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Abstract
Purpose – This study examined how individual drivers influence recruiters’ behavioral intention to use 
gamification in recruitment. It also proposes that this relationship is mediated by recruiters’ attitudes, 
encouraging the use of more playful and user-friendly techniques.
Design/methodology/approach – This article presents a theoretical and empirical model analyzing how 
recruiters’ attitudes influence the relationship between individual drivers and their behavioral intention to use 
gamification. The model was tested among 203 recruiters using partial least squares structural equations and 
fuzzy set qualitative comparative analysis to explore factors contributing to high behavioral intention.
Findings – We empirically confirm that individual drivers positively influence recruiters’ behavioral intentions. 
This effect intensifies when drivers directly influence attitudes, underscoring attitudes as a key mediator in the 
relationship between drivers and their attitudes.
Originality/value – The results increase confidence in applying gamification in recruitment, reinforcing the role 
of individual drivers as predictors of behavioral intention.
Keywords Gamification, Recruitment, Employee attitudes, Intention to use,
Human resource management practices
Paper type Research article

1. Introduction
The current relevance of traditional recruitment methods is being debated (Henning et al., 
2025). Recruitment based on the publication of job advertisements, acceptance or rejection of 
resum�es, etc., although intended to attract candidates and predict their potential performance, 
has become outdated.

A fundamental aspect of recruitment is its high impact on firms’ growth and sustainability 
over time. If one of the key elements of a firm is its people, its growth is directly linked to the 
actions taken to attract, train, and retain the best talent (Obaid et al., 2020).

In the workplace, gamification involves incorporating playful elements into non-
recreational activities to improve the selection and evaluation of candidates in an 
organizational context (Georgiou et al., 2019). The actions derived from gamification 
processes are characterized by increased interaction, which favors the generation of innovative
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and creative environments (Singh, 2022). In the case of recruiters, they must attract a sufficient 
number of candidates for a position. Gamification allows for the evaluation of skills such as 
time management, creativity, and innovative thinking (Shree and Singh, 2019).

In this paper, we model and contrast the positive and direct influence of individual drivers 
(ID) on the behavioral intention (BI) to use gamification by recruiters. However, this direct 
relationship will, in turn, be influenced by the mediating effect of attitude to use (AT). 
Therefore, the present study was guided by two research questions:

RQ1. Do individual drivers directly and positively contribute to recruiters’ behavioral 
intention to use gamification?

RQ2. Does recruiter attitude mediate the influence of individual drivers on behavioral 
intention to use gamification?

This study addresses a current knowledge gap by examining the primary motivators and 
behaviors that influence attitudes towards gamification and the intention to use gamification-
based resources by recruiters of firms and organizations when planning and developing 
recruitment processes.

The practical implications are also crucial for human resource managers and recruiters. 
Knowing which elements influence BI when using gamification as a valuable tool for 
recruitment processes and the mediating role of AT provides greater certainty and security 
when designing and implementing it.

Following the introduction, the second section presents theoretical concepts and 
hypotheses, while the third section describes the methodology, sample, and data. The fourth 
section presents the results and evidence, while the fifth discusses them and establishes the 
main conclusions. Finally, the sixth section examines the implications, limitations, and future 
research directions derived from this study.

2. Literature review
Gamification is linked to technological, economic, social, and cultural advances, transforming 
reality into more motivating, creative, and entertaining experiences (Hamari, 2019). In the 
context of our study, gamification can be defined, in line with Bhawna et al. (2025), as the 
application of game design elements and principles in non-game and professional contexts that 
fosters autonomy, skills, and competencies, as well as interaction among participants.

Promoting individuals’ participation and involvement through gamification has enabled its 
expansion into various fields. The concept’s relative topicality suggests that there remains no 
consensus on a single definition that explains the differences among existing definitions, 
depending on the reality to which they are linked (Tanouri et al., 2023).

