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 Job satisfaction and digital talent are topics of growing interest in the context of digital 
transformation. Digitalization is changing the way organizations operate and how employees 
perceive their work. The state and its administrative staff is no exception, as these capabilities are 
essential to perform operational tasks that underpin the public institution's documentary processes. 
This study investigates the influence of digital talent (independent variable) on job satisfaction 
(dependent variable), employing structural equation modeling (SEM) using WarpPLS software. 
Digital Talent is broken down into three sub-variables: Digital Competencies of Employees (DCE), 
Capacity for Digital Innovation and Creativity (CIDC) and Adaptability and Continuous Learning 
(ACL), while Job Satisfaction is measured through two sub-variables: Work Environment (WE) 
and Professional Development Opportunities (PDO). The analyses revealed that Capacity for 
Innovation and Digital Creativity (CIDC) has a significant impact on Work Environment, with a 
path coefficient (β) of 0.13 (p = 0.01). Similarly, adaptability and continuous learning (ACL) 
positively influence the work environment, with a path coefficient (β) of 0.10 (p = 0.04). In 
addition, a strong relationship was found between professional development opportunities (PDO) 
and work environment, with a path coefficient (β) of 0.68 (p < 0.001). For the relationship between 
digital competencies (DCE) and career development opportunities, the path coefficient was 0.10 (p 
= 0.04). Digital talent is a key predictor of job satisfaction in administrative staff. The results 
suggest that investing in the development of digital capabilities, especially innovation and 
creativity, as well as adaptability, is essential to improve the work environment and career 
development opportunities. 
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1. Introduction 

In today's digital era, the knowledge and use of office automation tools and tools linked to information technologies have 
become a determining factor for individual, professional and organizational success. In Peru, there is a gap between the needs 
of companies and the capabilities of the workforce in terms of digital talent (Novella & Rosas-Shady, 2023), in the public 
university environment, administrative staff is no exception, since their efficient performance depends largely on the mastery 
of digital skills to perform tasks such as information management, online communication, reporting and customer service. 
Several studies have demonstrated the positive relationship between digital talent and job satisfaction of administrative staff 
in institutions (Chinchilla & Cely, 2021; García-Izquierdo et al., 2022). The development of these skills allows workers to be 
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more autonomous and efficient in their work, allowing them to have better opportunities for professional development, 
collaborate and communicate more effectively with their colleagues, streamline their work and feel updated. 
 
To develop the digital talent of staff (administrative and non-administrative), it is essential to offer training programs, ensure 
access to the necessary digital tools, manage the change to a new digital reality and foster an organizational culture that values 
and supports the development of these skills; so investing in digital talent brings benefits such as increased productivity and 
efficiency, cost reduction, better customer service and greater capacity for innovation. Digital talent encompasses not only 
technical skills, but also the ability to innovate and continuously adapt to new challenges (Diaz-Chao et al., 2022) and plays 
a crucial role in influencing employee job satisfaction; hence, digital leadership, information technology and digital 
competence are affecting employee performance (Ethem et al., 2022; Hidayat et al., 2023). Moreover, the rise of Generation 
Z, characterized by its attachment to technology and unique traits, highlights the importance of understanding how workload, 
job satisfaction, and psychological conditions influence turnover intention among this generation in digital industries 
(Ardiansyah et al., 2023). Additionally, since digital talent increases productivity or administrative operational efficiency, it 
has a positive impact on job satisfaction (Pusterla, 2022), it is the responsibility of the institutions or organizations and the 
employees themselves to train and qualify themselves in order to have these technological skills. 
 
Job satisfaction is a critical factor that influences employee productivity and retention (Judge & Kammeyer-Mueller, 2012), 
at the same time that it establishes an emotional state regarding the work environment (Jiménez et al., 2020); these generated 
emotions are capable of influencing performance, well-being and work commitment (Susanto et al., 2022), as well as both 
intrinsic and extrinsic motivation of workers (Cayupe at al., 2023). On the other hand, for Galiano-Coronil et al. (2024) and 
Díaz et al. (2023), working conditions, corporate image and social relations influence employee satisfaction and well-being, 
with an improvement in productivity, loyalty and creativity. From a macro perspective, the incorporation of elements linked 
to government digital transformation involves adapting the culture, organization and processes to use technology, improving 
efficiency, transparency and security in public services; taking into consideration governance, legal regulations, digital talent, 
infrastructure and digital services (Cubo et al., 2022). 
 
