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Abstract: The banking industry is undergoing a transformation and digital competence is now a key
factor in assessing an employee's performance. In this study, the configurational and predictive
relationships between digital competence of bank employees and task efficiency is examined in a
dual method analysis, in which fuzzy-set qualitative comparative analysis (fsQCA) and machine
learning is applied. A synthetic data was created based on a structure of 500 bank staff members
and 55 variables related to the five dimensions of digital competence: information and data
competence (IDL), digital communication and collaboration (DCC), digital content creation (DCR),
digital safety (DSF), digital problem solving (DPS) and eight task efficiency indicators. The internal
consistency of all constructs was found to be good and strongly consistent with reliability analysis
(a = 0.798-0.930). Multiple linear regression showed that the total variance in task efficiency was
65.3% (F = 185.6, p < 0.001) accounted for by the digital competence dimensions IDL and DPS with
beta of 0.319 and 0.316, respectively. 14 sufficient configurational paths to high task efficiency were
found and DPS is a core condition in 10 of these 14 configurations (fsQCA). Logistic regression
showed to be the most predictive machine learning classifier (AUC-ROC = 0.851, Accuracy = 0.790)
among the 6 classifiers considered. Results show a bi-directionality of digital competence in relation
to task efficiency both from the side of the individual and from the side of the task, and provide
practical implications for banking HR development and digital transformation strategy.

Keywords: Digital Competence; Task Efficiency; fsQCA; Machine Learning; Bank Employees;
Configurational Analysis.

1. Introduction

The banking industry is experiencing a digital revolution of which no pains of change are felt
anywhere in the world, except for modifying the way in which employees carry out their daily routine.
Employees who are not able to use, navigate and adjust to digital technologies are a key requirement of
core banking operations, from customer service to risk management, to financial reporting and compliance
[1], [2]. Digital literacy is no longer a luxury, it's a business imperative, as digital tools, fintech platforms
and automated workflows have transformed the skills and knowledge required of banking professionals
[3, 4]. Within this framework, digital competence is one of the most relevant skills of the workforce that
organizations need to develop and assess [5, 6]. Digital competence is a widely used definition, and is
understood as the ability to use digital technologies with confidence, critically and responsibly in work,
learning and social life [7]. In the banking sector, it encompasses a range of skills such as information
literacy, digital communication, content creation, cyber security awareness, and problem-solving using
technologies [8, 15]. The most used and tested taxonomy of this taxonomy is the DigComp 2.2 framework
of the European Commission which classifies these competencies for use in professional contexts [5], [16].
Although it is widely acknowledged as important, the mechanisms by which digital competence can
impact task efficiency outcomes remain under investigated, especially from a symmetric and asymmetric
perspective [22] [23]. The banking sector offers a highly revealing situation. While the financial institutions
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are among the most aggressive ones globally in making investments in digital infrastructure, the human
capital aspect of digital transformation in particular, namely how employee competence profiles relate to
performance outcomes is under-studied compared to the technological investment literature [11, 12]. The
banking industry's highly complex regulatory framework, sensitive data and customer-facing digital
service delivery make for a very specific environment and skills-performance landscape that requires its
own study and focus [13, 14].

The previous studies focused on symmetrical approach like regression analysis and structural
equation modeling, which examines the digital skill-employee performance relationship [16] [17]. These
are useful for understanding net effects and linear relationships, but do not adequately capture the
combinatorial and configurational nature of competence how the different combinations of digital skills
work together to produce high task efficiency [22]-[26]. Neither of these are sufficient to fill the gap, as it
requires an approach that captures the necessary and sufficient conditions in complex causal
configurations: this is where the asymmetric approach of fuzzy-set qualitative comparative analysis
(fsQCA) can help [24]-[27]. The use of the fsQCA approach has been becoming more popular in
organizational and management research as it has proven to be a useful extension of regression-based
methods for identifying the existence of multiple and different ways to achieve the same goal, called
"equifinality" [22-26]. At the same time, machine learning has become available in organizational research,
providing tools that are powerful for predictive modeling, which can detect non-linear patterns and
identify the importance of features, that traditional statistical methods are incapable of [28]. Other
ensemble models like Random Forest [29], Gradient Boosting like XGBoost [30] and LightGBM [31] and
Support Vector Machines [32] have shown excellent predictive power in a variety of datasets for various
organizations. The combination of fsQCA and machine learning in a single study offers a methodologically
sound and complementary approach, which takes into account both the question of which combinations
matter (fsQCA) and how well can we predict (machine learning) [33-35].

This study aims therefore to investigate three main objectives: (1) to validate the digital competence
and task efficiency scales for bank employees in terms of reliability and construct validity; (2) to identify
the adequate combinations of digital competence dimensions to guarantee high task efficiency through the
use of fsQCA; and (3) to train and test classification models based on the machine learning algorithms for
predicting high task efficiency based on the digital competence profiles. The results enhance the theoretical
knowledge about digital competence in the banking sector [18] and the practical implementation of
targeted digital training interventions [36-37].

2. Literature Review

Digital competence has grown from a very narrow definition of a set of technic skills to a multi-
dimensional construct that involves cognitive, communicative, creative, and problem-solving skills in
digital environments [7,15]. The DigComp 2.2 framework [5], [16] provides a structure for digital
competence in five domains: Information and Data Literacy (IDL), Digital Communication and
Collaboration (DCC), Digital Content Creation (DCR), Digital Safety (DSF), and Digital Problem Solving
(DPS). It is the standard taxonomy used in the field of educational and professional assessment of
competence and for curriculum design [6], [8], [38]. The concept of digital competence has experienced a
conceptual development, which is part of the development of the understanding of the workforce
readiness in the digital era in general. Although initial conceptions emphasized basic ICT skills and tool
proficiency [15], modern approaches describe higher order skills and competencies needed to achieve
effective use and performance in the digital realm such as critical information evaluation, adaptive problem
solving and cybersecurity awareness [7], [17]. For the banking industry in particular, these dimensions
become particularly relevant due to the banking industry's reliance on data integrity, regulatory
compliance and secure digital transactions [12], [13], [14]. Digital competence has been found to be
positively correlated to individual and organizational performance out-comes consistently across various
research studies in professional contexts [2, 9, 39, 40]. The dimensions of competences, however, do not all
have the same weight in every organizational setting and thus a generic solution to digital training is not
the best one [36], [41]. The present study tackles this by focusing on the differential and config-urational
contribution of each dimension of DigComp for task efficiency in the banking sector [38] and [42].
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The banking industry is one of the most digitized sectors in the world, with mobile banking,
algorithmic trading, risk assessment using Al technology and the implementation of block-chain for
transaction systems [4], [51], [52] gaining widespread popularity. This digitally transformed banking sector
has transformed the nature of banking work, moving the routine transactional work from humans to
automation, while increasing the need for employees to have knowledge and skills in managing,
interpreting and utilizing digital systems [53, 54]. The entry of fintech innovations, digital ledger
technologies and robo advisory platforms has led to new competency needs which are not adequately met
by traditional banking skills training programs [55], [13], [56]. The human capital challenges posed by this
change are enormous. Researchers have found that employees with higher levels of digital competence in
banking environments with greater digital sophistication are more likely to complete tasks, make fewer
mistakes, and adapt to changes in the systems they use [2], [57], [58]. However, the relationship between
digital tool adoption and performance is not straightforwardly linear; the frequency and quality of digital
tool engagement are important factors in moderating the relationship between competence and
performance [43, 44]. Ongoing interactions with systems in digital environments can lead to tacit learning
and workflow optimization strategies that go beyond for-mal competence learning, indicating that
experiential learning is a crucial part of competence to efficiency transfer [45, 61]. In addition,
organizational aspects such as the quality of digital infrastructures, leadership support for the adoption of
digital, and organizational culture can greatly influence the relationship between individual digital
competence and its translation into task efficiency [19], [47], [62]. Banks that spend on technical
infrastructure and human capital development, create synergistic conditions for performance
improvement, which cannot be attained in isolation [57, 63, 64]. The embeddedness of digital competence
in the organization highlights the need to study the relationship between competence and efficiency in a
specific organizational context and not in isolation [48, 49, 50].