2.1 Individual drivers to use gamification in the recruitment process
The Behavioral Intention to use gamification is influenced by different elements. According to 
Davis (1986), the Technology Acceptance Model (TAM), which encompasses Perceived Ease 
of Use (PE) and Perceived Usefulness (PU), influences the behavioral intention to use 
technology in the adoption process by individuals (Aydınlıyurt et al., 2021). As pointed out by 
Davis (1989), PE refers to the level of perceived ease regarding the use of a given system, such 
that, all things being equal, the ease of use of this relative to another will cause one to decant in 
one direction or the other (Madi et al., 2024). PU alludes to the extent to which an individual 
believes that using the system will improve the results of their task (Davis, 1989), thereby 
establishing a positive relationship between its use and the outcome.

According to Self-Determination Theory (SDT) of Ryan and Deci (2000), Intrinsic 
Motivation (IM) and Identified Regulation (IR) are two relevant predictors of behaviors. IM 
refers to behavior performed for the mere satisfaction of doing it, rather than for the expected 
consequence. When IM guides individuals’ behaviors, they participate and become actively
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involved in those activities that interest them (Li et al., 2024). In terms of IR, individuals act 
after evaluating their goals and the means to achieve them. It is the most autonomous form of 
extrinsic motivation, as the goal is perceived as integrated and consistent with one’s values 
(Stiegemeier et al., 2023).

The combination of elements of the TAM (Davis, 1989) and SDT (Ryan and Deci, 2017) 
theories has been used in various studies (Racero et al., 2020). Therefore, from the theoretical 
perspectives of these two models, it can be established that PU, PE, IM, and IR are ID of the 
individual’s behavioral intention, conforming to a unidimensional construct. According to the 
above description, and in the case of the use of gamification by recruiters, the following 
hypothesis can be established:

H1. Individual drivers directly and positively influence the recruiters’ behavioral 
intention to use gamification.

2.2 The mediator effect of attitude
According to Deci (1975), attitude can be determined by the motivation to participate in an 
action. An individual’s attitude is more likely to be positive when autonomously motivated (Li 
et al., 2024). That is, through their intrinsic motivation. On the other hand, the perception of 
external factors when establishing autonomy in adopting a particular behavior (the so-called 
IR) also influences their attitude (Khan et al., 2023) and, therefore, their intention to use 
technology, such as gamification.

As Buil et al. (2020) point out, in various contexts, the attitude toward the use of technology 
depends on the PE and PU perceived by the individual. Therefore, these dimensions are valid 
for studying the acceptance and use of technologies such as gamification, as they influence 
attitude and mediate behavioral intention to use (Yang et al., 2017).

The fundamental role played by an individual’s attitude, derived from their perceptions, in 
influencing their intention to behave has not only been highlighted in TAM (Yen et al., 2023). 
Other theories on the behavior of individuals consolidated in the literature, such as the Theory 
of Planned Behavior (TPB) by Ajzen (1991), shows attitude as one of the main predictors of 
behavioral intention.

Literature indicates that attitude mediates the positive relationship between individual 
factors and recruiters’ intention to use gamification. This relationship is reinforced by the 
influence of these factors on their attitudes, which allows us to formulate the following general 
hypothesis: (Figure 1)

H2. Attitude positively mediates the effect of individual drivers on the recruiters’ 
behavioral intention to use gamification.

Figure 1. Research model. Note: ID: Individual Drivers; PE: Perceived Ease of Use; PU: Perceived 
Usefulness; IM: Intrinsic Motivation; IR: Identified Regulation. Source: Authors’ own work
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From this general hypothesis, the following two specific hypotheses can be deduced:

H2a. Individual drivers are positively related to attitude.

H2b. Attitude is positively related to behavioral intention to use.

3. Methodology
3.1 Sample
The study population includes human resources professionals involved in recruitment. The final 
sample included 203 firms, whose participants met the sociodemographic criteria in Table 1.

According to Blackwood et al. (2015), all human-subject studies must meet the 
requirements of the Institutional Review Board. Accordingly, participants were informed 
about the purpose of the study, the data processing procedure, and measures to ensure their 
anonymity. Informed consent and ethical approval were obtained before participation.

G*Power was used to calculate statistical power. The parameters introduced were effect 
size f 2 5 0.15; α error prob. 0.05; Power (1-β err prob) 5 80%; and number of predictors 5 9. The 
results obtained required a total sample size of 114 cases. Our study meets the minimum 
requirement by having a sample of 203 companies, which guarantees its reliability.