In the case of the National University of Central Peru (UNCP), the concern for improving educational and administrative 
quality through the use of digital tools is tacit and inherent to its organizational work, so they must respond proactively to the 
new demands of the digital world (Colina-Ysea et al., 2024). Complementarily, the need for a digitally talented administrative 
staff is relevant due to its size and complexity; UNCP has a student population of more than 10,000 students and more than 
500 administrative workers, requiring an efficient and modern management of its processes to achieve its academic, outreach, 
social projection and research objectives (UNCP, 2023). In this context, the present study aims to analyze the relationship 
between digital talent and job satisfaction of UNCP administrative staff; and to identify strategies for strengthening the 
theoretical and practical capabilities of information technologies, and thus contribute to the improvement of administrative 
management, job satisfaction and service quality.  

 
2. Literature Review 
 
Digital Talent: Set of competencies, skills and knowledge that allow employees to use and develop digital technologies 
effectively in their work environment (Secretariat of Government and Digital Transformation of the PCM of Peru, 2023). In 
other areas, it is usually considered as Digital Competencies, the same that are associated with skills and technical knowledge 
necessary to handle digital tools and technologies (Huarcaya & Dávila, 2023). Having an IT culture makes employees more 
productive and proactive in their work areas and able to share their experiences with others (Inga-Avila et al., 2023). An 
important component of digital talent is the Digital Innovation and Creativity possessed by the collaborator; this is the ability 
to apply innovative and creative thinking in problem solving and process improvement through digital technologies (Austin, 
2016). Similarly, it is important that collaborators possess personal capabilities and characteristics oriented to adaptability and 
continuous learning, which gives them the willingness and ability to use new technologies (Hamid, 2022) from training and 
continuous training, as well as by self-learning.  . 
 
Job Satisfaction: Considered as the degree of well-being that employees experience in their work environment. This is a 
topic of great interest, since it not only influences productivity and organizational functioning, but also the physical and mental 
health of employees (Pugliesi, 1999); at the same time it is influenced by work values, perception of work rewards and control 
over work situations (Kalleberg, 1977). On the other hand, the conditions of the workplace influence the well-being of 
employees and their respective performance, taking into account aspects such as: environmental conditions, work climate, 
predisposition to support, etc., thus ensuring the physical and mental peace of mind of the collaborators (Faragher et al., 2005). 
 
3. Research Model 
 
The research model seeks to relate the variables Digital Talent and Job Satisfaction. To this end, the independent variable 
Digital Talent is broken down into the independent sub-variables: digital competencies of employees, capacity for innovation 
and digital creativity, and adaptability and continuous learning of employees. On the other hand, the dependent variable has 
been broken down into the following dependent sub-variables: work environment and professional development opportunities. 
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The variables and relationships have been established based on the knowledge of each one of them (Literature Review). The 
three independent sub-variables are related to the two dependent sub-variables as shown in Figure 1. Similarly, the relationship 
between Professional Development Opportunities and the work environment has been established as a logical relationship in 
the dynamics of labor relations. 
 

 
 

Fig. 1. Research model 
 
Hypothesis: The relationships considered in the research model determine the following hypotheses:  
 
H1: Employees' digital competencies have a positive effect on the work environment. 
H2: The digital competencies of employees have a positive effect on professional development opportunities. 
H3: Employees' capacity for innovation and digital creativity has a positive effect on the work environment. 
H4: Employees' capacity for digital innovation and creativity has a positive effect on professional development opportunities. 
H5: Employees' adaptability and continuous learning have a positive effect on the work environment. 
H6: Adaptability and continuous learning of collaborators have a positive effect on professional development opportunities. 
H7: Professional development opportunities have a positive effect on the work environment. 
 
4. Research Methodology 
 
The method and analysis of the research are quantitative associative, as it seeks to know the nature and extent of the 
relationships between variables (Ñaupas et al., 2018).  
 

