESS

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



27 
 

cognitive load and burnout among clinicians: narrative review. JMIR Medical 

Informatics 2024; 12: e55499. 

[14]  Alobayli F, O’Connor S, Holloway A, et al. Electronic health record stress and 

burnout among clinicians in hospital settings: a systematic review. Digital health 

2023; 9: 20552076231220240. 

[15]  Kräft J, Wirth T, Harth V, et al. Digital stress perception among German hospital 

nurses and associations with health-oriented leadership, emotional exhaustion and 

work-privacy conflict: a cross-sectional study. BMC nursing 2024; 23: 213. 

[16]  Carini E, Villani L, Pezzullo AM, et al. The impact of digital patient portals on health 

outcomes, system efficiency, and patient attitudes: updated systematic literature 

review. Journal of Medical Internet Research 2021; 23: e26189. 

[17]  Hengst TM, Lechner L, Boumans C, et al. Digital Literacy, Self-efficacy, and Desired 

Support among Healthcare Professionals, Patients, and Informal Caregivers: a cross-

sectional study. Patient Education and Counseling 2025; 142: 109310. 

[18]  Park J, Nahm ES. Clinical Nurses’ Point-of-Technology Use and Digital Health 

Competency: Scoping Review. CIN: Computers, Informatics, Nursing 2025; 10: 

1097. 

[19]  Ünver GT, Özdemir FA. Technostress as Resistance to the Use of New Technology in 

Nursing: A Systematic Literature Review. Journal of Research and Development in 

Nursing 2024; 26: 53–65. 

[20]  Li H, Zhong Y. Emotional exhaustion digital technology stress and occupational 

burnout among nurses. Occupational Medicine 2026; kqag014. 

[21]  Poon EG, Trent Rosenbloom S, Zheng K. Health information technology and 

clinician burnout: current understanding, emerging solutions, and future directions. 

Journal of the American Medical Informatics Association 2021; 28: 895–898. 

[22]  Kumar PS. TECHNOSTRESS: A comprehensive literature review on dimensions, 

impacts, and management strategies. Computers in Human Behavior Reports 2024; 

16: 100475. 

[23]  Shaban M, Ezzelregal Abdelgawad, M., Mohamed Elsayed S, Mohamed Abdallah 

HM. The mediating role of emotional intelligence in the relationship between 

technostress and burnout prevention among critical care nurses a structural equation 

modelling approach. BMC nursing 2024; 24: 255. 

[24]  Li LZ, Yang P, Singer SJ, et al. Nurse burnout and patient safety, satisfaction, and 

quality of care: a systematic review and meta-analysis. JAMA network open 2024; 7: 

ACCEPTED MANUSCRIPTARTICLE IN PRESS

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



28 
 

e2443059–e2443059. 

[25]  Hashish A, Aly E. The silent strain beyond the screen: conceptualizing digital 

compassion fatigue in nursing. BMC nursing 2025; 24: 1464. 

[26]  Hilty DM, Armstrong CM, Smout SA, et al. Findings and guidelines on provider 

technology, fatigue, and well-being: scoping review. Journal of Medical Internet 

Research 2022; 24: e34451. 

[27]  Kopuz K, Turgut M, Aydın G. Technostress among nurses: boon or bane? The 

moderated mediation model. BMC nursing 2025; 24: 1092. 

[28]  Muhamad NA, Ma’amor NH, Jamalluddin NH, et al. Technostress and its associated 

factors: Burnout and fatigue among Malaysian healthcare workers (HCWs) in state 

hospitals. PLoS One 2025; 20: e0319506. 

[29]  Abu Safieh AM, Malak MZ, Abu-Sharour LM, et al. Job-related stress, quality of 

work life, and quality of nursing care among critical care nurses. Journal of 

Workplace Behavioral Health 2025; 40: 195–212. 

[30]  Babapour AR, Gahassab-Mozaffari N, Fathnezhad-Kazemi A. Nurses’ job stress and 

its impact on quality of life and caring behaviors: a cross-sectional study. BMC 

nursing 2022; 21: 75. 

[31]  Marcatto F, Patriarca E, Bramuzzo D, et al. Investigating the role of organizational 

stress in nurses’ psychosomatic complaints: Evidence from a study in northeastern 

Italy. AIMS Public Health 2024; 11: 420. 

[32]  Demerouti E, Bakker AB, Nachreiner F, et al. The job demands-resources model of 

burnout. Journal of Applied Psychology 2001; 86: 499–512. 