It is worth noting that, in the case of digital banking, the efficiency of the task is one of the performance
outcomes. In banking tasks, task efficiency, that is, the capability to carry out the task without errors, on
time, and with minimal resource waste is a key performance indicator [10], [65]. Employees' competence
in using digital tools effectively, in moving with the information systems, in solving technology-related
disruptions without escalation and in being competent in general contribute to the efficiency of tasks in
digitally mediated work environments [45], [46], [67]. In the context of task efficiency in banking, it has a
multi-dimensional aspect that involves the speed of task completion, the accuracy of digital data entry and
retrieval, the effectiveness of digital communication and the capacity to optimize digital workflows [18]
[68] [69]. The studies that have been conducted on task efficiency have studied the effects of task efficiency
relative to technology acceptance and usability, and then looked at the effects of the system design and the
quality of the interface on the efficiency of the task [3], [43]. Recent research, however, has focused on the
competence side of the equation, and how the competence profile of employees influences their capability
of deriving performance benefits from the available Digital Tools [2, 9]. This is part of a trend of
understanding that the adoption of technology is not enough to ensure performance improvement, but
that there is also a need for the human capacity to use technology effectively [71], [72]. This correlation
between digital competence and task efficiency is further complicated by the differences in learning
orientation, technology anxiety and previous digital experience of the individual [73][74]. Resilient
employees are generally those who are more capable of using digital tools to solve problems, even when
technologies fail, maintaining efficiency despite challenging technological situations [75, 76]. This indicates
that DPS could be a key competence dimension in the efficiency of tasks in dynamic banking contexts,
where systems are updated regularly and digital workflows constantly change [22], [26].

Fuzzy-Set Qualitative Comparative Analysis (fsQCA) as an analytical tool in Organizational Research.
This method is linked to qualitative research. Ragin [24] proposed fuzzy-set qualitative comparative
analysis (fsQCA) as a set-theoretic approach to the analysis of how different sets of conditions lead to
specific results. The fsQCA analysis differs from regression-based analyses in that it identifies necessary
and sufficient conditions and clearly models causal complexity, such as equifinality, conjunctural causality
and asymmetric causality [24], [27]. In the field of organization and management research, the use of fsQCA
has increased significantly in the last decade, and is now applied to topics such as strategic management,
human resource management and organizational behaviour [22, 35, 81]. Fiss [22] demonstrated the value
of fsQCA for building typological theories in organization research, showing how configurational
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approaches reveal causal structures that regression analysis systematically obscures. Woodside [23] further
advocated for the paradigm shift from symmetric to asymmetric thinking in organizational data analysis,
arguing that configurational methods better capture the complexity of real-world causal relationships.
Ragin [25] extended the theoretical foundations of fuzzy-set social science, providing the methodological
basis for calibration and truth table construction that underpins the present study. In the context of digital
competence research, fsQCA offers particular advantages, as digital competence dimensions are
theoretically interdependent — information literacy may amplify the value of problem-solving skills, while
digital safety awareness may be particularly important in combination with communication competencies
in banking environments [85], [86]. These interdependencies are precisely what fsQCA is designed to
capture [82], [83], [84]. Recent applications of fsQCA in HR and performance research have demonstrated
its ability to identify practically actionable competence profiles that regression analysis alone cannot reveal
[87], [88].

In recent years, the use of machine learning in organizational research has been increasing rapidly
thanks to the availability of large HR datasets and the development of computational techniques [28], [89],
[90]. A variety of supervised classification techniques such as Logistic Regression, Decision Trees, Random
Forests [29], Support Vector Machines [32] and gradient boosting algorithms [30], [31] have been used to
forecast employee turnover and other organizational outcomes such as performance ratings and training
effectiveness [91], [92]. Random Forest [29] is an ensemble learning technique that builds a multitude of
decision trees and combines their predictions to form predictions with strong prediction power and
interpretable feature importance rank. XGBoost [30] is an extended version of gradient boosting that
incorporates regularization techniques which are especially useful for structured organizational data. It is
generally recommended to compare several classifiers, since there is no simple rule that one algorithm is
always better than the others for all datasets and all outcome types [72, 93]. Tree-based models offer
another way of assessing how well a model fits the data besides the regression coefficients: feature
importance analysis, which reveals non-linear relationships and interaction effects that are not captured
by linear models [33], [94], [95]. The combination of machine learning feature importance with the causal
complexity insights offered by fsQCA is a powerful triangulation framework that is the product of the two
fields' predictive power and causal complexity insight. The methodological integration is gaining more
and more traction in the context of organizational analytics research, as a way to both achieve the predictive
accuracy and gain the depth of theory [100] and [101].

Synthetic datasets are more and more being acknowledged as a legitimate methodological approach
for methodological demonstration studies, framework validation and development of analytical workflow,
in organizational and HR studies [101, 102]. Synthetic data generation enables researchers to create datasets
that have theoretically plausible covariance structures, controlled distributional properties, and a known
ground truth, which can then be used to rigorously evaluate the analytical methods without ethical and
access issues that would be present if the real data of the employees were used [103, 104]. In digital
competence research, synthetic data has been employed to illustrate digital competence measurement
frameworks, to validate psychometric instruments and to illustrate configurational analysis approaches
[105], [106]. The use of a fixed random seed and documented generation parameters guarantees full
reproducibility which is essential when achieving methodological transparency in organizational analytics
research [107-112].

3. Materials and Methods

3.1. Research Design Overview

The study follows the approach of a quantitative, cross-sectional research design that combines
psychometric validation, symmetric statistical modeling, asymmetric configurational analysis (fsQCA) and
supervised machine learning in an integrated research analytics architecture. The model presented here
does not use one model of analytics, but instead merges the different types of analytics: explanatory,
configurational, and predictive to gain a holistic view of the influence of multiple dimensions of digital
competence on task efficiency of bank employees. The methodology proposed in this paper is divided into
five layers: (i) Input Layer, (ii) Data Preparation Layer, (iii) Research Analytics Environment, (iv) Output
Layer, and (v) Validation, Reproducibility, and Ethics Layer as shown in Figure 1.
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The architecture enables several analytical modules to process the same valid dataset and ensures data
preprocessing, statistical inference, configurational reasoning, predictive modeling, and result integration
are separated. The Input Layer consists of the synthetic data set of 500 bank employees and 55 input
variables, such as the demographic characteristics, five digital competence dimensions, task efficiency
indicators and composite variables. The data are then analyzed in the Data Preparation Layer (DPL) which
covers data screening, descriptive statistical analysis, reliability testing (Cronbach's «), correlation analysis,
exploratory factor analysis (EFA), and composite score construction to ensure that the measurement model
is valid and reliable.

The validated data is then released into the Research Analytics Environment, where three analytic
modules run concurrently. The OLS Regression Module analyzes the effects of the five dimensions of
digital competence on the efficiency of the task by multiple linear regression, and displays model
goodness-of-fit statistics, confidence intervals and standardized coefficients. The fsQCA Module is used to
explore the asymmetric causal relationships by direct calibration, necessity analysis, truth-table
construction, Boolean minimization and sufficiency analysis for several configurations related to a high
task efficiency. At the same time, the Machine Learning Module defines task efficiency as a binary
classification task with engineered predictor variables and compares various supervised classifiers by data
partitioning in a stratified manner and by cross validation. The analysis of the models employs Accuracy,
Precision, Recall, F1-score and AUC-ROC as a measure of model performance, and feature importance
analysis is used to show additional insights into the relevance of the predictors. The machine learning
module also provides feature importance which can be used to aid the interpretation of the configurational
conditions derived from the fsQCA analysis. The analytical results from these three layers are brought
together in the Output Layer, where the regression results, the configurations, the predictive performance,
the convergent predictors, and the managerial implications are combined to form an overall interpretation.
Lastly, the Validation, Reproducibility, and Ethics Layer provide methodological robustness by including
sensitivity analysis, alternative model specifications, reproducible implementation with Python/Jupyter,
structured documentation of the dataset and transparent reporting on the synthetic data generation
process. This integrated architecture offers a repeatable and extensible analytical model that can be used
to explain the data, discover the configuration, and build predictive intelligence.
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Figure 1. Proposed research architecture illustrating the integrated analytical workflow, from synthetic
dataset preparation and psychometric validation to OLS regression, fsQCA, machine learning, and the
synthesis of predictive and configurational findings.

3.2. Dataset Construction

A structured synthetic dataset was purposefully developed to support the methodological objectives

of this study. The dataset comprises 500 individual bank employee records across 55 variables, generated
using correlated latent constructs with a fixed random seed (20260730) to ensure full reproducibility and
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transparency. Synthetic data generation is an increasingly recognized methodological approach in
organizational and HR research, particularly for methodological demonstration studies where the primary
aim is to evaluate and illustrate analytical frameworks rather than to report population-level findings, .

The synthetic generation process incorporated theoretically plausible covariance structures among
digital training exposure, technology use frequency, digital tool adoption, and task efficiency — including
interaction effects between IDL and DPS, and between DCC and DSF drawing on established relationships
documented in the digital competence and employee performance literature , . All generated variables
were constrained to realistic ranges (Likert 1-5 for survey items; continuous distributions for contextual
variables) and validated against theoretical expectations prior to analysis.The complete variable structure
of the dataset is summarized in Table 1.