 
Fig. 2. Sample distribution 

 
To collect data, an electronic form (Google Forms) was used; the research used accidental or convenience sampling to improve 
information collection. Complex relationships between variables were addressed using structural modeling equations and 
partial least squares (SEM-PLS), the same that allows simultaneously assessing the existence of a connection or impact 
between several latent variables using multiple indicators (So et al., 2021). Hair et al. (2017), emphasize that SEM-PLS is 
used for studies with small samples; in this regard, Ghozali & Latan (2017) highlight that the SEM method requires a minimum 
sample size of 100 records. In that sense, the study included 286 administrative collaborators (out of a total of 511), with an 
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average age of 48.68 years, and an age range between 21 and 70 years. Of the participants, 148 were women and 138 were 
men. See Fig. 2. 
 
5. Results 
 
The data analysis was performed using Warp PLS 8.0 software, model fitting and quality indices; evaluation of the respective 
measurement model and structural model. 
 
5.1 Model fit and quality indices 
 
The fit and quality indices of a structural model are critical to assess its ability to adequately represent the empirical data and 
postulated theoretical relationships. These indicators provide a measure of how well the model fits the observed data and, 
therefore, of the reliability of the inferences that can be drawn (McNeish et al., 2017). A good fit indicates that the model is 
able to explain a significant proportion of the variance in the endogenous variables and that the relationships between variables 
are robust and statistically significant. In this study, the results obtained are shown in Table 1 and indicate that the proposed 
structural model presents an adequate and reliable fit, which supports the stated research hypotheses. 
 
Table 1 
Model fit and quality indices 

Indicator Value Interpretation 

Average Path Coefficient (APC) 0.247, p<0.001 
The average size of the effects of the exogenous variables on the endogenous variables 
is moderate and statistically significant. 

Average R-squared (ARS) 0.615, p<0.001 
The model explains on average 61.5% of the variance of the endogenous variables, 
which is a good fit. 

Average Adjusted R-squared (AARS) 0.610, p<0.001 
Similar to the ARS, but adjusted for the number of variables, indicates a good model 
fit. 

Average block VIF (AVIF) 2.458 
Multicollinearity among the variables in the model is moderate, although desirably less 
than 3.3. 

Average full collinearity VIF (AFVIF) 2.810 Similar to the AVIF, it indicates moderate multicollinearity. 
Tenenhaus GoF (GoF) 0.603 The overall model fit is good, close to the limit of a large fit. 

Simpson's paradox ratio (SPR) 
1.000 
 

There is no evidence of Simpson's paradox, which is positive. 

R-squared contribution ratio (RSCR) 1.000 All variables contribute positively to the R-squared, which is ideal. 
Statistical suppression ratio (SSR) 1.000 There is no evidence of statistical suppression. 
Nonlinear bivariate causality direction 
ratio (NLBCDR) 

1.000 There is no evidence of nonlinear reverse causality. 

 
From the data indicated, a solid fit and validity is demonstrated, reflecting consistent relationships between the variables 
studied. The indices show a considerable explanatory capacity, with an average explained variance of more than 0.60, 
expressing that the independent variables are significant in predicting the dependent variables. Multicollinearity remains at 
acceptable levels, suggesting that there are no major problems of redundancy between constructs. The absence of statistical 
suppression and Simpson's paradox reinforces the reliability of the relationships found, and the correct causal direction ensures 
that the model interpretations are valid. Overall, the results point to a robust and well-fitted model, with potential to provide 
significant theoretical and practical findings. 
 
5.2 Confirmation of the measurement model 
 
To ensure that the questionnaire results yielded valid data, the responses were assessed by reliability and convergent validity 
analysis. Table 2 shows the reliability (Cronbach's alpha and composite reliability), convergent validity and discriminant 
validity which were calculated to evaluate the measurement model. 
 
Table 2 
Results of analysis of the measurement model 

 DCE CIDC ACL WE PDO 

Range of factor loadings 0.58-0.78 0.73-0.87 0.58-0.82 0.55-0.88 0.73-0.86 
Composite reliability 0.833 0.910 0.869 0.89 0.913 
Cronbach's alpha 0.749 0.875 0.809 0.849 0.885 
Average variance extracted 0.502 0.669 0.573 0.582 0.636 