[33]  Kulikowski K. Exploring the role of cognitive job demands in job demands‐resources 

theory. Journal of Occupational and Organizational Psychology 2026; 99: e70095. 

[34]  Chua JL, Mougammadou Z, Lim RBT, et al. In the shoes of junior doctors: a 

qualitative exploration of job performance using the job-demands resources model. 

Frontiers in Psychology 2024; 15: 1412090. 

[35]  Udushirinwa CC, McVicar A, Teatheredge J. Utilization of Job Demands-Resources 

(JD-R) Theory to Evaluate Workplace Stress Experienced by Health Care Assistants 

in a UK In-Patient Dementia Unit after 10 Years of National Financial Austerity 

(2008–2018). International journal of environmental research and public health 

2023; 20: 65. 

[36]  Ahmed RR, Streimikiene D, Soomro RH, et al. Digital transformation and industry 

4.0 initiatives for market competitiveness: Business integration management model in 

ACCEPTED MANUSCRIPTARTICLE IN PRESS

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



29 
 

the healthcare industry. Journal of competitiveness 2022; 14: 6–24. 

[37]  Anwar A, Malik MI, Yucel S, et al. Impact of managerial competencies on healthcare 

project success through health workers mental health and social support. Discover 

Public Health 2026; 23: 111. 

[38]  Bakker AB, Demerouti E. The job demands‐resources model: State of the art. Journal 

of managerial psychology 2007; 22: 309–328. 

[39]  Mohammed HA, Elamin SA, El-Awaisi A, et al. Use of the job demands-resource 

model to understand community pharmacists’ burnout during the COVID-19 

pandemic. Research in social and administrative pharmacy 2022; 18: 3568–3579. 

[40]  Rohwer E, Flöther JC, Harth V, et al. Overcoming the “dark side” of technology—a 

scoping review on preventing and coping with work-related technostress. 

International journal of environmental research and public health 2022; 19: 3625. 

[41]  Ashraf M. Digital Burnout and Mental Health: Evaluating Interventions in Gen Z 

Populations. International Journal of Science and Research 2025; 14: 1231–1237. 

[42]  Erten P, Özdemir O. The digital burnout scale. İnönü Üniversitesi Eğitim Fakültesi 

Dergisi 2020; 21: 668–683. 

[43]  Salmela-Aro K, Upadyaya K, Ronkainen I, et al. Study burnout and engagement 

during COVID-19 among university students: The role of demands, resources, and 

psychological needs. Journal of Happiness Studies 2022; 23: 2685–2702. 

[44]  Andal-Saniano, A.C., Marquez MKI, Medina HMR. How to conduct and write a 

cross-sectional study. The Filipino Family Physician 2024; 62: 27–36. 

[45]  Figueiredo RG, Patino CM, Ferreira JC. Cross-sectional studies: understanding 

applications, methodological issues, and valuable insights. Jornal Brasileiro de 

Pneumologia 2025; 51: e20250047. 

[46]  Paoli I, Masotta V, Caponnetto V, et al. Psychometric Validation of the Italian 

Genomic Nursing Concept Inventory: A Cross-Sectional Study Among Nursing 

Students. Journal of nursing measurement. Epub ahead of print 2025. DOI: 

10.1891/JNM-2025-0059. 

[47]  Kuşcu Şahin FN. Development and Examination of the Psychometric Properties of 

the Social Perception of Artificial Intelligence in Healthcare Scale in the Turkish 

Context: Evidence From Hatay Province. International Journal of Public Health 

2026; 71: 1609194. 

[48]  Şanlı S. Sampling methods and appropriate sample size determination: A concise 

overview. Pamukkale Social Sciences Institute Journal 2023; 357–375. 

ACCEPTED MANUSCRIPTARTICLE IN PRESS

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



30 
 

[49]  Bordea EN, Apostol OA, Sporea C, et al. Mapping the Emotional Mind: 

Development and Psychometric Validation of the SIER-C as a Multifactorial 

Structure with Two Higher-Order Factors Model of Emotional Intelligence and 

Resilience in School-Age Children. European Journal of Investigation in Health, 

Psychology and Education 2026; 16: 8. 

[50]  Lim WM, Khatri P, Shiva A, et al. Guidelines for Scale Development and Validation. 

Journal of Consumer Behaviour 2026; 25: 953–973. 

[51]  Romero-Suárez, M., Delgado-García, C. M., Ondé D, Alvarado JM. Assessing the 

latent structure of psychometric measures: a multimethod tutorial with psychometric 

networks, factor analysis, and resampling-based techniques. Quality & Quantity. 