3.2 Measures and data collection
The items to measure PE and PU were adapted from those of Buil et al. (2020) and Davis 
(1989). The IM items are based on Buil et al. (2019) and Neys et al. (2014). Finally, the items to 
measure IR are based on the proposals of Buil et al. (2020) and Neys et al. (2014). In the case of 
AT, the items have been adapted from Taylor and Todd (1995) and Verkijika and De Wet 
(2018). Lastly, the measurement of BI was performed based on the work of Dwivedi et al. 
(2017) and Taylor and Todd (1995).

The constructs were measured by a five-point Likert scale, from 1 (strongly disagree) to 5 
(strongly agree). Table 2 presents all variables used in this model. The independent variable ID 
was structured as a unidimensional construct comprising PU, PE, IM, and IR to enhance 
interpretation and analysis.

3.3 Data analysis
The proposed research model was tested through the second-generation multivariate method 
called Partial Least Squares Structural Equation Modeling (PLS-SEM), specifically standard

Table 1. Respondent demographics

Frequency (%)

Age 20 to 30 84 41.38%
31 to 40 81 39.90%
41 to 55 36 17.73%
Over 55 2 0.99%

Gender Male 77 37.93%
Female 126 62.07%

Years of professional experience 1 to 5 77 37.93%
5 to 10 57 28.08%
10 to 20 49 24.14%
Over 20 20 9.85%

Educational level Degree 58 28.57%
Master�s Degree 138 67.98%
Doctorate 7 3.45%

Source(s): Authors’ own work
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PLS-SEM, since it better fits the purpose of our research, where the obtained sample is 
intended to represent the mean of a population, showing the dispersion of the sample means 
around the population mean (Hair et al., 2022).

This method was selected based on three reasons: (1) it is used in management studies 
aimed at predicting dependent variables (Chin, 2010); (2) when no prior knowledge is 
available (Wold, 1980), and when the sample size is small (n 5 203). PLS-SEM can be used 
when the number of observations exceeds 100, as is the case in our study. PLS-SEM offers 
advanced prediction techniques suitable for prediction-oriented purposes (Chin et al., 2020), 
outperforming other approaches by evaluating complex models that incorporate High Order 
Constructs (Sarstedt et al., 2019).

3.3.1 Common method bias. Common method bias (CMB) may compromise the validity of 
this study, as respondents’ answers may be influenced by the formulation of the question, 
affecting the instrument more than their actual beliefs, thereby impacting the research results. 
The detection in our research was carried out in two steps. Firstly, we applied some of 
the recommendations proposed by Podsakoff et al. (2003, 2012): (1) in the design of the 
questionnaire, we separated the measurement of the dependent variables from that of the

Table 2. Description of the variables

Individual drivers (ID)

Intrinsic Motivation (IM)
IM1 Opinion on gamification Buil et al. (2019), Neys et al. (2014)
IM2 Opinion on gamification activities
IM3 Sentiment when participating in gamification actions

Identified Regulation (IR)
IR1 Opinion on the usefulness of gamification activities in 

one’s case
Buil et al. (2020), Neys et al. (2014)

IR2 Autonomy when deciding to participate in gamification 
actions

IR3 Opinion on the usefulness of self-participation in 
gamification activities

Perceived Ease Of Use (PE)
PE1 Ease of gamification activities Buil et al. (2020), Davis (1989)
PE2 Ease of use of gamification in general
PE3 Ease interaction in gamification activities

Perceived Usefulness (PU)
PU1 Demonstration of one’s skills through gamification Buil et al. (2020), Davis (1989)
PU2 Demonstration of one’s decision-making ability through 

gamification
PU3 Knowledge of one’s professional talent through 

gamification

Attitude (AT)
AT1 Gamification as an innovative idea Taylor and Todd (1995), Verkijika and De

Wet (2018)AT2 Competitions based on gamification are a good idea
AT3 Tendency to participate in competitions based on 

gamification

Behavioral Intention to Use (BI)
BI1 Intention to use gamification in recruitment processes Dwivedi et al. (2017), Taylor and Todd