   
In the evaluation of the measurement model, the values of Cronbach's alpha are in the range of 0.749 - 0.885 indicating that 
the model expresses an adequate internal consistency (Carmines & Zeller, 1979); as for the composite reliability, the values 
are between 0.833 - 0.913; this indicator is similar to Cronbach's alpha, but considers the interrelationships existing between 
the constructs that are extracted (Fornell & Larcker, 1981). On the other hand, the average extracted variance (EVA) is 
considered; it measures the variance captured by a construct in relation to the others in the model. The EVA value must be 
greater than 0.5 (Fornell & Larcker, 1981), a criterion that is met given that the resulting values fluctuate between 0.502 - 
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0.669. As for discriminant validity, it refers to the ability of an instrument to distinguish between two or more variables or 
concepts, determining the existence of significant correlations between variables (Hogan, 2004; Hair et al., 2010). Fornell & 
Larcker (1981) indicated that discriminant validity can be tested by comparing the square root value of the AVE with the 
correlation between variables; this means that discriminant validity will be given if the square root value of the AVE is greater 
than the correlation between variables (Zaiţ & Bertea, 2011). Table 3 evidences that the square root value of the AVE on the 
diagonal, is greater than the existing correlation between each pair of latent constructs; ensuring discriminant validity. 
 
Table 3 
Correlations between items with the square roots of the average variances extracted (AVEs) 

 DCE CIDC ACL WE PDO 
DCE (0.709) 0.724 0.613 0.528 0.587 
CIDC 0.704 (0.818) 0.694 0.618 0.673 
ACL 0.613 0.694 (0.757) 0.605 0.642 
WE 0.528 0.618 0.605 (0.763) 0.711 
PDO 0.587 0.673 0.642 0.711 (0.797) 

Note: The values on the diagonal represent the square root of the AVE of each construct. 
 
5.3 Analysis of the structural model 
 
After the CFA (confirmatory factor analysis) in which all constructs were validated, the structural model is studied in order 
to examine the hypothesized relationships. According to Hair et al. (2017), the collinearity test measured by the Variance 
Inflation Factor (VIF), must be greater than 1 and less than 10 for each of the latent variables studied. Table 4 shows that the 
VIF value of the variables are less than 10, indicating that there is no collinearity in the research model. 
 
Table 4 
Variance Inflation Factor (VIF) 

 DCE CIDC ACL WE PDO 
Variance Inflation Factor (VIF) 2.249 2.953 2.263 3.055 3.530 

 
On the other hand, Fig. 3 shows the structural model that presents standardized estimates, and considers the factor loadings, 
the R2 value for each construct and the standardized beta coefficients, relating each independent variable to the dependent 
variable and indicating the direction and level of effect. 
 

 
Fig. 3. Structural model with standardized values 

 
Note: Values obtained with WarpPLS v. 8.0 
 
Table 5 below summarizes the results of the evaluation of the structural model studied. 

 
Table 5 
Results of the structural model 

Hypotheses Path beta value p value Adopted Decision 
Determination Coefficient 

(R2) 
Predictive 

Relevance (Q2) 

H1: DCE → WE 0.03 0.32 Reject 

0.705 0.676 
H3: CIDC → WE 0.13 0.01 Accepted 
H5: ACL → WE 0.1 0.04 Accepted 
H7: PDO → WE 0.68 0 Accepted 
H2: DCE → PDO 0.1 0.04 Accepted 

0.524 0.527 H4: CIDC → PDO 0.38 0 Accepted 
H6: ACL → PDO 0.32 0 Accepted 

 
Based on the results shown in Table 5, the following is established: The R2 or Coefficient of Determination is the fraction of 
variation explained by an equation of the model under study (Thakkar, 2020). In the research, the value of 0.705 was obtained, 
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indicating a strong relationship between the work environment (WE) and its respective observed variables (DCE, CIDC, ACL, 
PDO). Similarly, a moderate relationship was found between Professional Development Opportunity (PDO) and its respective 
observed variables (DCE, ICDC, ACL), as the R2 value is 0.524. The R2 also indicates the predictive ability of the model; 
according to Hair et al. (2017) a high R2 value shows that the construct values can be predicted by the exposed trajectory 
model; in the detailed cases, high and medium predictive relationships are present respectively. Finally, the predictive 
relevance (Q2) is shown, which indicates the precision in the generation of the observed values and the model parameter 
estimates (beyond the sample). In this regard, Hair et al. (2017) indicate that results above 0.00 express that the model can 
predict future results. The obtained value of Q2 for the two studied relationships are 0.676 and 0.527 respectively, validating 
the predictive relevance. 
 