Epub ahead of print 2026. DOI: 10.1007/s11135-025-02557-1. 

[52]  Oom P, Oliveira S, Bacelar-Nicolau L, et al. Evaluating the performance of simulated 

patients: Development and validation of the Lisbon Assessment of Simulated Patients 

(LASP) scale. Medical Teacher 2026; 1–7. 

[53]  Kyriazos T, Poga-Kyriazou M. Applied psychometrics: Estimator considerations in 

commonly encountered conditions in CFA, SEM, and EFA practice. Psychology 

2023; 14: 799-828. 

[54]  Carton Erlandsson, L., Bocchino A, Palazón-Fernandez, J. L., Lepiani I, Chamorro 

Rebollo, E., Quintana Alonso R. Validation of the Adapted eHEALS Questionnaire 

for Assessing Digital Health Literacy in Social Media: A Pilot Study. Nursing 

Reports 2025; 15: 330. 

[55]  Aldemir Atmaca K, Hançer Tok H, Yildiz E. Turkish adaptation of the student survey 

on writing nursing care plans: a validity and reliability study. BMC nursing 2025; 24: 

1353. 

[56]  Kuşcu Karatepe H, Öztürk Yıldırım T, Tiryaki Şen H. What Do Nurses Experience in 

Pandemics? A Scale Development Study. Istanbul Gelisim University Journal of 

Health Sciences 2022; 440–457. 

[57]  Yıldırım TÖ, Karaman M. Development and psychometric evaluation of the artificial 

intelligence attitude scale for nurses. BMC nursing 2025; 24: 441. 

[58]  Yıldırım Y, Taşmektepligil MY, Üzüm H. Adaptation of Job Strain Questionnaire- 

Short Version (Validity and Reliability Study). Selcuk University Journal of Physical 

Education and Sports Science 2011; 13: 103-108. 

[59]  Güney S, Bayrak S, Farhoud H. The Mediating Role of Organizational Stress in the 

Effect of Toxic Leadership on Employees’ Intention to Leave and A Study on This 

ACCEPTED MANUSCRIPTARTICLE IN PRESS

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



31 
 

Topic. Premium e-Journal of Social Sciences 2025; 9: 379–398. 

[60]  Kline RB. Principles and practice of structural equation modeling. 5. Edition. 

Guilford publications., 2023. 

[61]  Purwanto A, Sulaiman A. The influence of organizational culture on teacher 

innovation capability and tacit knowledge: A CB-SEM AMOS analysis. Journal of 

Industrial Engineering & Management Research 2023; 4: 35-41. 

[62]  Tabachnick BG, Fidell LS. Using Multivariate Statistics. 7th ed. Pearson, 2019. 

[63]  Widaman KF, Helm JL. Exploratory factor analysis and confirmatory factor analysis. 

In: APA handbook of research methods in psychology: Data analysis and research 

publication. American Psychological Association., 2023, pp. 376–410. 

[64]  Ahmed RR, Streimikiene D, Streimikis J, et al. A comparative analysis of 

multivariate approaches for data analysis in management sciences. E+ M Ekonomie a 

Management 2024; 27: 192–210. 

[65]  Swe TM, Yang S. Factors influencing user satisfaction with university library 

websites in Myanmar. Journal of Information Science Theory and Practice 2024; 12: 

1–21. 

[66]  Fornell C, Larker DF. Evaluating structural equation models with unobservable 

variables and measurement error. Journal of Marketing Research 1981; 18: 39–50. 

[67]  Ladera-Castañeda, M., Escobedo-Dios, J., Cornejo-Pinto A, Cieza-Becerra J, Castro-

Rojas M, et al. Validation of an instrument to measure the perception of occupational 

safety and health among Peruvian dentists. Scientific Reports 2025; 15: 15357. 

[68]  Alzaben AS, Bawazeer NM. Translation, validity, and reliability of an Arabic version 

of the short Healthy Eating Index tested in young Saudi adults: a questionnaire-based 

study. Frontiers in Public Health 2025; 13: 1581863. 

[69]  Karaman M. Exploratory and Confirmatory Factor Analysis: A Conceptual Study. 

International Journal of Economic and Administrative Sciences 2023; 9: 47-63. 

[70]  Byrne B. Structural equation modeling with AMOS: basic concepts, applications, and 

programming. 2. Edition. New York, NY: Routledge, 2010. 

[71]  Yin Y, Shi D, Fairchild AJ. The effect of model size on the root mean square error of 

approximation (RMSEA): The nonnormal case. Structural Equation Modeling: A 

Multidisciplinary Journal 2023; 30: 378–392. 