(1995)BI2 Likelihood to use gamification in recruitment processes
BI3 Planning to use gamification in recruitment processes

soon
Source(s): Authors’ own work

Evidence-based 
HRM: a Global 

Forum for 
Empirical 

Scholarship

Downloaded from http://ftp.nowpublishers.com/ebhrm/article-pdf/doi/10.1108/EBHRM-01-2025-0018/10188582/ebhrm-01-2025-0018en.pdf by guest on 24 June 2026



independent variables; (2) measurement scales validated in the reference literature were used 
to ensure the accuracy and reliability of the measures; (3) the confidentiality and anonymity of 
the participants was guaranteed to avoid conditioning their responses; and (4) a paragraph 
explaining the research objectives was included in the questionnaire.

Secondly, possible collinearity, based on variance inflation factors, was assessed to detect a 
possible CMB situation. Works such as those of Kock (2015) have demonstrated that 
Harman’s Single Factor Test in PLS-SEM is an appropriate test for examining the 
contamination of the data set that constitutes an investigation. In this sense, Kock (2015) 
indicates that when a VIF exceeds 3.3, there are indications of collinearity within the obtained 
data. Our model yields a maximum VIF of 2.663; therefore, we can consider our research to be 
free of CMB. Likewise, the results show that the first factor explained 37.643% of the 
variance. This result is below the 50% threshold established by Harman (1980). The results of 
both tests confirmed the non-existence of collinearity in our investigation.

3.3.2 Fuzzy set qualitative analysis. This study also includes a comparative analysis of the 
qualitative nature of fuzzy sets (fs-QCA). The use of fs-QCA has proved to be a relevant 
analysis complement for the case of complex phenomena (Pappas and Woodside, 2021) 
furthermore, it has specific features that distinguish it from traditional quantitative and 
qualitative methods (Del Sarto et al., 2020), since, instead of estimating the net effects of the 
independent variables, it employs the logic of Boolean algebra to analyze the relationship 
between an outcome and all binary combinations of the independent variables (Kraus et al., 
2018). As noted by Pappas and Woodside (2021), fs-QCA identifies the sufficient and 
necessary conditions that explain the outcome, as well as those that are insufficient but are 
essential components of the solutions.

4. Results
4.1 Measurement model
The existing literature (Hair et al., 2022) suggests that to assess the validity of the constructs 
specified in Mode A, the individual validity of the indicators (e.g. loadings) and the internal 
consistency, reliability, and discriminant validity of the construct should be examined (Tables 
3 and 4). Table 3 displays all indicators and dimensions (second-order constructs) with 
loadings exceeding the recommended threshold of 0.7. The internal consistency reliability, ρc, 
results show levels above the 0.7 threshold, and the ID construct demonstrates convergent 
validity (above 0.5) through the average variance extracted.

Regarding the constructs specified in Mode B, the literature indicates that the assessment 
should be approached at two levels: (1) at the construct level, by measuring convergent 
validity, and (2) at the dimension level, by assessing multicollinearity and weights. As shown 
in Table 4, the results of the BI and AT constructs are within the recommended limits for the 
assessment levels of Mode B constructs (Sarstedt et al., 2019). At the indicator level, the VIF 
values are all below the threshold of 3. For assessing the weights and loadings, we employed a 
two-tailed bootstrap procedure (10,000 samples) to determine the significance of the 
dimensions.

Subsequently, the model fit assessment was analyzed (Henseler et al., 2016). To this end, 
we employed a two-tailed bootstrap approach to obtain the appropriate measures of the 
standardized root mean square ratio, the unweighted least squares discrepancy, and the 
geodesic discrepancy for the estimated model. The results confirmed that our model falls 
below the 99th percentile (HI99) (Table 4). The data show that our model is reliable and fits the 
research data.

4.2 Structural model
Following the steps established in the literature (Hair et al., 2011) for measuring structural 
models, we first examined the absence of possible collinearity problems in the internal model
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by determining whether all VIF values are equal to or below the threshold of 3 (Hair et al., 
2019). The highest VIF was 1.962, remaining below the accepted threshold. Table 5 presents 
the direction, magnitude, and significance of the path coefficients. A one-tailed bootstrap of 
10,000 samples provided t-statistics and confidence intervals confirming support for 
hypotheses H1, H2a, and H2b.