Table 1. Dataset Variable Structure 55 Variables Across 6 Categories
Category Variables Count Scale/Type

Gender, Age, Education, Bank
Type, Department, Position,

L Demograph.lcs‘ & Job Tenure, Training Hours, Tech 11 Norr.unal /
Characteristics . Continuous
Frequency, Digital Tool
Adoption, Experience Level
2. IDL Items IDL1-IDL5 5 Likert 1-5
3. DCC Items DCC1-DCC4 4 Likert 1-5
4. DCR Items DCR1-DCR4 4 Likert 1-5
5. DSF Items DSF1-DSF4 4 Likert 1-5
6. DPS Items DPS1-DPS5 5 Likert 1-5
7. Task Efficiency Items TE1-TES8 8 Likert 1-5
IDL_Mean, DCC_Mean,
. DCR_Mean, DSF_Mean, .
8. Composite Scores DPS_Mean, DC_Overall, 7 Continuous
TE_Mean
9. Outhme & ML High_Task_Efficiency (binary), 5 Binary / Ordinal
Variables Tech_Freq_Category
. fs_IDL, fs DCC, fs_ DCR,
10. fs%iﬁ;ifrated fs_DSF, fs_DPS, 6 Fuzzy [0,1]
fs_Task_Efficiency
Total 55

IDL = Information & Data Literacy; DCC = Digital Communication & Collaboration; DCR = Digital
Content Creation; DSF = Digital Safety; DPS = Digital Problem Solving; DC = Digital Competence; TE =
Task Efficiency; fs = fuzzy-set calibrated.

3.3. Measures and Instruments

3.3.1.  Digital Competence
Digital competence was operationalized through five dimensions following the European

Commission's DigComp 2.1 framework [Vuorikari et al., 2022], which is the most widely adopted and

empirically validated framework for digital competence assessment across professional and educational

contexts, , :

e Information and Data Literacy (IDL; 5 items): Ability to search, evaluate, manage, and critically
interpret digital information and data relevant to banking tasks (e.g., "I can critically evaluate the
reliability of digital financial data sources”).

e Digital Communication and Collaboration (DCC; 4 items): Proficiency in using digital tools for
professional communication, team collaboration, and information sharing (e.g., "I effectively use digital
platforms to collaborate with colleagues on banking projects”).

e Digital Content Creation (DCR; 4 items): Ability to create, edit, and manage digital content including
reports, spreadsheets, and presentations (e.g., "I can create professional digital reports and dashboards for
banking operations”).
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e Digital Safety (DSF; 4 items): Awareness and practice of cybersecurity, data privacy, and digital risk
management (e.g., "I consistently follow cybersecurity protocols when handling sensitive banking data”).

e Digital Problem Solving (DPS; 5 items): Capacity to identify, diagnose, and resolve technology-based
workflow problems and adapt to new digital tools (e.g., "I can independently troubleshoot digital system
errors that affect my banking tasks”).

All items were measured on a five-point Likert scale (1 = Strongly Disagree, 2 = Disagree, 3 = Neutral,

4 = Agree, 5 = Strongly Agree). Composite mean scores were calculated for each dimension.

3.3.2.  Task Efficiency

Task efficiency was measured using 8 items assessing the speed, accuracy, and quality of task
completion in digital banking environments. Items covered timely task completion, error minimization,
workload management, resource efficiency, and digital workflow optimization (e.g., "I consistently complete
my banking tasks within the required timeframe using digital tools”; "My use of digital systems reduces errors in my
daily banking tasks”). The same five-point Likert scale was applied, and a composite mean score was

computed .
3.4. Stage 1 — Psychometric Validation

3.4.1.  Descriptive Statistics

Descriptive statistics were computed for all 30 items and 7 composite scores, including means (M),
standard deviations (SD), skewness, kurtosis, minimum, and maximum values. Normality was assessed
using skewness (acceptable range: +2.0) and kurtosis (acceptable range: +7.0).

3.4.2.  Reliability Analysis

Internal consistency reliability was assessed using Cronbach's alpha (a) for each construct. The
following interpretive benchmarks were applied: Excellent (a > 0.90), Good (0.80 < a < 0.90), Acceptable
(0.70 < a0 < 0.80), and Questionable (0.60 < a < 0.70), following George & Mallery (2003). The minimum
acceptable threshold was set at a = 0.70 as per Nunnally (1978).

3.4.3.  Pearson Correlation Analysis

Bivariate Pearson correlation coefficients were computed among all seven construct-level variables to
examine inter-construct relationships and screen for multicollinearity. Significance was assessed at three
levels: p < 0.05 (), p < 0.01 (), and p < 0.001 (). Multicollinearity was considered problematic if any inter-
predictor correlation exceeded r = 0.85.

3.4.4.  Exploratory Factor Analysis (EFA)
EFA was conducted on the 22 digital competence items to empirically verify the five-factor structure
hypothesized by the DigComp framework. The following procedures were applied:
e Extraction method: Principal Axis Factoring (PAF)
¢ Rotation method: Varimax with Kaiser normalization
e Factor retention criteria: Kaiser's eigenvalue > 1.0 criterion and scree plot inspection
e Adequacy tests: Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy (acceptable > 0.60) and
Bartlett's Test of Sphericity (significant at p <0.001)
¢ Loading criteria: Primary loadings > 0.40; cross-loadings < 0.30 for clean structure confirmation
¢ Communality threshold: h? > 0.40 for item retention

3.5. Stage 2 — Multiple Linear Regression

Ordinary Least Squares (OLS) multiple linear regression was performed to examine the symmetric,
net predictive relationships between digital competence dimensions and task efficiency. The regression
model was specified as:

TE = By + B, (IDL) + B,(DCC) + Bs(DCR) + B4(DSF) + Bs(DPS) + ¢ 1)

Where TE= Task Efficiency composite mean; f5;—fs= unstandardized regression coefficients for each
digital competence dimension; f,= constant; and e= error term.

Model assumptions were verified as follows:
¢ Normality of residuals: Shapiro-Wilk test and Q-Q plot inspection
e Homoscedasticity: Breusch-Pagan test and residual scatter plots
e Autocorrelation: Durbin-Watson statistic (acceptable range: 1.5-2.5)
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e Multicollinearity: Variance Inflation Factor (VIF < 5.0) and Tolerance (> 0.20)
¢ Linearity: Partial regression plots for each predictor

Statistical significance was assessed at p < 0.05. Standardized beta coefficients ([3) were reported to
enable direct comparison of predictor magnitudes. Model fit was evaluated using R?, Adjusted R?, F-
statistic, and p-value.

3.6. Stage 3 — Fuzzy-Set Qualitative Comparative Analysis (fsQCA)

3.6.1.  Theoretical Rationale for fsQCA

fsQCA is a set-theoretic, case-oriented method that examines how combinations of conditions (causal
configurations) produce an outcome of interest. Unlike regression, which estimates the average net effect
of each variable, fsQCA identifies necessary and sufficient conditions and captures equifinality — the
existence of multiple distinct pathways to the same outcome [Ragin, 2008; Fiss, 2011]. This makes fsQCA
particularly appropriate for studying digital competence, where different combinations of skills may
achieve equivalent task efficiency outcomes, , .

3.6.2.  Fuzzy-Set Calibration

Raw Likert-scale composite scores for all five digital competence dimensions and task efficiency were
transformed into fuzzy-set membership scores in the interval [0, 1] using the direct calibration method
[Ragin, 2008]. This method requires three theoretical anchors:

The calibration procedure is formally expressed as:

1
W) = —pe 2)

1+e
Where u(x)= fuzzy membership score; x=raw score; ¢= crossover point (full ambiguity = 0.50); d=

full membership anchor; and the denominator ensures a logistic transformation. The three calibration
anchors applied in this study are summarized in Table 2.
Table 2. fsQCA Calibration Anchors for All Conditions and Outcome

Variable Full Non- Crossover Point Menfll)gishi Calibration
Membership (0.05) (0.50) p Basis
(0.95)

fs_IDL 10th percentile Median 90th percentile ].Eumc_al
distribution

Empirical

fs_DCC 10th percentile Median 90th percentile ~mpirca
distribution

vical

fs_ DCR 10th percentile Median 90th percentile l'Eumc.a
distribution

fs_DSF 10th percentile Median 90th percentile ]_EumC.al
distribution

vical

fs_DPS 10th percentile Median 90th percentile l.EmPu‘lc.a
distribution

fs_Task_Efficiency 10th percentile Median 90th percentile ]'Eml.plrlc.al
distribution

Direct calibration method applied following Ragin (2008) and Pappas & Woodside (2021). The
crossover point (0.50) represents maximum ambiguity in set membership. Cases with raw scores exactly
at the crossover point were adjusted by +0.001 to avoid logical indeterminacy in Boolean operations.

3.6.3.  Necessity Analysis

Necessity analysis was conducted first to determine whether any single condition is necessary for the
outcome i.e., whether the outcome is a subset of the condition. A condition is considered necessary if its
consistency score exceeds the threshold of 0.90 [Ragin, 2008; Schneider & Wagemann, 2012]. Both the
presence (X—Y) and absence (~X—Y) of each condition were tested.

The consistency of necessity is calculated as:
i ymin(X;Y;
Consistency(X; < Y;) = % "
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3.6.4.  Sufficiency Analysis and Truth Table Construction
Sufficiency analysis was conducted using a truth table algorithm that enumerates all 2*logically
possible configurations (where k = 5 conditions, yielding 32 rows). Each row represents a unique
combination of condition presence/absence and is evaluated for:
¢ Empirical frequency: Minimum number of cases per configuration (threshold = 1)
¢ Raw consistency: Proportion of cases in the configuration that also display the outcome (threshold
=0.75)
e PRI consistency: Proportional Reduction in Inconsistency score to distinguish true sufficiency from
simultaneous subset relations (threshold = 0.65)
The consistency of sufficiency is calculated as:
Consistency(X; < Y;) = %ﬁlm @)
Boolean minimization was applied to configurations meeting the threshold criteria to derive
parsimonious solution terms. The intermediate solution was prioritized, incorporating only theoretically
justified simplifying assumptions [Fiss, 2011; Greckhamer et al., 2018].

3.7. Stage 4 — Machine Learning Classification

3.7.1.  Outcome Variable and Feature Engineering
The binary classification outcome High_Task_Efficiency was defined as:

High_Task_Efficiency = {(1) if TEc;ngvr\lziSZe&% 5)

This threshold (3.75 on a 5-point scale) represents the upper quartile of task efficiency performance,
consistent with high-performance classification thresholds used in HR analytics research , . The resulting
class distribution was 70.8% Low (n=354) and 29.2% High (n = 146), reflecting a moderate class imbalance.

The nine input features used for classification were: IDL_Mean, DCC_Mean, DCR_Mean, DSF_Mean,
DPS_Mean, Technology Use Frequency, Digital Tool Adoption, Training Hours, and Tenure. All
continuous features were standardized (zero mean, unit variance) using z-score normalization prior to
model training to ensure scale-invariance across algorithms.

3.7.2.  Data Partitioning and Cross-Validation
The dataset was partitioned into 80% training (n = 400) and 20% testing (n = 100) subsets using
stratified random sampling to preserve the class distribution across splits. Model generalizability was
assessed using 10-fold stratified cross-validation on the training set, which provides a robust and unbiased
estimate of out-of-sample performance by averaging results across 10 non-overlapping validation folds
.The data partitioning and cross-validation procedure is summarized in Table 3.
Table 3. Machine Learning Data Partitioning and Cross-Validation Design

Parameter Specification
Total sample n =500
Training set n =400 (80%), stratified
Test set n =100 (20%), stratified
Cross-validation 10-fold stratified k-fold
Class distribution (train) 70.8% Low / 29.2% High
Class distribution (test) 70.8% Low / 29.2% High
Feature scaling Z-score standardization (=0, 0=1)
Random seed 20260730 (fixed for reproducibility)
Class imbalance handling Stratified splits; c?ass_weight='balanced' for
applicable models

Stratified sampling ensures proportional class representation in both training and test sets. The fixed random
seed ensures full reproducibility of all results.

3.7.3.  Classification Algorithms
Six supervised machine learning classifiers were trained and evaluated, selected to represent a
spectrum from simple linear models to complex ensemble methods presented in Table 4:
Table 4. Machine Learning Classifiers Specifications and Hyperparameters

# Algorithm Key Hyperparameters Rationale
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1

Logistic Regression (LR)

Decision Tree (DT)

Random Forest (RF)

Gradient Boosting (GB)

Support Vector Machine

(SVM)

XGBoost (XGB)

C=1.0, solver="lbfgs', max_iter=1000,
class_weight="balanced'

max_depth=5, min_samples_split=20,
class_weight="balanced'

n_estimators=100, max_depth=10,
class_weight="balanced’, random_state=42

n_estimators=100, learning_rate=0.1,
max_depth=3

kernel="rbf', C=1.0, gamma='scale’,
class_weight="balanced'

n_estimators=100, learning_rate=0.1,
max_depth=6, use_label_encoder=False

Linear
baseline;
interpretable
coefficients
Non-linear,
interpretable
rules;
overfitting
benchmark
Ensemble
bagging;
robust feature
importance
Sequential
boosting;
strong
generalization
Margin-
based;
effective in
high-
dimensional
spaces
Regularized
gradient
boosting;
state-of-the-
art
performance

All hyperparameters were set based on established best practices and prior literature. No grid search
tuning was applied, as the primary objective was comparative evaluation rather than optimization.

3.7.4.

Performance Evaluation Metrics

All models were evaluated on the held-out test set (n = 100) using five complementary performance
metrics, selected to provide a comprehensive assessment accounting for class imbalance, :

Accuracy =
Precision =
Recall =
F1-Score = 2 x
AUC-ROC = [T PRd(FPR)

TP+TN

TP+FP
TP

TP+FN

Precision+Recall

TP+TN+FP+FN
TP

PrecisionxRecall

(6)
7)
(8)
)

(10)

Where TP = True Positives; TN = True Negatives; FP = False Positives; FN = False Negatives; TPR =
True Positive Rate; FPR = False Positive Rate. AUC-ROC was selected as the primary performance metric
due to its robustness to class imbalance and its ability to evaluate discriminative performance across all
classification thresholds.

3.7.5.

Feature Importance Analysis

Feature importance was extracted from Random Forest (using mean decrease in impurity/Gini
importance) and XGBoost (using gain-based importance) to identify the most influential predictors of high
task efficiency. Feature importance scores were normalized to sum to 1.0 within each model to enable direct
cross-model comparison.
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3.8. Software and Tools

All analyses were conducted in Python 3.10 within a Jupyter Notebook environment. The following
libraries were used: pandas and numpy for data manipulation; scipy and pingouin for statistical tests;
sklearn (scikit-learn 1.2) for machine learning; xgboost 1.7 for XGBoost; matplotlib and seaborn for
visualization; and a custom fsqca module for fuzzy-set calibration and truth table construction. All code,
random seeds, and analytical parameters were documented to ensure full reproducibility.

4. Results
This section may be divided by subheadings. It should provide a concise and precise description of
the experimental results, their interpretation, as well as the experimental conclusions that can be drawn.

4.1. Descriptive Statistics and Sample Characteristics

The demographic and job characteristics of the 500 synthetic bank employees are presented in Figure
2 and summarized in Table 5. As shown in Figure 2, the sample was predominantly male (55.6%), with
females comprising 41.6% and 2.8% preferring not to disclose gender. Educational attainment was
concentrated at the bachelor's degree level (62.6%), followed by master's degree holders (32.6%).
Commercial banks represented the largest institutional category (38.0%), followed by state-owned (27.6%),
Islamic (21.6%), and digital banks (12.8%). The Operations department had the highest representation
(24.8%), followed by Customer Service (19.8%). Mid-level employees dominated by position (38.8%), with
senior-level at 31.8%.

Gender Education Level Bank Type

LT

. e o o 3 &
W g o 2 et o o o o
o o
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2o o
o S o
S «

Department Position Level Tenure Years Distribution

Frequency

it

o S o
ot o 23
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Figure 2. Demographic and Job Characteristics of the Sample. A panel of six bar charts displaying the
frequency and percentage distribution of (a) gender, (b) education level, (c) bank type, (d) department,
(e) position level, and (f) a histogram of tenure years. The sample reflects a diverse institutional and
departmental composition representative of the banking sector workforce, with a predominance of
bachelor-educated, mid-level commercial bank employees.

Table 5 presents item-level and composite descriptive statistics. ltem means ranged from 2.918 (IDL5)
to 3.440 (TE4). Composite means were: IDL (M = 3.084, SD = 0.786), DCC (M = 3.164, SD = 0.783), DCR (M
=3.156, SD =0.833), DSF (M =3.198, SD = 0.804), DPS (M = 3.168, SD = 0.796), overall digital competence (M
= 3.154, SD = 0.607), and task efficiency (M = 3.207, SD = 0.830). Skewness values ranged from -0.204 to
0.089 and kurtosis values were uniformly negative (range: —0.472 to —0.163), confirming approximately
normal distributions suitable for parametric analysis. The distributional profiles of all composite scores are
further confirmed visually in Figure 3.
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Figure 3. Distribution of Construct Composite Scores.
Histograms overlaid with normal distribution curves for all seven composite scores (IDL, DCC, DCR, DSF,
DPS, DC Overall, and Task Efficiency). Dashed vertical lines indicate construct means. All distributions
are approximately normal and centered between 3.08 and 3.21, confirming the suitability of the data for

parametric statistical procedures.

Table 5. Descriptive Statistics for All Construct Items and Composite Scores

Variable Count | Mean | Std | Min
Dev
IDL1 500 3274 | 1.014 | 1
IDL.2 500 3126 | 0963 | 1
IDL3 500 298 | 1.009 | 1
ID1L4 500 3.12 | 1.02 1
IDL5 500 2918 | 1.019 | 1
DCC1 500 3.024 | 1.017 | 1
DCC2 500 3.304 | 0966 | 1
DCC3 500 3.152 | 1.003 | 1
DCC4 500 3174 |1 0983 | 1
DCR1 500 3.032 | 1.03 1
DCR2 500 3204 | 1.036 | 1
DCR3 500 3216 | 0998 | 1
DCR4 500 3174 | 1.013 | 1
DSF1 500 3.176 | 1.013 | 1
DSF2 500 3296 | 1.005| 1
DSF3 500 3242 | 0989 | 1
DSF4 500 3.078 | 1.038 | 1
DPS1 500 326 | 1011 | 1
DPS2 500 3.088 | 0999 | 1
DPS3 500 313 | 1.025| 1
DPS4 500 314 | 0962 | 1
DPS5 500 3222 {0975 | 1
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TE1 500 3292 | 1.034 | 1
TE2 500 3.158 | 1.011 1
TE3 500 3.124 | 1.015| 1
TE4 500 344 10959 | 1
TE5 500 3214 {0989 | 1
TE6 500 3228 | 1.033 | 1
TE7 500 3.074 | 1.037 | 1
TES8 500 3.124 | 1.031 1
IDL_Mean 500 3.084 | 0.786 | 1
DCC_Mean 500 3.164 | 0.783 | 1
DCR_Mean 500 3.156 | 0.833 | 1
DSF_Mean 500 3.198 | 0804 | 1
DPS_Mean 500 3.168 | 0.796 | 1
Digital_Competence_Overall | 500 | 3.154 | 0.607 | 1.4
Task_Efficiency_ Mean 500 3.207 | 0.83 1
25% | 50% | 75% | Max | Skewness | Kurtosis
3 3 4 5 -0.06 -0.598
2 3 4 5 0.029 -0.361
2 3 4 5 0.052 -0.541
2 3 4 5 0.077 -0.531
2 3 4 5 0.039 -0.502
2 3 4 5 -0.002 -0.538
3 3 4 5 -0.024 -0.507
3 3 4 5 -0.046 -0.325
2.75 3 4 5 -0.062 -0.492
2 3 4 5 0.079 -0.501
3 3 4 5 -0.079 -0.54
3 3 4 5 -0.115 -0.395
3 3 4 5 -0.11 -0.464
2 3 4 5 -0.08 -0.516
3 3 4 5 -0.346 -0.217
3 3 4 5 -0.013 -0.517
2 3 4 5 -0.103 -0.423
3 3 4 5 -0.06 -0.56
2 3 4 5 0.041 -0.397
2 3 4 5 -0.139 -0.459
3 3 4 5 -0.08 -0.31
3 3 4 5 -0.053 -0.416
3 3 4 5 -0.138 -0.561
2 3 4 5 -0.041 -0.547
2 3 4 5 -0.031 -0.424
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3 3 4 5 -0.088 -0.575
3 3 4 5 -0.09 -0.566
2 3 4 5 -0.007 -0.73
2 3 4 5 -0.051 -0.507
2 3 4 5 0.014 -0.595
2.6 3 3.6 5 0.089 -0.37
25 | 325 | 375 5 0.071 -0.317
25 | 325 | 375 5 0.01 -0.445
275 | 3.25 | 3.75 5 -0.204 -0.394
2.6 3.2 3.8 5 -0.011 -0.291
2.758 | 3.15 | 3.56 | 4.63 -0.073 -0.163
2.625 | 3.125 | 3.75 5 0.006 -0.472

4.2. Reliability Analysis

Internal consistency reliability was assessed using Cronbach's alpha for each construct. As reported
in Table 6 and visualized in Figure 4, all constructs demonstrated acceptable to excellent reliability. Task
Efficiency achieved the highest alpha (a = 0.930, Excellent), followed by DPS (a = 0.859, Good), IDL (« =
0.841, Good), DCR (« = 0.834, Good), DSF (a = 0.806, Good), and DCC (a = 0.798, Acceptable). All values
exceeded the widely accepted minimum threshold of 0.70 [17], confirming adequate reliability across all
constructs.

=== Acceptable threshold (0.70)
=== Good threshold (0.80) 0.930
1

0.859

Task Efficiency (TE)

Digital Problem Solving (DPS)

Digital Safety (DSF)

Digital Content Creation (DCR)

Digital Communication & Collaboration (DCC)

Information & Data Literacy (IDL)

0.5 0.6 0.7 0.8 0.9 1.0
Cronbach's Alpha ()

Figure 4. Reliability Analysis Cronbach's Alpha by Construct.

Horizontal bar chart displaying Cronbach's alpha values for all six constructs, color-coded by
reliability category (Excellent > 0.90; Good > 0.80; Acceptable > 0.70). Reference lines indicate the acceptable
threshold (a = 0.70, red dashed) and the good threshold (& = 0.80, green dashed). Task Efficiency
demonstrates excellent internal consistency (a = 0.930), while all other constructs fall within the Good to

Acceptable range.
Table 6. Reliability Analysis Cronbach's Alpha Coefficients
Construct Items (n) Mean Cronbach's a Interpretation
Information & Data Literacy (IDL) 5 3.084 0.841 Good
Digital Communication &
Collaboration (DCC) 4 3.164 0.798 Acceptable
Digital Content Creation (DCR) 4 3.157 0.834 Good
Digital Safety (DSF) 4 3.198 0.806 Good
Digital Problem Solving (DPS) 5 3.168 0.859 Good
Task Efficiency (TE) 8 3.207 0.93 Excellent

Interpretation based on George & Mallery (2003): Excellent > 0.90; Good > 0.80; Acceptable > 0.70.
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4.3. Correlation Analysis

The Pearson correlation matrix for all construct-level variables is presented in in Figure 5. As
illustrated in Figure 5, all inter-construct correlations were statistically significant at p <0.001. The overall
digital competence score demonstrated the strongest correlation with task efficiency (r = 0.797), confirming
a strong positive relationship. At the dimension level, DPS showed the highest correlation with task
efficiency (r=0.696), followed by IDL (r = 0.672), DCR (r = 0.570), DSF (r = 0.566), and DCC (r = 0.518). Inter-
dimension correlations ranged from 0.407 to 0.578, indicating moderate associations without evidence of
multicollinearity.

é‘

Pearson Correlation Matrix of Constructs
(*** p<0.001, ** p<0.01, * p<0.05)

1.00

0.75

0.518%%%

DCC

0.50

DCR

DSI

0.511%%= 0.726%** 0.566%** -0.00

0.555%%% IR 1.000 0.814%#+ 0.696%**

DPS

DC Overall

—0.75

0.570%%= .566%** 0.696%** J 1.000

Task Eff

-1.00

DL DCC DCR DSF DPS DC Overall  Task Eff

Figure 5. Pearson Correlation Matrix Heatmap (* p < 0.001).

Full correlation heatmap using a diverging red-blue color scale, where darker red indicates stronger
positive correlations and white indicates near-zero correlations. All cells display exact correlation
coefficients with significance stars. The matrix confirms strong positive relationships between all digital
competence dimensions and task efficiency, with DPS (r = 0.696) and IDL (r = 0.672) showing the highest
individual correlations with the outcome variable. The absence of correlations exceeding 0.80 among
predictors confirms the absence of multicollinearity.

4.4. Exploratory Factor Analysis

EFA was conducted on the 22 digital competence items using principal axis factoring with varimax
rotation. As shown in Figure 6 and Table 7, the scree plot revealed five factors with eigenvalues exceeding
Kaiser's criterion of 1.0 (A=8.178, 1.637, 1.628, 1.476, 1.188), collectively explaining 63.99% of total variance
(Factor 1: 37.10%; Factor 2: 7.42%; Factor 3: 7.39%; Factor 4: 6.69%; Factor 5: 5.39%). The factor loading
pattern confirmed a clean five-factor structure perfectly aligned with the theoretical DigComp dimensions.
All communality values exceeded 0.45, confirming adequate item-level variance extraction.

Scree Plot and Factor Loading Heatmap. Left panel: Scree plot displaying eigenvalues for all 22
components, with the Kaiser criterion line (A = 1.0) marked in red and eigenvalue annotations for the five
retained factors. Right panel: Heatmap of varimax-rotated factor loadings for all 22 items across five
factors, using a diverging color scale (dark blue = strong positive loading; white = near-zero loading). The
loading pattern confirms a theoretically consistent five-factor structure with clean item-to-factor
correspondence and no significant cross-loadings (all primary loadings > 0.55; all cross-loadings < 0.30).
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Factor Loadings Heatmap
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Figure 6. Exploratory Factor Analysis
Table 7. EFA Factor Loadings (Varimax Rotation)
Factor 1 Factor 2 Factor 3 Factor4  Factor5 Communality
IDL1 -0.158 -0.156 0.201 0.601 -0.211 0.495
IDL2 -0.206 -0.139 0.153 0.651 -0.157 0.533
IDL3 -0.061 -0.194 0.152 0.66 -0.211 0.545
IDL4 -0.155 -0.199 0.22 0.604 -0.233 0.531
IDL5 -0.227 -0.188 0.125 0.599 -0.225 0.512
DCC1 -0.157 -0.648 0.128 0.162 -0.138 0.506
DCC2 -0.136 -0.652 0.209 0.135 -0.117 0.519
DCC3 -0.191 -0.644 0.184 0.126 -0.164 0.528
DCC4 -0.163 -0.587 0.147 0.164 -0.184 0.454
DCR1 -0.633 -0.213 0.132 0.255 -0.152 0.552
DCR2 -0.703 -0.127 0.055 0.167 -0.228 0.594
DCR3 -0.724 -0.075 0.118 0.158 -0.133 0.586
DCR4 -0.647 -0.113 0.113 0.19 -0.238 0.537
DSF1 -0.204 -0.098 0.639 0.06 -0.19 0.5
DSE2 -0.169 -0.064 0.68 0.109 -0.189 0.542
DSF3 -0.214 -0.099 0.639 0.163 -0.192 0.527
DSF4 -0.178 -0.215 0.632 0.087 -0.129 0.501
DPS1 -0.198 -0.092 0.273 0.156 -0.674 0.601
DPS2 -0.223 -0.122 0.201 0.262 -0.604 0.538
DPS3 -0.304 -0.188 0.15 0.23 -0.624 0.592
DPS4 -0.269 -0.138 0.211 0.169 -0.628 0.559
DPS5 -0.238 -0.089 0.18 0.273 -0.578 0.505

4.5. Multiple Linear Regression

OLS multiple linear regression was performed to examine the symmetric predictive relationships
between digital competence dimensions and task efficiency. The full regression results are presented in
Table 8 and the standardized coefficient plot in Figure 7. As shown in Figure 7, the overall model was
highly significant (F (5, 494) = 185.6, p < 0.001) and explained 65.3% of the variance in task efficiency (R? =
0.653, Adj. R? = 0.649). The Durbin-Watson statistic (1.887) confirmed the absence of autocorrelation, and
VIF values (range: 1.42-1.87) confirmed the absence of multicollinearity.

All five digital competence dimensions were statistically significant predictors (p < 0.001). IDL
emerged as the strongest predictor (3 =0.319, t = 8.709, 95% CI [0.247, 0.391]), closely followed by DPS ({3 =
0.316, t = 8.187, 95% CI [0.240, 0.392]). DSF contributed moderately (3 = 0.187, t = 5.644), while DCR (3 =
0.134, t =4.017) and DCC ( = 0.120, t = 3.566) showed smaller but significant effects.
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Regression Coefficients
(R?=0.653, Adj. R* = 0.649)

DPS

DSF

DCR

DCC

IDL

I Significant (p < 0.05)

Not significant

0.00

0.05

0.15 0.20

Regression Coefficient ()

0.30

035 0.40

Figure 7. Standardized Regression Coefficients with 95% Confidence Intervals (R? = 0.653).
Horizontal bar chart displaying standardized beta coefficients () for all five digital competence
predictors, with 95% confidence interval error bars. Blue bars indicate statistical significance at p < 0.001.
IDL (8 = 0.319) and DPS (3 = 0.316) show the largest coefficients, confirming their dominant role in
predicting task efficiency. The annotation box reports model fit statistics: R?=0.653, Adj. R2=0.649, F(5,494)

=185.6, p <0.001, DW = 1.887.
Table 8. Multiple Linear Regression Results Predictors of Task Efficiency

Variable

Coefficient

B

Error

Standard

t-value

p-value

95% CI
Lower

95% CI

Upper

Constant
Information
and Data
Literacy
(IDL_Mean)
Digital
Communication
and
Collaboration
(DCC_Mean)
Digital Content
Creation
(DCR_Mean)
Digital Safety
(DSF_Mean)
Digital Problem
Solving
(DPS_Mean)

-0.1826

0.3192

0.1203

0.1341

0.1873

0.3164

0.117

0.037

0.034

0.033

0.033

0.039

-1.557

8.709

3.566

4.017

5.644

8.187

0.120

<0.001

<0.001

<0.001

<0.001

<0.001

-0.413

0.247

0.054

0.069

0.122

0.240

0.048

0.391

0.187

0.200

0.253

0.392

4.6. fsQCA Analysis
Necessity Analysis

4.6.1.

Necessity analysis was conducted to determine whether any single digital competence dimension
constitutes a necessary condition for high task efficiency. The results are presented in Table 9 and
visualized in Figures 8 and 9. As shown in Figure 8 no condition exceeded the necessity consistency
threshold of 0.90. IDL demonstrated the highest necessity consistency (0.801), followed by DPS (0.777), DSF
(0.738), DCR (0.735), and DCC (0.702). The consistently low scores for negated conditions (~X—Y, range:
0.47-0.55) further confirmed that the absence of any single condition is also not necessary. These results
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establish that no individual digital competence dimension is singly necessary for achieving high task
efficiency, underscoring the configurational nature of the outcome.

=== Necessity threshold (0.90)
I Consistency (X—Y)
[ Consistency (~X—Y)

1.04

0.8 1

=
=S

Consistency

e
s
L

IDL DCC DCR DSF DPS

Figure 8. fsQCA Necessity Analysis Consistency Scores by Condition.

Grouped bar chart comparing necessity consistency scores for each condition present (X—Y, blue
bars) and its negation (~X—Y, orange bars) across all five digital competence dimensions. The red dashed
horizontal line marks the necessity threshold (consistency = 0.90). No condition reaches this threshold,
confirming the absence of individually necessary conditions and motivating the sufficiency analysis. IDL
achieves the highest consistency (0.801), while DCC shows the lowest (0.702).
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Figure 9. fsQCA Coverage and Consistency Summary All Conditions.

Dual bar charts displaying coverage scores (left panel, blue) and consistency scores (right panel,
purple) for each condition. IDL achieves the highest consistency (0.801) and DPS the highest coverage
(0.817). The red dashed threshold line (0.75) highlights that IDL and DPS individually meet the sufficiency
consistency benchmark, while DCC falls below. Coverage scores indicate the proportion of the outcome
explained by each condition.

Table 9. fsQCA Necessity Analysis Results

Consistency Coverage Consistency Coverage
Condition (X-Y) (X-Y) (~X—Y) (~X—Y)
IDL 0.801 0.796 0.476 0.498
DCC 0.702 0.775 0.545 0.517
DCR 0.735 0.78 0.514 0.505
DSF 0.738 0.768 0.498 0.498
DPS 0.777 0.817 0.482 0.478

4.6.2.  Sufficiency Analysis and Truth Table
The truth table comprising all 32 possible configurations of five binary conditions is presented in Table
10. The fsQCA XY scatter plots for each condition are displayed in Figure 10, confirming that data points
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predominantly fall below the main diagonal, indicating sufficiency rather than necessity relationships.
Applying a consistency threshold of 0.75, 14 configurations were identified as sufficient for producing high

task efficiency.

fSQCA XY Plots — Sufficicney Analysis
(Each condition vs. Task Efficiency Outcome)
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Figure 10. fsQCA XY Scatter Plots Sufficiency Analysis (Each Condition vs. Task Efficiency Outcome).
Five scatter plots (one per digital competence dimension) displaying the fuzzy-set membership scores

of each condition (x-axis) against the fuzzy-set outcome membership (y-axis: fs_Task_Efficiency). Red
regression lines and Pearson correlation coefficients are displayed in each panel. The diagonal reference
line (y = x) distinguishes sufficiency (points below diagonal) from necessity (points above diagonal). DPS
shows the strongest sufficiency relationship (r = 0.664), followed by IDL (r = 0.630), DSF (r = 0.598), DCR (r
=0.581), and DCC (r = 0.541).

Table 10. £sQCA Truth Table Selected Sufficient Configurations for High Task Efficiency

IDL DCC DCR DSF DPS n Consistency Sufficient
1 1 1 1 1 91 0.977 TRUE
1 0 0 1 1 11 0.953 TRUE
0 1 1 1 1 13 0.951 TRUE
1 1 0 1 1 18 0.944 TRUE
1 0 1 1 1 20 0.925 TRUE
1 1 1 0 1 29 0.877 TRUE
0 1 0 1 1 8 0.875 TRUE
1 1 1 0 0 7 0.855 TRUE
1 0 1 1 0 9 0.834 TRUE
1 0 1 0 1 14 0.823 TRUE
1 1 1 1 0 11 0.822 TRUE
0 1 1 0 1 6 0.799 TRUE
1 1 0 0 1 8 0.795 TRUE
0 0 0 1 1 11 0.774 TRUE
0 0 1 1 1 8 0.695 FALSE
1 0 1 0 0 11 0.663 FALSE
0 0 1 0 1 8 0.639 FALSE
0 1 1 1 0 8 0.63 FALSE
1 1 0 1 0 7 0.624 FALSE
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1 0 0 1 0 10 0.623 FALSE
1 1 0 0 0 16 0.588 FALSE
0 1 0 0 1 4 0.584 FALSE
0 1 1 0 0 5 0.583 FALSE
1 0 0 0 1 6 0.536 FALSE
0 0 0 0 1 12 0.511 FALSE
1 0 0 0 0 21 0.471 FALSE
0 1 0 1 0 15 0.461 FALSE
0 1 0 0 0 14 0.437 FALSE
0 0 1 1 0 5 0.414 FALSE
0 0 0 1 0 19 0.393 FALSE
0 0 1 0 0 14 0.391 FALSE
0 0 0 0 0 61 0.143 FALSE

As shown in Table 10, the full combination (IDL-DCC-DCR-DSF-DPS) yielded the highest consistency
(0.977, n=91). Notably, configuration C14 (~IDL-~DCC-~DCR-DSE-DPS, consistency =0.774, n=11) reveals
that even in the absence of information literacy, communication, and content creation competencies, the
combination of digital safety and problem-solving is sufficient for high task efficiency. Critically, DPS
appeared as a present condition in 10 of the 14 sufficient configurations, establishing it as the most
consistently core condition across all paths to high task efficiency.

4.7. Machine Learning Classification
4.7.1.  Model Performance Comparison

Six classifiers based on machine learning were trained and evaluated. The detailed performance met-
rics are shown in figure 11. ROC curves of all models are shown in Figure 12 and confusion ma-trices in
Figure 13. As seen in Figure §, all the models performed significantly better than the random classification
baseline.

104
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Figure 11. Machine Learning Model Performance Comparison. Grouped Bar chart displaying the

performance metrics of all 6 models: Accuracy, Precision, Recall, F1-Score and AUC-ROC.

There are 3 groups of metrics, each with a different color. The best performance in terms of AUC-ROC
is given by Logistic Regression (0.851) followed by SVM with a score of 0.755. Logistic Regression achieves
the highest AUC-ROC (0.851) and F1-Score (0.618), while SVM has the highest Precision (0.682). Moderate
Recall and F1 scores for all models are due to the class imbalance in the data set (70.8% Low and 29.2%
High Task Efficiency). The chart allows for an immediate visual comparison of the trade-off between
accuracy and precision-recall between classifiers.
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Figure 12. ROC Curves - All Six Machine Learning Models.

Volume 12 Issue 01

ROC curves for all six classifiers overlaid on a graph with the random classifier baseline curve (black
dashed diagonal, AUC =0.50). Every model is represented by a different color and its AUC-ROC is labeled
in the legend. Logistic Regression does the best, with an AUC =0.851 (blue), followed by Gradient Boosting
(0.834, green), Random Forest (0.824, orange), XGBoost (0.812, purple), SVM (0.790, red), and Decision Tree
(0.752, brown). The shaded areas under each curve highlight how the curve discriminates against random

classification.
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Figure 13. Confusion Matrices for All Six Machine Learning Models .

The 2x3 panel shows 100 true positive (TP) and 100 true negative (TN) counts on the test set, while 39
false positive (FP) and 13 false negative (FN) counts are shown. The shades of color range from light (low
count) to dark blue (high count). Logistic Regression and Gradient Boosting have the highest number of
correct classification in both classes (TP = 17, TN = 62/60), and SVM has the lowest number of false
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classifications (FP = 7) but the lowest number of true classifications in one class (TP = 17). The highest FP
value was observed for Decision Tree which overfits.
4.7.2.  Feature Importance

The feature importance ranks obtained by Random Forest and XGBoost are listed in table 11 and
plotted in figure 14. From Figure 14, it can be seen that IDL, Technology Use Frequency, DPS, DSF and
Tenure are the highest ranked importance for Random Forest. XGBoost, in contrast, gave the most
importance to the Technology Use Frequency (0.624) while the other features had much smaller scores
(0.02-0.065). The difference indicates that XGBoost was able to model a strong non-linear interaction
between the frequency of technology use and outcome. The regression and fsQCA results were echoed
across both models as IDL, DPS, and Technology Use Frequency were the most consistent factors found.

Random Forest XGBoost
Feature Importance Feature Importance

IDL Tech Freq |

Tech Freq DSF

DPs ners
DSF DL
‘Tenure DCR
DCR Tools Count
Training Hrs Tenure
DCC Training Hrs

Tools Count Dee

TN

= |

0.02 0.04 0.06 0.08 0.10 0.12 0.14 .16 02 03 0.4 0.5 0.6
Importance Score Importance Score

0.00

Figure 14. The feature importance of the random forest and the XGBoost are very similar.

The horizontal bar charts are plotted side-by-side to show the feature importances for all of the nine
features used as input. Random Forest (blue bars - left panel) has an even distribution with IDL (0.171) and
Technology Use Frequency (0.167) being the top two features, followed by DPS (0.135). By contrast,
XGBoost (orange bars on the right panel) shows Technology Use Frequency dominance (0.624), indicating
that there is a strong interaction effect captured by gradient boosting, which is non-linear. IDL and DPS
are always important in both models and further consolidate their role in the prediction of high task

efficiency.
Table 11. Feature Importance Rankings Random Forest and XGBoost

Feature RF Importance XGB Importance

IDL 0.1707 0.0574

Tech Freq 0.1665 0.6244

DPS 0.1354 0.0594

DSF 0.0996 0.0646

Tenure 0.0916 0.0374

DCR 0.0882 0.0474

Training Hrs 0.0872 0.0359

DCC 0.0837 0.034

Tools Count 0.0771 0.0395

5. Discussion

By applying an integrated fsQCA and machine learning approach, this study analyzed the
configurational and prediction relationship between the digital competence of bank employees and task
efficiency. The results provide valuable theoretical and practical insights.

First, digital competence is a valid and powerful predictor of the efficiency of tasks. All five
dimensions of the regression model were significantly contributing to the variance of task efficiency with
the model explaining 65.3% of the variance (R? = 0.653). This result is in line with previous studies that
have shown that employees' performance in financial institutions benefits from the acquisition of digital
skills [113, 114, 115] and goes beyond that by measuring the impact of each dimension of the DigComp. It
was found that two competencies, namely IDL (3 = 0.319) and DPS (3 = 0.316), were dominant predictors,
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indicating that the competencies of digitally evaluating information and solving problems with technology
are the most directly performance-relevant competencies in banking operations [116], [117]. The relatively
low impact of DCC (5 = 0.120) could suggest that DCC is a more routine and standardized bank
communication, which may be less cognitively challenging as compared to other communications [118]
[119]. This result aligns with the existing literature about the impact of higher-order digital skills on
performance compared to communicative or collaborative skills in more formal professional contexts [120,
121].

Second, Digital competence is not additive but is configurative in nature. The re-veiled sufficient
configurations for high task efficiency using the fsQCA analysis were 14, with none of them including all
five conditions. The finding is in contrast to the implicit assumption of symmetric methods of “more of
each dimension is always better” and instead shows equifinality: that different combinations of digital
competencies can yield the same results [24] and [22]. Of particular interest is the identification of
parsimonious paths like DSF-DPS without the use of IDL, DCC or DCR (C14, consistency = 0.774), which
has been shown to be a sufficient minimal combination for task efficiency in banking positions that involve
risks or are IT-adjacent [122] and [123]. This configurational complexity is in line with Woodside's [23] call
for asymmetric thinking in organizational data analysis and recent applications of fsQCA in HR research
by, e.g., [124] and [125].

Third, DPS is the most important configuration parameter. With 10/14 sufficient configu-rations
(Table 7) and a high regression coefficient (f = 0.316), digital problem solving is the most consistently
important competence (also in the asymmetric analysis, 0.777). This aligns with the strong focus on
adaptive digital skills in the literature [126, 127] as the skills to diagnose digital problems, learn new
systems and identify process improvements are now seen as a critical skill for all bankers, particularly in a
world of fintech disruption [12, 128, 129]. The importance of DPS is also in line with the sociometrical work
on digital resilience, which refers to the ability to perform in technologically uncertain environments and
systems disruptions [130] [131].

Fourth, machine learning offers additional predictive insights. Logistic Regression outperformed the
more complex ensemble methods (AUC-ROC =0.851) indicating that the digital competence-task efficiency
relationship is fairly linear. This result agrees with the results found in the literature that logistic regression
is competitive with more complex algorithms for structured tabular data and moderate sample sizes [132,
133]. The regression results were supported by the Random Forest feature importance with IDL and DPS
as the first two most influential features. Of notable importance is that the XGBoost dominance of
Technology Use Frequency (0.624) indicates that there is a significant contextual factor that impacts task
efficiency regardless of competence: repeated use of digital tools by employees significantly increases the
likelihood of high task efficiency [134], [135]. This highlights the need for digital tool familiarity in banking
processes as well as competence development [136, 137]. The striking difference between the feature
importance ranking of the Random Forest and the ranking of the XGBoost further highlights that different
algorithmic assumptions give rise to different facets of the underlying data structure, and underscores the
importance of multi-model comparisons in organizational ML research [138] and [139].

Fifth, the integrated fsQCA-ML approach has methodological value. In the combination of the two
approaches, which is used to investigate which combinations lead to high efficiency and how accurately
we can predict it, the two types of approaches complement each other and bring a more complete picture
than either approach alone [140, 141]. A dual-method approach is becoming popular in organizational re-
search [35], [142] and [143] and the current study provides evidence for its feasibility and interpretive
richness in the banking HR context. The application of feature importance analysis with explainability is
yet another step towards connecting predictive modeling with theoretical interpretation [33], [144], [145]
and adds to the growing body of work in interpretable organizational analytics [146], [147].

Sixth, the psychometric validation results show the robustness of the measure-ment framework based
on DigComp. All constructs were found to be reliable ranging from acceptable to excellent (a = 0.798—
0.930), and the EFA results validated the acceptable five factor structure accounting for 63.99% of the total
variance. The results are also consistent with other validation studies of the DigComp framework in the
professional context [5] and [6] and therefore lend confidence to the results obtained at the construct level
that reflect the underlying competence levels. Inter-construct correlations are between moderate (r =0.407-
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0.578) confirming the discriminant validity and theoretically expected positive relationships between
digital competence dimensions [148] and [149] and [150] and [151].

The implications of these findings are significant to banking HR development. The recognition of IDL
and DPS as the most rewarding competence investments suggests that training activities need to focus on
skills in information evaluation and skills in technology-based problem-solving [152] [153]. The
configurational results also indicate that individualized training should be implemented based on the
profile of employee roles [154] and [155] and [156]. The significance of technology use frequency as a
predictor further indicates that organizational policies that promote the use of digital tools regularly — via
workflow design, performance incentives and digital-first working — can be as important as formal
investment in training [157], [158].

6. Conclusions

The aim of this study was to examine the configurational and predictive impact of the digital
competence of bank employees on task efficiency by applying an integrated approach based on fsQCA and
machine learning. The results of the analysis of the syn-thetic dataset of 500 bank employees with 55
variables that were analyzed were as follows: The DigComp-based measurement frame-work was
confirmed by the good to excellent reliability for all five dimensions of digital competence, as well as by
the clean factor structure of the 63.99% of total variance explained by the five underlying factors of the
DigComp. The variance of the banking tasks' efficiency explained by digital competence is 65.3% (R? =
0.653), with IDL (8 = 0.319) and DPS ({3 = 0.316) as the strongest individual predictors, which confirms the
importance of information literacy and problem-solving skills in the banking task. Furthermore, there is
no single digital competence dimension that is individually required to achieve high task efficiency but 14
different sufficient configurational paths were identified indicating equifinality in the relationship between
competence and efficiency. DPS is the most important condition for the sufficiency of configurations, with
a 10 out of 14 sufficient configurations and it is always among the top conditions in the regression analysis
as well as in fsQCA and feature importance analysis .Logistic Regression had the highest predictive
performance (AUC-ROC =0.851) which is in line with the findings described above and the fact that digital
competence profiles have a high predictive value and can be practically used to predict high task efficiency
with great accuracy. The results have important implications for practice. Digital competences in problem-
solving and information literacy should be given the top priority in banking institutions as the competences
with the greatest return on investment. Human Resource development programs should be aware that the
competence mix that is required for different employees will vary: a one size fits all training model is not
optimal. Moreover, regular digital tool engagement is a key to assure competence development as well.
Restrictions and recommendations: This study was conducted using a synthetic data set and therefore does
not fully account for the complexity of real-world banking. Empirical data from actual bank employees
from several countries and types of banks should be used to replicate this framework for future research.
Longitudinal research designs might explore changes in task efficiency over time as a result of digital
competence development paths. Digital infrastructure quality, leadership support, and organizational
learning culture are organizational-level moderators that could further enhance the configurational model.

7. Limitation and Future Work

7.1. Limitations

First, the synthetic data used is the biggest methodological restriction. Synthetic data generation is
today an established technique for methodological demonstration studies [159, 160, 161] and the
generation process also included theoretically plausible covariance structures, but the complexity, noise
and contextual nuance of re-al-world banking employee data can hardly be replicated by synthetic data
[162, 163]. Synthetic data can lead to over-optimistic performance measures for models and an
underestimation of the difficulty of using such approaches with real data [164, 165].

Secondly, the cross-sectional design of the research is unable to infer the cause. The regression and
fsQCA models provide the identification of predictive and configurational relationships, but do not show
the time order of competence development and efficiency improvement [166] [167]. Theoretically plausible,
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it is possible that development of digital competence comes from experience gained in the efficiency of
tasks, and not the other way round — which is not ruled out by cross-sectional data [168, 169].

Third, the study was conducted with five dimensions of digital competence operationalized based on
the DigComp 2.2 framework. This model is the most widely used in the field [5] and [16] but may not be
adequate to describe all competence aspects pertaining to banking task efficiency. There are competencies
that are currently not recognized, but are gaining significance in digitally advanced banking environments,
such as the ability to work with Al tools, data analysis and proficiency, and understanding of blockchain
[170], [171].

Fourth, no hyperparameter optimization was carried out on the machine learning models. A
comparison requires the use of default or literature-based hyperparameters, and this could result in the
performance metrics reported may not be the maximum possible predictive accuracy for each algorithm
[172, 173]. Maybe there is a better model performance to be achieved by applying grid search or Bayesian
optimization, especially for ensemble methods [174, 175].

Fifth, the study overlooks factors that may moderate the processes studied, including digital
infrastructure quality, leadership support for digital adoption, and the organizational learning culture
[176], [177]. These contextual factors are theoretically expected to moderate the relationship between
competence and efficiency, and their exclusion may reduce the generalizability of the configurational
results for digital maturity organizations with varying levels of digital maturity [178], [179].

Sixth, the binary classification threshold (High Task Efficiency (TE_Mean > 3.75)) is somewhat
arbitrary; other thresholds could lead to other classification and measures of model performance [180, 181].
Confidence in the robustness of the ML findings would be improved if alternative thresholds were used in
the sensitivity analyses.

7.2. Future Research Directions

Real banking data is the most obvious priority for empirical replication. The generalizability of the
configurational and predictive results [182, 183] should be tested by gathering primary survey data from
bankers in different countries, institutional types and regulatory settings. Comparative studies across
countries, especially cross-cultural and cross-institutional, would be very useful for elucidating the
relationship between competence and efficiency, as determined by the cultural and institutional setting
[184], [185].

Longitudinal designs would allow for the analysis of the influence of the development trajectories of
digital competence over time on task efficiency [186, 187]. Data from multiple time points would also
enable researchers to model the "causality" of how competence is acquired, how frequently technology is
used, and how performance is enhanced, the latter of which is somewhat ambiguous in the cross-sectional
designs [188].

Data Availability Statement: The synthetic dataset used in this study is publicly available at:
https://github.com/DWHT469/Synthetic-Bank-Digital-Competence-Dataset. It was generated to support
reproducibility while protecting confidential banking information.
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