5.4 Relationship between Digital Talent and Job Satisfaction 
 
In order to determine the overall relationship between Digital Talent (DT) and Job Satisfaction (JS), it is necessary to know 
which are the most relevant sub-variables or dimensions in the model; therefore, a heat map has been generated (Figure 4), 
which shows the relationship between each pair of them. 
 

 
Fig. 4. Heatmap of the correlation matrix 

 
The heat map of the correlation matrix reveals significant linear relationships between several dimensions of the independent 
variables, suggesting that they may be good predictors of the dependent variables,  
After that, the variables related to Digital Talent (DCE2, DCE3, DCE4, DCE5, CICD1, CICD2, CICD3, CICD4, CICD5, 
ACL1, ACL2, ACL3, ACL4) and Job Satisfaction (WE3, WE4, WE5, WE6, PDO2, PDO4, PDO5, PDO6) have been selected 
from the data set; then taking the absolute values of the correlation matrix to focus on the strength of the correlation, regardless 
of its direction, allowing to understand the magnitude of the relationship between Digital Talent and Job Satisfaction.  
The correlation between Digital Talent and Satisfaction has an average value of 0.366. This indicates that there is a moderate 
positive relationship between these two variables, suggesting that as the level of Digital Talent increases, Job Satisfaction also 
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tends to increase. Figure 5 provides insight into the impact of Digital Talent on employee Job Satisfaction and can guide 
decision making in areas such as talent development, skill requirements and job design. 
 

 
Fig. 5. Correlation between Digital Talent - Job Satisfaction 

 
 
6. Discussion of Results 
 
The findings indicate that employees' digital competencies (DCE) (even though in the research the hypothesis has been 
rejected) and digital innovativeness and creativity capability (DICC) have a significant impact on the work environment (WE). 
This suggests that employees with robust digital skills and innovativeness contribute to a more positive work environment. 
Adaptability and continuous learning (ACL) also significantly influence the work environment, underscoring the importance 
of flexibility and continuous development in the modern work environment (Tarafdar et al., 2014). In terms of professional 
development opportunities (PDO), both digital competencies and innovativeness show a significant influence, although less 
pronounced than in the work environment. This may be because professional development opportunities depend not only on 
individual skills, but also on organizational policies and institutional support (Ghani et al., 2023). Finally, the work 
environment shows a positive and significant relationship with professional development opportunities, indicating that a 
positive work environment facilitates employees' professional growth and development (Alessandri et al., 2014; Paitán et al., 
2014). 

 
7. Conclusions 
 
This study demonstrates that digital talent is a crucial factor in improving job satisfaction, highlighting the need for 
organizations to invest in the development of digital competencies and foster a work environment conducive to innovation 
and continuous learning. These findings have practical implications for talent management and HR policy design in the digital 
age. The relationship between Digital Talent and Job Satisfaction is relevant in the context of a public university, due to the 
increasing digitization of educational and administrative processes (Secretariat of Governance and Digital Transformation of 
the PCM of Peru, 2023). The need to keep collaborators motivated and satisfied to improve the efficiency and quality of the 
educational service is as important as the need to foster a work environment that promotes innovation and continuous 
professional development. This theoretical model presented, allows a detailed exploration of how the digital competencies 
and adaptability of collaborators impact their job satisfaction, providing a solid foundation for future research and the 
implementation of effective policies in the management of digital talent in public institutions. 
 
 
 
 
 



 8 

References 
 
Alessandri, G., Borgogni, L., Schaufeli, W. B., Caprara, G. V., & Consiglio, C. (2014). From Positive Orientation to Job 

performance: The Role of Work Engagement and Self-efficacy Beliefs. Journal of Happiness Studies, 16(3), 767–788. 
https://doi.org/10.1007/s10902-014-9533-4 

Austin, R. (2016). Unleashing creativity with digital technology. MIT Sloan Management Review, 58, 22-23. 
https://doi.org/10.7551/mitpress/11645.003.0014. 

Carmines, E. & Zeller, R. (1979). Reliability and validity assessment. California: Sage. 
Cayupe, J.C., Bernedo-Moreira, D.H., Morales-García, W.C., Alcaraz, F.L., Peña, K.B.C., Saintila, J. & Flores-Paredes, A. 

(2023). Selfefficacy, organizational commitment, workload as predictors of life satisfaction in elementary school teachers: 
the mediating role of job satisfaction. Frontiers in Psychology, 14, 1066321. https://doi.org/10.3389/fpsyg.2023.1066321 

Chinchilla, N., & Cely, J. (2021). Talento digital y satisfacción laboral en el sector público colombiano: Un estudio 
comparativo. Estudios Gerenciales, 37(153), 142-153.  

Colina-Ysea, F., Pantigoso-Leython, N., Abad-Lezama, I., Calla-Vásquez, K., Chávez-Campó, S., Sanabria-Boudri, F.M., & 
Soto-Rivera, C. (2024). Implementation of Hybrid Education in Peruvian Public Universities: The Challenges. Education 
Sciences, 14(4):419. https://doi.org/10.3390/educsci14040419 

Cubo, A., Carrión, J. L. H., Porrúa, M., & Roseth, B. (2022). Guía de transformación digital del gobierno. 
https://doi.org/10.18235/0004402 

Diaz Dumont, J. R., Ledesma Cuadros, M. J., Tito Cárdenas, J. V., & Carranza Haro, L. R. (2023). Job satisfaction: some 
considerations. Revista Venezolana de Gerencia, 28(101), 158–170. https://doi.org/10.52080/rvgluz.28.101.11 

Faragher, E., Cass, M., & Cooper, C. (2005). The relationship between job satisfaction and health: a meta-analysis. 
Occupational and Environmental Medicine, 62, 105 - 112. https://doi.org/10.1136/oem.2002.006734. 

Fornell, C., & Larcker, D. F. (1981). Evaluating structural equation models with unobservable variables and measurement 
error. Journal of Marketing Research, 18(1), 39–50. https://doi.org/10.2307/3151312%20 

Galiano-Coronil, A., Blanco-Moreno, S., & Tobar-Pesantez, L. B. (2024). Social marketing and happiness in employment. 
Evidences from Glassdoor. BMC Psychology, 12(1), 444. https://doi.org/10.1186/s40359-024-01882-8 

García-Izquierdo, M., Ferreras-Méndez, J., & Muñoz-Cantero, J. (2022). Impacto del talento digital en la satisfacción laboral 
del personal administrativo de las universidades españolas. RIED. Revista Iberoamericana de Educación a Distancia, 
25(2), e011.  

Ghani, B., Irfan, S., Yoo, S., & Han H. (2023). Does employee engagement promote innovation? The Facilitators of innovative 
workplace behavior via mediation and moderation. Heliyon, 9, e21817. https://doi.org/10.1016/j.heliyon.2023.e21817  

Ghozali, I., & Latan, H. (2017). Partial Least Square: Konsep, Metode, dan Aplikasi menggunakan program WarpPLS 5.0, 
Edisi ke-3. Semarang: Badan Penerbit Universitas Diponogoro. 

Hair, J. F., Hult, G. T. M., Ringle, C. M., & Sarstedt, M. (2017). A Primer on Partial Least Squares Structural Equation 
Modeling (PLS-SEM). Sage: Thousand Oaks. 

Hair, Joseph F. Jr.; Black, William C.; Babin, Barry J. & Anderson, Ralph E. (2010). Multivariate    data    analysis. Prentice 
Hall. 

Hamid, R. (2022). The Role of Employees’ Technology Readiness, Job Meaningfulness and Proactive Personality in Adaptive 
Performance. Sustainability. https://doi.org/10.3390/su142315696. 

Hidayat, F., Sumantri, S., Rumengan, A. E., Wibisono, C., & Khaddafi , M. (2023). The Effect of Digital Leadership, 
Information Technology and Digital Competency on Employee Performance in the Digital Era: Mediating Role of Job 
Satisfaction. International Journal of Advances in Social Sciences and Humanities, 2(2), 144–151. 
https://doi.org/10.56225/ijassh.v2i2.204 

Hogan, T. (2004). Pruebas Psicológicas Una introducción práctica. Ed. El Manual Moderno. 
Huarcaya Torres, Ángel Augusto, & Dávila Morán, Roberto Carlos. (2023). Análisis de las competencias digitales y la 

satisfacción laboral en docentes de educación básica de Lima Metropolitana. Conrado, 19(91), 35-45. 
http://scielo.sld.cu/scielo.php?script=sci_arttext&pid=S1990-86442023000200035&lng=es&tlng=es. 

Inga-Ávila, M., Churampi-Cangalaya, R., Inga-Aliaga, M., Vicente Ramos, W., & Rodríguez-Giráldez, W. (2023). Value 
generation and knowledge management in Peruvian microenterprises. Uncertain Supply Chain Management 11. 743-754. 
https://doi.org/10.5267/j.uscm.2023.1.006 

Jiménez, A., Bravo, C., & Toledo, B. (2020). Conflicto trabajo-familia, satisfacción laboral y calidad de vida laboral en 
trabajadores de salud pública de Chile. Revista de Investigación Psicológica. (23), 67-85. 
http://www.scielo.org.bo/pdf/rip/n23/n23_a06.pdf 

Kalleberg, A. L. (1977). Work Values and Job Rewards: A Theory of Job Satisfaction. American Sociological Review, 42(1), 
124–143. https://doi.org/10.2307/2117735 

Novella, R. & Rosas-Shady, D. (2023). Estudio talento digital en el Perú 2023: la demanda insatisfecha de talento digital en 
el Perú. IADB: Inter-American Development Bank. United States of America. http://dx.doi.org/10.18235/0005310 

Paitán, H. Ñ., Mejía, E. M., Ramírez, E. N., & Paucar, A. V. (2014). Metodología de la investigación cuantitativa-cualitativa 
y redacción de la tesis. Ediciones de la U. 

Pugliesi, K. (1999). The Consequences of Emotional Labor: Effects on Work Stress, Job Satisfaction, and Well-Being. 
Motivation and Emotion, 23, 125-154. https://doi.org/10.1023/A:10213p29112679. 



M. Inga-Avila et al.  /Decision Science Letters 13 (2025) 

 

 

9

Pusterla, F. (2022). Decomposing the effects of digitalization on workers’ job satisfaction. International Review of Economics. 
https://doi.org/10.1007/s12232-022-00392-6 

Secretaría de Gobierno y Transformación Digital de la PCM del Perú (2023). Competencias digitales para la transformación 
del sector público.  

So, W. W. M., Cheng, I. N. Y., Cheung, L. T. O., Chen, Y., Chow, S. C. F., Fok, L., & Lo, S. K. (2021). Extending the theory 
of planned behaviour to explore the plastic waste minimisation intention of Hong Kong citizens. Australian Journal of 
Environmental Education, 37(3), 266–284. https://doi.org/10.1017/aee.2021.1 

Susanto, P., Hoque, M.E., Jannat, T., Emely, B., Zona, M.A., & Islam, M.A. (2022).  Work-Life Balance, Job Satisfaction, 
and Job Performance of SMEs Employees: The Moderating Role of Family-Supportive Supervisor Behaviors. Frontiers 
in Psychology, 13:906876. https://doi.org/10.3389/fpsyg.2022.906876.  

Tarafdar, M., Bolman Pullins, E., & Ragu-Nathan, T. S. (2014). Examining impacts of technostress on the professional 
salesperson’s behavioural performance. Journal of Personal Selling & Sales Management, 34(1), 51–69. 
https://doi.org/10.1080/08853134.2013.870184  

Thakkar, J.J. (2020). Structural Equation Modelling. Studies in Systems, Decision and Control, 285. Springer, Singapore. 
https://doi.org/10.1007/978-981-15-3793-6 

Topcuoglu, E., Oktaysoy, O., Erdogan, S. U., Kaygin, E., & Karafakioglu, E. (2023). The Mediating Role of Job Security in 
The Impact of Digital Leadership on Job Satisfaction and Life Satisfaction. Marketing and Management of Innovations, 
14(1), 122–132. https://doi.org/10.21272/mmi.2023.1-11 

UNCP (2023). UNCP 2023 Boletín Estadístico. 
https://files.uncp.edu.pe/La%20Universidad/Estadistica/BOLET%C3%8DN%20ESTADISTICO%20-%202023.pdf  

Zait, A., & Bertea, P. E. (2011). Methods For Testing Discriminant Validity. Management and Marketing Journal, IX (2), 
217-224. https://www.mnmk.ro/documents/2011-2/4_Zait_Bertea_FFF.pdf  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 10

      
 

    

© 2025 by the authors; licensee Growing Science, Canada. This is an open access article 
distributed under the terms and conditions of the Creative Commons Attribution (CC-BY) 
license (http://creativecommons.org/licenses/by/4.0/). 

 