Figure 2 illustrates the coefficient of determination (R 2 ), which represents the proportion of 
the dependent variable’s variance that the independent variables can explain, with the 
dependent variable (BI) achieving moderate predictive power.

4.2.1 Mediator effect. As has been argued, we believe that the ID variable may have 
positive indirect effects on the BI variable. The mediation study (Rold�an, 2021) employed a 
one-tailed bootstrap (10,000 samples) to confirm a significant indirect impact on BI. To 
assess their type and magnitude, the Variance Accounted For (VAF 5 Indirect Effect/Total 
Effect) was applied, showing an indirect impact exceeding the 20% threshold (Table 6). We 
can conclude that the indirect effects of the ID variable on the BI variable are relevant. This 
allows accepting H2.

Table 3. Estimated model results and

Construct/dimension/
indicator Weights Loadings

Consistent
reliability
ρ A

Composite
reliability
ρ c

Convergent
validity
AVE

Full
collinearity
VIF

Individual Drivers (01_
ID) (composite mode A)

0.860 0.901 0.696

Intrinsic Motivation
IM1 0.463 0.885
IM2 0.173 0.790
IM3 0.500 0.907
Identified Regulation
IR1 0.614 0.954
IR2 0.385 0.901
IR3 0.094 0.715
Perceived Ease Of Use
PE1 0.184 0.596
PE2 0.486 0.752
PE3 0.786 0.946
Perceived Usefulness
PU1 0.270 0.786
PU2 0.545 0.933
PU3 0.354 0.791
Attitude (02_AT)
(composite mode B)

n.a n.a n.a 1.962

AT1 0.422 0.781
AT2 0.140 0.706
AT3 0.624 0.915
Behavioral Intention to
Use (03_BI)
(composite mode B)

n.a n.a n.a 1.032

BI1 0.378 0.882
BI2 0.389 0.929
BI3 0.351 0.870
Note(s): CR: composite reliability. AVE: Average variance extracted. MC: Multidimensional construct. n.a.:
non-applicable,
n.s./*/**/***: non-significant/significant at p-value <0.05/0.01/0.001 (2 tails)
Source(s): Authors’ own work
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It is observed that when the AT variable comes into play in the relationship between ID and 
BI, a positive and significant interaction occurs, indicating that the final variable receives more 
information when it interacts with the mediating AT variable (Table 6).

4.2.2 The model’s predictive power. Finally, we evaluated the predictive capacity of the 
model using the procedure outlined by Shmueli and Koppius (2011) via an out-of-sample test. 
According to Rold�an et al. (2018), and the sample size was divided into six sections (K 5 6) of 
30 cases each (n 5 30). The steps proposed by Shmueli et al. (2016) were followed. Firstly, we 
confirmed that all the Q 2 predict values of the dependent variables are positive and more 
significant than zero (Q 2 predict > 0), which means that the PLS prediction errors are smaller 
than those used in the linear regression model; this guarantees that the PLS model has a higher 
predictive ability. Secondly, we observe that all RMSE values are less than 1 (RMSE – PLS 
LM < 1), indicating a symmetrical distribution of errors. Thirdly, most show a negative 
difference in RMSE errors. These results allow us to conclude that the model has moderate 
predictive power and can make accurate predictions.

4.3 Fuzzy-set qualitative comparative analysis
The fs-QCA analysis requires calibrating data, constructing the truth table, and analyzing 
conditions. Average scores were calculated for each item and calibrated on a five-point fuzzy 
scale, with thresholds at 4, 3, and 2 (Pappas and Woodside, 2021). The membership of each 
causal condition ranged from 0 to 1.

Table 4. Discriminant validity, convergent validity, and tests of model fit

Mode A composite constructs
assessment

Individual
drivers Age Sector Gender

Individual drivers Mode A n.a �0.129 0.058 �0.001
Age 0.140 n.a �0.064 0.044
Sector 0.068 0.064 n.a �0.009
Gender 0.018 0.044 0.009 n.a

Mode B composite construct assessment convergent validity

Construct (≥0.8) * Path coefficient 
Behavioral intention 0.7999
Attitude 0.6557

Estimated model

Value HI99
SRMR 0.052 0.072
d ULS 0.246 0.878
d G 0.127 0.317

Saturated model
SRMR 0.044 0.067
d ULS 0.179 0.277
d G 0.177 0.285
Note(s): SRMR stands for standardized root mean squared residual. dULS stands for unweighted least squares
discrepancy. dG stands for geodesic discrepancy. HI99 stands for the 99th percentile bootstrap base. Fornell-
Larker criterion for all constructs below the diagonal (included). HTMT ratio for Mode A constructs above the
diagonal. n.a.: non-applicable. HTMT inference confidence intervals (2.5%–97.5%) underneath HTMT values,
extracted from a two-tailed bootstrapping procedure. * (Hair et al., 2017)
Source(s): Authors’ own work

EBHRM

Downloaded from http://ftp.nowpublishers.com/ebhrm/article-pdf/doi/10.1108/EBHRM-01-2025-0018/10188582/ebhrm-01-2025-0018en.pdf by guest on 24 June 2026



Table 5. Effects on endogenous variables

Hypothesis Direct effect p-value Correlations
CI

Support VIF
Explained
variance5% 95%

H1 (þ): Individual Drivers – Behavioral Intention to Use (c’) 0.597 0.001 0.611 [ 0.491 0.696 ] Yes 1.915 35.38%
 

(High)
H2a (þ): Individual Drivers – Attitude (a) 0.685 0.001 0.685 [ 0.602 0.755 ] Yes 1.000 46.92%

 
(High)

H2b (þ): Attitude – Behavioral Intention to Use (b) 0.724 0.001 0.813 [ 0.596 0.829 ] Yes 1.962 58.86%
 

(High)
Control variables Two-tailed bootstrapping
Sector Direct effect

0.047
p-value
0.170 

ns
t-value
1.371

Age �0.803 0.030 2.175
Gender 0.074 0.405 

ns 0.089
Note(s): VIF: variance inflation factor; CI: confidence interval. 

ns : non-significant 
Source(s): Authors’ own work
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The next step was to run the fuzzy set algorithm, generating the truth table which included 
all possible background configurations. A minimum consistency of 0.80 (Krogslund et al., 
2015) was determined in the table to exclude the least essential configurations. Two truth 
tables were developed: 1) outcome variable “BI” and 2) outcome variable “negation of BI” 
(∼BI) (Figure 3).

The fs-QCA solution typically includes one or more causal configurations that are 
sufficient to generate the result (Fainshmidt et al., 2020). Of the three possible solutions

R2 = 0.469

R2 = 0.677

B
(03_BI)

Behavioral
Intention

(01_ID)
Individual Drivers

c’ = 0.597***

a = 0.685***

–0.803*

0.047ns

0.074ns

Sector

Gender

Age

b = 0.724***

B

A

(02_AT)
Attitude

Figure 2. Structural model results. Source: Authors’ own work

Table 6. Summary of mediating effect test

Coefficient t-statistics p-values
Bootstrap 90% CI 
percentile VAF

Direct effects 
ID �a BI 0.101 1.286 0.113 [�0.015 0.235]
ID �a AT 0.685 17.347 0.001 [0.602 0.755]
AT �a BI 0.724 12.222 0.001 [0.596 0.829]

Total effects
H1 (þ): c’ 0.597 sig *** 11.341 0.001 [0.491 0.696] 16.92%
H2a (þ): a 0.685 sig *** 17.347 0.001 [0.602 0.755]
H2b (þ): b 0.724 sig *** 12.222 0.001 [0.596 0.829]
Total indirect effect Point estimate
H2 (þ): a x b 0.496 sig *** 10.021 0.001 [0.396 0.589] 20.36%

Partial sequential mediation
20%<VAF<80%) ****

Note(s): Total direct and indirect effects were estimated using control variables — Age, Sector, and Gender —as
they relate to BI. Coefficient, t-statistics, p-values, and percentiles were determined by a percentile bootstrap
confidence interval of 90% (one tail), based on n 5 10,000 subsamples. */**/***: significant at p-value <0.05/
0.01/0.001; Abbreviations: ID: Individual Drivers; AT: Attitude; BI: Behavioral Intention to Use. VAF: Variance
Accounted For
Source(s): Authors’ own work
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(complex, parsimonious, and intermediate), the most conservative option prioritizes the 
complex one, avoiding empirically unsupported claims (Vis, 2012) (Table 7).

The conditions of each solution may be present, absent, or irrelevant if they do not influence 
a specific configuration. They may be necessary or sufficient, and act as central or peripheral 
elements. (Pappas and Woodside, 2021). A comparison of the intermediate and parsimonious 
solutions allows identifying the central conditions (IM, PE, and PU) from the peripheral ones 
(IR and AT).

Necessary conditions analysis emphasizes the cases that influence the outcome, which are 
then used to test propositions. The first step of the essential conditions analysis examines whether 
a single condition is continuously present or absent when the outcome is present (or lacking).

The overall solution achieves consistency levels of 0.949 and 0.546 for the BI and ∼BI 
results, respectively. This enables us to assert that the resulting solution yields robust results.

The results indicate an overall consistency of solutions of 94.22% and a coverage of 94.93%, 
suggesting that the identified solutions consistently cover a substantial proportion of the outcome. 
A total of 94.22% of the cases with high BI include all three combinations of causal conditions. 
IM is the central condition along with PE, while the other factors are peripheral conditions.

Solution number 1 has the highest consistency, with IM present, which is a necessary 
condition in all three solutions. AT is present in the two solutions with the highest consistency, 
and IR is in the second solution with the highest consistency. The combination of PE, IM, and 
AT, along with the absence of PU, is the second solution with the highest consistency.

Three different pathways are identified in the absence of BI (∼BI). The results showed an 
overall coverage for ∼ BI of 54.64%. The three combinations of causal conditions accounted 
for 83.19% of the cases. Solution number 2, which combines the presence of PU and IM with 
the absence of IR and AT, yielded the highest consistency.

5. Discussion and conclusions
The results, and therefore, the similar behavior of the four dimensions within the ID, 
demonstrated the positive influence of IDs (based on PE, PU, IM, and IR) on recruiters’ BI

Figure 3. fs-QCA configurational model. Note: ID: Individual Drivers; PE: Perceived Ease of Use; PU: 
Perceived Usefulness; IM: Intrinsic Motivation; IR: Identified Regulation, AT: Attitude, BI: Behavioral 
Intention. Source: Authors’ own work
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when using gamification in recruitment processes. This first result generally aligns with Li 
et al. (2024), who noted that the elements influencing an individual’s behavioral intention 
regarding gamification are varied.

Regarding the research questions posed, in the case of RQ1, this relationship has been 
demonstrated in a positive sense, and it can be established that the higher the PE, PU, IM, and 
IR, the higher the BI of gamification use by recruiters. These results coincide with those 
proposed by Davis (1989) and Ryan and Deci (2000) through TAM and SDT, respectively. The 
PE and PU cases are similar, as pointed out by Aydınlıyurt et al. (2021). PU shows no positive 
influence on BI in this case. However, our findings align with studies that confirm the 
relationship between PE, PU, and BI. This may stem from the importance of ease of use and 
utility in task performance, especially for recruiters. Regarding IM and IR, our results mirror 
recent research emphasizing their role as behavioral predictors (e.g. Stiegemeier et al., 2023). 
As in our study, this work also analyzes the behavior of predictors from different theories, as 
reported by previous studies (e.g. Racero et al., 2020).

Regarding RQ2, the results show that when the AT variable comes into play in the 
relationship between ID and BI, it produces a positive and significant interaction, indicating 
that BI receives more information and is greater. The findings of this effect are new, as it has 
not been addressed to date in the literature on BI gamification by recruiters. This mediating 
effect has been discussed in other areas, but not in the specific case of the connection between 
gamification and recruitment, where attitude appears as a significant predictor of particular

Table 7. Necessary conditions and solutions for high/low behavioral intention to use

Condition
tested

BI ∼BI
Consistency Coverage Consistency Coverage

PEc 0.764865 0.915893 0.723188 0.160675
∼PEc 0.299079 0.859032 0.616731 0.324627
PUc 0.914025 0.936291 0.724263 0.135956
∼PUc 0.156505 0.755912 0.660624 0.584741
IMc 0.984087 0.900811 0.867366 0.145502
∼IM 0.066507 0.732349 0.408716 0.824775
IRc 0.955118 0.938165 0.664122 0.119546
∼IRc 0.103637 0.627382 0.656489 0.728299
ATc 0.981289 0.926577 0.715330 0.123782
∼ATc 0.072045 0.580010 0.575701 0.849366

BI ∼BI
Configuration 1 2 3 1 2 3

PEc ● ⊗ • ⊗
PUc ⊗ ● ⊗ • ⊗
IMc ● ● ● ● ● ⊗
IRc • ⊗ ⊗ ⊗ ⊗
ATc • • ⊗ ⊗ ⊗
Consistency 0.956102 0.892478 0.837336 0.82501 0.934189 0.914383
Raw coverage 0.940721 0.122406 0.0447075 0.395993 0.37023 0.254771
Unique coverage 0.817149 0.00268126 0.00320584 0.123728 0.0896947 0.0435749
Overall solution
consistency

0.942207 0.831961

Overall solution coverage 0.949347 0.546439
Note(s): Black circles (●) indicate existence, while dashed circles (⊗) indicate lack. Larger circles represent 
central elements, and smaller circles represent peripheral elements. In the blanks, the causal element may be 
present or absent
Source(s): Authors’ own work
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behavior. Works such as those of Buil et al. (2020) and Hsu et al. (2017) yield results that align 
with the general behavioral theories of SDT (Ryan and Deci, 2000) and TPB (Ajzen, 1991).

The primary contribution of this article lies in the impact of recruiters’ attitudes toward 
gamification in the recruitment process. Although organizations have the tools to gamify, the 
effective use of these tools depends on employee perception. The data show that adoption 
increases when recruiters believe that gamification enhances efficiency and facilitates a more 
accurate assessment of candidates’ skills.

6. Implications and limitations
6.1 Theoretical implications
From a theoretical perspective, this research improves knowledge about the factors that 
positively influence recruiters’ BI regarding the use of gamification.

Empirically, our study provide evidence on factors that influence the intention to use 
gamification, highlighting the mediating role of attitude concerning the direct influence of 
individual elements. Although adopting technology in different domains has been analyzed 
through TAM, Unified Theory of Acceptance and Use of Technology, or its extended version, 
no studies have examined the mediating effect of attitude on individuals’ behavioral 
intention. The findings of our work expand the understanding of the intention to use 
technologies, which, as in the case of gamification, are increasingly prevalent in various 
aspects of daily human life.

6.2 Practical implications
The practical implications are relevant. The results of the proposed model are beneficial for 
business management, particularly in the areas of recruitment and selection. Understanding 
the benefits of these technologies is crucial to enhancing processes and achieving sustainable 
competitive advantages.

In recruitment, understanding which elements positively influence the perception of 
gamification is key for organizations. This study demonstrates that when designing and 
implementing gamification, it is crucial to focus on the users, identifying factors that influence 
their intention to use it and promoting collaboration among all relevant actors. It is also 
essential to highlight the mediating role of these recruiters’ attitudes in this direct and positive 
relationship between ID and BI.

In short, gamification techniques in recruitment can be recommended to attract potential 
employees, especially those from the millennial generation, by increasing their interest in 
developing within the company and reducing boredom and monotony associated with the 
ordinary recruitment process (Saleh et al., 2020).

6.3 Limitations and future lines of research
This study has limitations. First, although the sample is representative, it was collected only in 
Spain; therefore, caution should be exercised when extrapolating the results to other countries 
with different regulations and organizational cultures. Second, the cross-sectional design 
prevents the establishment of causal relationships or confirmation of actual behaviors 
following the use of gamification.

Future research should overcome these limitations. Replicating the study in other regions 
would allow for the identification of contextual differences and the validation of the model 
using larger samples. This would strengthen methodological rigor and help distinguish 
universal principles. In addition, a longitudinal design would better capture the evolution of 
recruiters’ intentions regarding gamification. Finally, future research should incorporate 
organizational factors such as corporate culture, hiring strategies, and prior experience with 
gamification.
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