[72]  Erten P, Özdemir O. The Digital Burnout Scale. Inonu University Journal of the 

Faculty of Education 2020; 21: 668–683. 

[73]  Guevara-Tantalean, E.A., Tantaleán-Arteaga, A.B., Arévalo-García, B.F., Cunza-

ACCEPTED MANUSCRIPTARTICLE IN PRESS

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



32 
 

Aranzábal DF. Development and Psychometric Properties of a Scale to Measure the 

Meaning of Life (MLS). European Journal of Investigation in Health, Psychology 

and Education 2025; 15: 174. 

[74]  Izah SC, Sylva L, Hait M. Cronbach’s alpha: A cornerstone in ensuring reliability and 

validity in environmental health assessment. ES Energy and Environment 2023; 23: 

1057. 

[75]  Özkılıçcı G. Adaptation of the Political Alienation Scale to Turkish: Validity and 

Reliability Analyses. Journal of Sustainable Equity and Social Research 2026; 3: 40–

53. 

[76]  Shao J, Wen M, Zhang Y, et al. Development of a measurement of doctor-patient 

communication quality scale. Frontiers in Public Health 2025; 13: 1606403. 

[77]  Russo A, Zammitti A, Zarbo R, et al. The sustainable career scale (SCS): 

development, validity, reliability and invariance. Journal of Global Responsibility 

2026; 17: 1–25. 

[78]  Yaşlıoğlu M. Factor Analysis and Validity in Social Sciences: Application of 

Exploratory and Confirmatory Factor Analyses. Istanbul University Faculty of 

Business Administration Journal 2017; 46: 74–85. 

[79]  Cao Y, Yuan J, Luo L. The physical activity and social support scale: a translation 

and psychometric validation study in a Chinese college student sample. Frontiers in 

Psychology 2024; 15: 1252561. 

[80]  Mo Y, Zhang H, Bai X, et al. Digital resilience of clinical nurses: a concept analysis. 

BMC nursing 2025; 24: 12–31. 

[81]  Jackson KM, Konczosné Szombathelyi M. Student burnout in higher education: From 

lockdowns to classrooms. Education Sciences 2022; 12: 842. 

[82]  Hair J, Joseph F, Hult G, et al. Partial least squares structural equation modeling 

(PLS-SEM) using R: A workbook. Springer International Publishing, 2021. Epub 

ahead of print 2021. DOI: 10.1007/978-3-030-80519-7. 

[83]  Xing J, Jiang Q. Factors influencing user experience in AI chat systems–a satisfaction 

study based on factor analysis and linear regression. Kybernetes 2025; 54: 5441–

5481. 

[84]  Strudwick G. Examining the technostress dimensions and job satisfaction in Nursing-

A Cross-Sectional study. Innovation in Applied Nursing Informatics 2024; 315: 311. 

[85]  Khlaif ZN, Khalili F, Affouneh S, et al. How remote leaning during crisis affect 

technostress levels experienced by academicians. Education and Information 

ACCEPTED MANUSCRIPTARTICLE IN PRESS

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



33 
 

Technologies 2023; 28: 11075-11100. 

[86]  Wirkkala M, Wijk K, Larsson AC, et al. Technology frustration in healthcare–does it 

matter in staff ratings of stress, emotional exhaustion, and satisfaction with care? A 

cross-sectional correlational study using the job demands-resources theory. BMC 

Health Services Research 2024; 24: 1557. 

[87]  Arpaci R, Kabakoğlu H, Tanriverdi D. Impact of Digital Burnout and Attention 

Control on Care Behaviors in Nurses: A Structural Equation Model. CIN: Computers, 

Informatics, Nursing 2025; 10: 1097. 

[88]  Yiğit D. Use of Electronic Health Records in Nursing. Akdeniz Nursing Journal 2025; 

4: 139–145. 

[89]  Frennert S, Petersson L, Erlingsdottir G. “More” work for nurses: the ironies of 

eHealth. BMC health services research 2023; 23: 411. 

[90]  Shi Q, Wotherspoon R, Morphet J. Nursing informatics and patient safety outcomes 

in critical care settings: a systematic review. BMC nursing 2025; 24: 546. 

[91]  Provenzano M, Cillara N, Curcio F, et al. Electronic health record adoption and its 

effects on healthcare staff: a qualitative study of well-being and workplace stress. 

International Journal of Environmental Research and Public Health 2024; 21: 1430. 

[92]  Wu Y, Wu M, Wang C, et al. Evaluating the prevalence of burnout among health care 

professionals related to electronic health record use: systematic review and meta-

analysis. JMIR Medical Informatics 2024; 12: e54811. 

[93]  Golay D, Karlsson MS, Cajander Å. Negative emotions induced by work-related 

information technology use in hospital nursing. CIN: Computers, Informatics, 

Nursing 2022; 40: 113-120. 

[94]  Würtenberger, A., Groneberg DA, Mache S. Digital stress perception and associations 

with work- and health-related outcomes among general practitioners in Germany: a 

quantitative study. BMC health services research 2025; 25: 535. 

[95]  Forde‐Johnston C, Butcher D, Aveyard H. An integrative review exploring the impact 

of Electronic Health Records (EHR) on the quality of nurse–patient interactions and 

communication. Journal of advanced nursing 2022; 79: 48-67. 

[96]  Dudding KM, Gephart SM, Carrington JM. Neonatal nurses experience unintended 

consequences and risks to patient safety with electronic health records. CIN: 

Computers, Informatics, Nursing 2018; 36: 167-176. 

[97]  Li E, Clarke J, Ashrafian H, et al. The impact of electronic health record 

interoperability on safety and quality of care in high-income countries: systematic 

ACCEPTED MANUSCRIPTARTICLE IN PRESS

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



34 
 

review. Journal of medical Internet research 2022; 29: e38144. 

[98]  Demir Y, Dağ E, Nal B, et al. Determinants of nurses’ job performance: the 

interaction of perceived occupational stress, psychological safety, and digital fatigue. 

BMC nursing; 24. Epub ahead of print 2025. DOI: 10.1186/s12912-025-04055-z. 

[99]  Gaube S, Cecil J, Wagner S, et al. The relationship between health IT characteristics 

and organizational variables among German healthcare workers. Scientific reports 

2021; 11: 17752. 

[100]  Demerouti E, Bakker AB, Nachreiner F, et al. The job demands-resources model of 

burnout. Journal of Applied psychology 2001; 86: 499. 

[101]  Bakker AB, Demerouti E. Job demands–resources theory: Taking stock and looking 

forward. Journal of occupational health psychology 2017; 22: 273. 

[102]  Toker S, Uzun S, Emirza EG, et al. In the Shadow of Digital Burnout: A Qualitative 

Study on Academic Nurses’ Perspectives on Digital Fatigue and Mental Health. 

Journal of Nursing Scholarship 2026; 58: e70070. 

[103]  Wang X, Liu M, Xu T, et al. New nurses’ practice environment, job stress, and 

patient safety attitudes: a cross-sectional study based on the job demands-resources 

model. BMC nursing 2024; 23: 2. 

[104]  Anwar RS, Ahmed RR, Streimikiene, D., Strielkowski W, et al. Customer 

engagement, innovation, and sustainable consumption: Analyzing personalized, 

innovative, sustainable phygital products. Journal of Innovation & Knowledge 2025; 

10: 100642. 

[105]  Yang J, Soltan AA, Clifton DA. Machine learning generalizability across healthcare 

settings: insights from multi-site COVID-19 screening. NPJ digital medicine 2022; 5: 

69. 

[106]  Yamazaki KG, Hewitt L, Torres L, et al. Technology Access, Digital Literacy, and 

Enrollment Support Preferences in a Federally Qualified Health Center: Cross-

Sectional Study. JMIR Formative Research, 2026; 10: e78850. 

[107]  Pérez-Guerrero, E.E., Guillén-Medina, M.R., Márquez-Sandoval, F., Vera-Cruz, J.M., 

Gallegos-Arreola, M.P., Rico-Méndez MA, Gutiérrez-Hurtado IA. Methodological 

and statistical considerations for cross-sectional, case–control, and cohort studies. 

Journal of clinical medicine 2024; 13: 4005. 

[108]  Topuz İ, Nal M, Durmuş V, et al. Trust in the healthcare system as a predictor of 

patient satisfaction: a cross-sectional survey in Türkiye’s primary care setting. BMC 

Public Health 2025; 25: 3887. 

ACCEPTED MANUSCRIPTARTICLE IN PRESS

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



35 
 

[109]  Tenenhaus A, Tenenhaus M, Dijkstra TK. Structural equation modeling with factors 

and composites within the framework of the basic design. Advances in Data Analysis 

and Classification 2025; 1–28. 

 

ACCEPTED MANUSCRIPTARTICLE IN PRESS

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS


