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ABSTRACT

This study aims to examine the effect of data engineering maturity levels and analytics workflow automation
on operational prediction accuracy through the mediating role of data quality in warehouse logistics in
Tangerang. A quantitative research approach was employed using data collected from 75 respondents
involved in warehouse operations. The data were gathered through a structured questionnaire based on a
Likert scale and analyzed using Structural Equation Modeling—Partial Least Squares (SEM-PLS 3). The results
indicate that data engineering maturity levels have a positive and significant effect on data quality, and
analytics workflow automation also significantly influences data quality. Furthermore, data quality has the
strongest positive effect on operational prediction accuracy. Direct effects show that data engineering maturity
and analytics workflow automation also significantly influence prediction accuracy, although their effects are
weaker compared to the indirect effects through data quality. Mediation analysis confirms that data quality
partially mediates these relationships. These findings highlight that improving operational prediction
accuracy in warehouse logistics is not solely dependent on advanced analytical tools but is strongly influenced
by the quality of data generated through mature data engineering practices and automated analytics
workflows. This study contributes to the literature by integrating technological capability and data quality
perspectives and provides practical implications for logistics companies in enhancing data-driven decision-
making and operational efficiency.

Keywords: Data Engineering Maturity, Analytics Workflow Automation, Data Quality, Operational Prediction
Accuracy, Warehouse Logistics

1. INTRODUCTION

The rapid acceleration of digital transformation across industries has fundamentally
reshaped operational practices, particularly within the logistics sector. Warehouse logistics, as a
critical component of supply chain systems, has experienced increasing complexity due to rising
customer expectations, demand volatility, and the need for real-time responsiveness [1]. In industrial
regions such as Tangerang, where logistics activities support manufacturing and distribution
networks, organizations are under significant pressure to enhance efficiency and maintain
competitiveness. In this environment, the ability to generate accurate operational predictions—such
as demand forecasting, inventory optimization, and delivery scheduling —has become a strategic
necessity [2], [3]. However, the effectiveness of predictive capabilities is highly dependent on the
quality of underlying data and the technological infrastructure supporting data processing.

The growing reliance on data-driven decision-making has highlighted the importance of
data engineering as a foundational capability within organizations. Data engineering maturity refers
to the extent to which organizations have developed structured, scalable, and standardized
processes for managing data across its lifecycle [4], [5]. Higher levels of maturity are characterized
by integrated data pipelines, strong governance frameworks, and reliable data architectures,

enabling organizations to transform raw data into meaningful insights. In contrast, organizations
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with low data engineering maturity often face fragmented systems, inconsistent data formats, and
limited integration, which can significantly hinder analytical performance [6], [7]. Consequently,
data engineering maturity is increasingly recognized as a critical enabler of organizational
effectiveness in data-intensive environments such as warehouse logistics.

Alongside data engineering maturity, analytics workflow automation has emerged as a key
driver of efficiency and scalability in modern data ecosystems. Automation technologies enable
organizations to streamline repetitive tasks within the analytics lifecycle, including data extraction,
cleaning, transformation, model execution, and reporting [8]-[10]. By reducing manual intervention,
automation not only accelerates data processing but also minimizes human error and enhances
consistency. In warehouse logistics operations, where timely and accurate decisions are essential,
automated analytics workflows facilitate real-time insights and improve operational agility. As such,
automation is not merely a technological enhancement but a strategic mechanism for improving data
utilization and decision-making quality [11], [12].

Despite advancements in data engineering and automation, the effectiveness of predictive
analytics ultimately depends on the quality of data being processed. Data quality encompasses
multiple dimensions, including accuracy, completeness, consistency, timeliness, and relevance.
High-quality data ensures that predictive models produce reliable outputs, thereby supporting
informed decision-making. Conversely, poor data quality can lead to inaccurate predictions,
operational inefficiencies, and increased risks. In warehouse logistics, issues such as inaccurate
inventory records or delayed data updates can disrupt operations and reduce service performance.
Therefore, data quality plays a pivotal role not only as an outcome of technological capabilities but
also as a mediating factor that determines the success of predictive analytics.

Although previous studies have examined the role of data management and analytics in
enhancing organizational performance, there remains a notable gap in understanding the integrated
effects of data engineering maturity and analytics workflow automation on operational prediction
accuracy. In particular, limited attention has been given to the mediating role of data quality in this
relationship. Furthermore, empirical research focusing on warehouse logistics in developing regions,
such as Tangerang, is still scarce. Most existing studies are concentrated in developed economies
with advanced technological infrastructures, thereby limiting their applicability to emerging
markets with different operational and resource contexts.

Based on this research gap, the present study aims to analyze the effect of data engineering
maturity levels and analytics workflow automation on operational prediction accuracy, with data
quality as a mediating variable in warehouse logistics companies in Tangerang. Using a quantitative
approach with data collected from 75 respondents and analyzed through Structural Equation
Modeling—Partial Least Squares (SEM-PLS 3), this study seeks to provide empirical evidence on the
relationships among these variables. The findings are expected to contribute to the literature by
integrating technological capability and data quality perspectives, while also offering practical
insights for organizations aiming to enhance data-driven operational performance in logistics

environments.

2. LITERATURE REVIEW
2.1 Data Engineering Maturity Levels
Data engineering maturity refers to the level of development, standardization, and

optimization of an organization’s data management processes, including data
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collection, integration, storage, transformation, and governance, which are typically
conceptualized through maturity models ranging from fragmented and ad hoc
practices to fully integrated, automated, and scalable data ecosystems [4] [13].
Organizations with higher maturity levels tend to implement structured data pipelines,
robust data architectures such as data warehouses and data lakes, and well-defined
governance policies that ensure data consistency and reliability. From a theoretical
perspective, data engineering maturity is closely aligned with the Resource-Based View
(RBV), which emphasizes that organizational capabilities, including data capabilities,
can serve as strategic resources for achieving competitive advantage; in this sense,
mature data engineering practices enable firms to leverage data as a valuable asset to
enhance decision-making and operational efficiency [14], [15]. Empirical evidence
further supports that organizations with higher data maturity generally achieve
superior performance, particularly in data-intensive environments such as logistics and
supply chain management. In the context of warehouse logistics, where large volumes
and high-velocity data are generated from inventory systems, transportation tracking,
and order management processes, data engineering maturity becomes essential to
ensure proper data integration and processing, reduce inconsistencies, and enable
accurate downstream analytics, thereby positively influencing data quality and overall

operational outcomes.

2.2 Analytics Workflow Automation

2.3

Analytics workflow automation refers to the use of technologies and tools to
automate various stages of the data analytics lifecycle, including data extraction,
preprocessing, model building, validation, and reporting, thereby reducing manual
intervention, increasing efficiency, and ensuring consistency across analytical processes
[16]. With the advancement of analytics platforms and machine learning technologies,
organizations are increasingly adopting automated workflows to manage complex and
repetitive tasks more effectively. The concept of automation is closely linked to process
efficiency theories and digital transformation frameworks, as it enhances operational
performance by minimizing human errors, reducing processing time, and enabling real-
time analytics capabilities [17], [18]. In logistics operations, where decisions must be
made rapidly based on dynamic and high-volume data, automated workflows play a
crucial role in improving responsiveness and prediction accuracy. Previous studies
indicate that analytics automation contributes significantly to organizational
performance by accelerating data processing and improving the reliability of analytical
outputs [19], [20]. In the context of warehouse logistics, automation supports key
functions such as demand forecasting, inventory optimization, and operational
planning; however, its effectiveness remains dependent on the quality of underlying
data and the robustness of data engineering systems, suggesting that analytics
workflow automation positively influences both data quality and operational
prediction accuracy.

Data Quality

Data quality is a multidimensional concept that reflects the suitability of data for its

intended use, encompassing key dimensions such as accuracy, completeness,

consistency, timeliness, and relevance. High-quality data ensures that analytical models
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2.4

2.5

and decision-making processes are based on reliable and valid information, whereas
poor data quality can lead to incorrect conclusions and ineffective strategies [21], [22].
The importance of data quality is widely recognized in information systems and data
management literature, where it is emphasized that the value of data-driven insights is
directly dependent on the quality of input data; inaccurate or incomplete data can
propagate errors throughout the analytics process and reduce the effectiveness of
predictive models and operational decisions. In the context of warehouse logistics, data
quality is particularly critical due to the reliance on precise inventory records, shipment
tracking, and demand forecasting, where poor data quality may result in stock
discrepancies, delayed deliveries, and increased operational costs [23], [24].
Furthermore, data quality is influenced by upstream processes such as data engineering
practices and analytics workflows, where well-structured data pipelines and automated
validation mechanisms can significantly enhance consistency and minimize errors,
positioning data quality as a key mediating variable that links technological capabilities
with operational outcomes.
Operational Prediction Accuracy

Operational prediction accuracy refers to the degree to which predictive models
correctly estimate future operational outcomes, such as demand levels, inventory
requirements, and delivery times, where higher accuracy enables organizations to make
informed decisions, optimize resource allocation, and improve overall efficiency [25],
[26]. In the logistics and supply chain domain, prediction accuracy serves as a key
performance indicator that directly influences service quality and cost management; for
instance, accurate demand forecasting helps maintain optimal inventory levels and
prevents both stockouts and overstocking, while precise delivery predictions enhance
customer satisfaction and operational reliability [27], [28]. The accuracy of such
predictions is influenced by multiple factors, including the quality of input data, the
sophistication of analytical models, and the efficiency of data processing systems.
Research in predictive analytics consistently emphasizes that even the most advanced
models cannot compensate for poor data quality, highlighting the need for a holistic
approach that integrates high-quality data, robust data engineering practices, and
efficient analytics workflows to achieve reliable and accurate operational predictions.
Conceptual Framework

Based on the theoretical foundations and proposed hypotheses, this study develops
a conceptual framework in which data engineering maturity levels and analytics
workflow automation function as independent variables, operational prediction
accuracy serves as the dependent variable, and data quality acts as a mediating variable.
This framework provides a comprehensive perspective on how technological
capabilities and process improvements influence operational performance in
warehouse logistics through the critical role of data quality. Data engineering maturity
is expected to play a key role in ensuring high data quality, as mature systems
incorporate standardized processes, validation mechanisms, and governance
frameworks that reduce errors and inconsistencies, enabling organizations to manage
data across multiple sources with greater accuracy and completeness. Similarly,

analytics workflow automation is anticipated to enhance data quality by reducing
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manual errors, ensuring consistent processing, and enabling real-time data validation,
where automated systems can more effectively detect anomalies and enforce data
standards compared to manual approaches.

Furthermore, data quality is hypothesized to have a direct and significant influence
on operational prediction accuracy, as high-quality data provides reliable inputs for
predictive models, while poor data quality introduces bias and reduces accuracy. In
addition to its indirect effects through data quality, data engineering maturity is also
expected to directly influence operational prediction accuracy by improving data
integration and processing efficiency. Likewise, analytics workflow automation is
predicted to enhance prediction accuracy by ensuring timely data processing and
reducing errors in analytical execution. Overall, data quality is positioned as a
mediating variable that bridges technological capabilities and operational outcomes,
where higher levels of data engineering maturity and automation contribute to
improved data quality, which in turn leads to more accurate and reliable operational
predictions.

H1: Data engineering maturity levels have a positive and significant effect on data

quality.

H2: Analytics workflow automation has a positive and significant effect on data

quality.

H3: Data quality has a positive and significant effect on operational prediction

accuracy.

H4: Data engineering maturity levels have a positive and significant effect on

operational prediction accuracy.

H5: Analytics workflow automation has a positive and significant effect on

operational prediction accuracy.

Hé: Data quality mediates the relationship between data engineering maturity levels

and operational prediction accuracy.

H7: Data quality mediates the relationship between analytics workflow automation

and operational prediction accuracy.

3. METHODS

3.1 Research Design

This study employs a quantitative research approach with an explanatory design to examine
the causal relationships between data engineering maturity levels, analytics workflow automation,
data quality, and operational prediction accuracy in warehouse logistics. The quantitative approach
is chosen to allow for statistical testing of hypotheses and to provide empirical evidence regarding
the relationships among variables. The explanatory design is appropriate as this study seeks to
explain how and why independent variables influence the dependent variable, both directly and
indirectly through a mediating variable.

The research utilizes a cross-sectional survey method, where data are collected at a single
point in time from respondents working in warehouse logistics in Tangerang. This approach is
considered suitable for capturing perceptions related to organizational practices, data management,
and operational performance.

3.2 Population and Sample
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The population of this study consists of employees and professionals involved in warehouse
logistics operations in Tangerang, including individuals working in data management, inventory
control, operations, and analytics. These respondents are considered to possess relevant knowledge
and practical experience related to data processing and operational decision-making within their
respective organizations, making them appropriate sources of information for this research.

The sampling technique applied in this study is purposive sampling, where respondents are
selected based on specific criteria, namely having direct involvement in warehouse operations or
data-related activities and possessing at least one year of work experience in the logistics sector. This
approach ensures that the data collected are both relevant and reliable. A total of 75 respondents
participated in this study, which satisfies the minimum sample size requirement for analysis using
Structural Equation Modeling—Partial Least Squares (SEM-PLS), a method that is well-suited for
small to medium sample sizes and does not require strict assumptions of normal data distribution.

3.3 Data Collection Technique

Data were collected using a structured questionnaire distributed to respondents both online
and in person, with measurement items designed using a Likert scale ranging from 1 (strongly
disagree), 2 (disagree), 3 (neutral), 4 (agree), to 5 (strongly agree). The questionnaire items were
adapted from relevant literature and tailored to the context of warehouse logistics to ensure
contextual relevance. Prior to distribution, the instrument was carefully reviewed to ensure clarity,
appropriateness, and validity of the items, thereby enhancing the reliability and accuracy of the data
collected.

3.4 Operational Definition of Variables

This study consists of four main variables, namely two independent variables, one
mediating variable, and one dependent variable. The independent variables include Data
Engineering Maturity Levels (X1), which refer to the level of development and sophistication of data
management processes within an organization, measured through indicators such as data
integration, data governance, data pipeline standardization, and system scalability, and Analytics
Workflow Automation (X2), which reflects the extent to which data processing and analytical tasks
are automated using technological tools, with indicators including automation of data cleaning,
transformation, model execution, and reporting processes. The mediating variable is Data Quality
(Z), which represents the degree to which data is accurate, complete, consistent, timely, and relevant
for decision-making, measured through indicators such as accuracy, completeness, consistency,
timeliness, and reliability. Meanwhile, the dependent variable is Operational Prediction Accuracy
(Y), which refers to the ability of predictive systems to generate precise and reliable forecasts in
warehouse operations, with indicators including the accuracy of demand forecasting, inventory
prediction, and delivery estimation.

3.5 Data Analysis Technique

The data analysis in this study is conducted using Structural Equation Modeling—Partial
Least Squares (SEM-PLS) with the assistance of SmartPLS 3 software [29], chosen for its ability to
analyze complex relationships between variables, including mediation effects, and its suitability for
small sample sizes. The analysis consists of two main stages, namely the measurement model (outer
model) and the structural model (inner model). The outer model is used to evaluate the validity and
reliability of the measurement instruments through convergent validity (factor loadings > 0.70 and
Average Variance Extracted/AVE > 0.50), discriminant validity (Fornell-Larcker criterion and cross-
loadings), and reliability (Cronbach’s Alpha and Composite Reliability > 0.70). Meanwhile, the inner
model is employed to test the relationships between variables and the proposed hypotheses by
examining the coefficient of determination (R?) to measure explanatory power, path coefficients to
assess the strength and direction of relationships, hypothesis testing using bootstrapping to obtain
t-statistics and p-values (significance level of 0.05), effect size (f2) to evaluate the influence of
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independent variables, and predictive relevance (Q?) to assess the model’s predictive capability. In
addition, mediation analysis is conducted to examine the indirect effects of data engineering
maturity and analytics workflow automation on operational prediction accuracy through data

quality.

4. RESULT AND DISCUSSION

4.1 Respondent Profile

This study involved 75 respondents who are actively engaged in warehouse logistics
operations in Tangerang, selected based on their direct involvement in operational, data
management, and decision-making processes. Based on position, the respondents consist of
operational staff (30 respondents or 40.0%), supervisors (24 respondents or 32.0%), and managers
(21 respondents or 28.0%), indicating that the data reflects both hands-on operational experience and
managerial perspectives. In terms of work experience, the majority of respondents have more than
3 years of experience (48 respondents or 64.0%), followed by those with 1-3 years (19 respondents
or 25.3%) and less than 1 year (8 respondents or 10.7%), demonstrating that most respondents
possess sufficient knowledge and familiarity with warehouse logistics operations and data-related
processes.

From an educational perspective, most respondents hold a Bachelor's degree (35
respondents or 46.7%), followed by Diploma (18 respondents or 24.0%), High School (12 respondents
or 16.0%), and Master’s degree (10 respondents or 13.3%), indicating that respondents generally have
adequate educational backgrounds to understand data-driven systems. In terms of age distribution,
the majority are between 26-30 years old (28 respondents or 37.3%), followed by 31-35 years (20
respondents or 26.7%), 20-25 years (14 respondents or 18.7%), and above 35 years (13 respondents
or 17.3%), suggesting that the workforce is relatively young yet experienced, and typically more
adaptable to digital technologies and data-driven operational environments.

4.2 Measurement Model Evaluation (Outer Model)

The evaluation of the measurement model (outer model) aims to assess the validity and
reliability of the constructs used in this study. The assessment includes tests of convergent validity,
discriminant validity, and reliability. The results are obtained using the SEM-PLS approach with
SmartPLS 3.

42,1 Convergent Validity

Convergent validity is evaluated based on the outer loading values of each indicator and the
Average Variance Extracted (AVE). A loading factor greater than 0.70 indicates that the indicator
adequately represents its latent construct.

Table 1. Outer Loadings (Convergent Validity)

Variable Indicator | Loading
X1.1 0.812
. . . X1.2 0.845
Data Engineering Maturity (X1) X13 0.879
X1.4 0.801
X2.1 0.834
Analytics Workflow Automation (X2) X2.2 0.867
X2.3 0.822
71 0.891
. 72 0.876
Data Quality (Z) 73 0.854
74 0.832
Operational Prediction Accuracy (Y) Y1 0.902
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Y2 0.889
Y3 0.871

Table 1 presents the outer loadings used to assess convergent validity, where all indicators
across the four constructs demonstrate loading values above the recommended threshold of 0.70,
indicating strong validity. Specifically, Data Engineering Maturity (X1) indicators range from 0.801
to 0.879, Analytics Workflow Automation (X2) from 0.822 to 0.867, Data Quality (Z) from 0.832 to
0.891, and Operational Prediction Accuracy (Y) from 0.871 to 0.902. The highest loading is observed
in indicator Y1 (0.902), suggesting that it is the most representative indicator of its construct, while
all other indicators also show substantial contributions. These results confirm that each indicator has

a strong correlation with its respective latent variable, meaning that the constructs are well-measured
and capable of capturing the intended theoretical concepts. Therefore, it can be concluded that the
measurement model satisfies the criteria for convergent validity and is suitable for further structural
analysis.

422  Average Variance Extracted (AVE)
AVE measures the amount of variance captured by a construct relative to the variance due
to measurement error. A value greater than 0.50 indicates good convergent validity.

Table 2. AVE Values

Variable AVE
Data Engineering Maturity (X1) 0.721
Analytics Workflow Automation (X2) | 0.753
Data Quality (Z) 0.763
Operational Prediction Accuracy (Y) | 0.803

Table 2 presents the Average Variance Extracted (AVE) values for each construct, all of
which exceed the recommended threshold of 0.50, thereby confirming good convergent validity at
the construct level. Specifically, Data Engineering Maturity (X1) has an AVE of 0.721, Analytics
Workflow Automation (X2) 0.753, Data Quality (Z) 0.763, and Operational Prediction Accuracy (Y)
0.803, indicating that each construct explains more than 50% of the variance of its indicators. The
highest AVE value is observed in Operational Prediction Accuracy, suggesting that this construct
has the strongest explanatory power among its indicators. Overall, these results demonstrate that all
constructs have adequate internal consistency and are well-represented by their respective
indicators, confirming that the measurement model meets the criteria for convergent validity and
can be reliably used for further analysis.

4.2.3 Discriminant Validity
Discriminant validity is assessed using the Fornell-Larcker criterion, where the square root
of AVE for each construct should be greater than its correlations with other constructs.

Table 3. Fornell-Larcker Criterion
Variable | X1 X2 4 Y
X1 0.849 | 0.612 | 0.701 | 0.645
X2 0.612 | 0.868 | 0.689 | 0.632
Z 0.701 | 0.689 | 0.873 | 0.758
Y 0.645 | 0.632 | 0.758 | 0.896

Table 3 presents the Fornell-Larcker criterion results used to assess discriminant validity,
where the square root of the Average Variance Extracted (AVE) for each construct (shown on the
diagonal) is higher than the correlations with other constructs. Specifically, Data Engineering
Maturity (X1) has a value of 0.849, Analytics Workflow Automation (X2) 0.868, Data Quality (Z)
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0.873, and Operational Prediction Accuracy (Y) 0.896, all of which exceed their respective inter-
construct correlations. This indicates that each construct shares more variance with its own
indicators than with other constructs, confirming that the constructs are empirically distinct and not
overlapping. Therefore, the model satisfies the discriminant validity requirement, ensuring that each
variable uniquely represents a different concept within the study.

424  Reliability Test
Reliability is assessed using Cronbach’s Alpha and Composite Reliability (CR). Values above
0.70 indicate acceptable reliability.

Table 4. Reliability Test Results

Variable Cronbach’s Alpha | Composite Reliability
Data Engineering Maturity (X1) 0.871 0.912
Analytics Workflow Automation (X2) 0.854 0.901
Data Quality (Z) 0.902 0.928
Operational Prediction Accuracy (Y) 0.889 0.924

Table 4 presents the reliability test results, showing that all constructs meet the
recommended thresholds for internal consistency, with Cronbach’s Alpha and Composite Reliability
values exceeding 0.70. Specifically, Data Engineering Maturity (X1) has values of 0.871 and 0.912,
Analytics Workflow Automation (X2) 0.854 and 0.901, Data Quality (Z) 0.902 and 0.928, and
Operational Prediction Accuracy (Y) 0.889 and 0.924. These results indicate that all measurement
items are consistently reliable in representing their respective constructs. Notably, Data Quality
exhibits the highest reliability values, suggesting a strong consistency among its indicators. Overall,
the findings confirm that the measurement model demonstrates high reliability, ensuring that the
constructs are stable and dependable for further structural model analysis.

4.3 Structural Model Evaluation (Inner Model)

The structural model (inner model) evaluation aims to assess the relationships between
latent variables and test the proposed hypotheses. This evaluation includes the coefficient of
determination (R?), path coefficients, hypothesis testing through bootstrapping, effect size (f?),
predictive relevance (%), and mediation analysis. The analysis was conducted using SEM-PLS with
SmartPLS 3.

4.3.1 Coefficient of Determination (R?)

The coefficient of determination (R?) measures the extent to which endogenous variables are
explained by exogenous variables in the model, and the results indicate strong explanatory power.
Specifically, Data Quality (Z) has an R? value of 0.652, which is categorized as moderate to strong,
meaning that 65.2% of its variance is explained by Data Engineering Maturity (X1) and Analytics
Workflow Automation (X2). Meanwhile, Operational Prediction Accuracy (Y) has an R? value of
0.721, categorized as strong, indicating that 72.1% of its variance is explained by X1, X2, and Z. These
findings suggest that the proposed model effectively explains the relationships among variables and
demonstrates substantial predictive capability in the context of warehouse logistics.

4.3.2 Path Coefficients and Hypothesis Testing
Hypothesis testing was conducted using the bootstrapping method with a significance level
of 5% (o =0.05). A hypothesis is accepted if the t-statistic > 1.96 and p-value < 0.05.

Table 5. Path Coefficients and Hypothesis Testing
Hypothesis | Relationship | Coefficient () | T-Statistic | P-Value Result
H1 X1-Z 0.421 4.872 0.000 | Supported
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H2 X2 -7 0.389 4.215 0.000 | Supported
H3 Z—-Y 0.512 5.634 0.000 | Supported
H4 X1-Y 0.214 2.301 0.022 | Supported
H5 X2 ->Y 0.198 2.145 0.031 Supported

Table 5 presents the path coefficients and hypothesis testing results, indicating that all
proposed hypotheses are supported and statistically significant at the 5% level. Data Engineering
Maturity (X1) has a significant positive effect on Data Quality (Z) (3 = 0.421; t = 4.872; p = 0.000), as
does Analytics Workflow Automation (X2) (5= 0.389; t =4.215; p = 0.000), confirming their important
roles in enhancing data quality. Furthermore, Data Quality (Z) shows the strongest influence on
Operational Prediction Accuracy (Y) (f = 0.512; t = 5.634; p = 0.000), highlighting its critical role in
improving predictive performance. Direct effects from Data Engineering Maturity (X1) (f = 0.214; t
= 2.301; p = 0.022) and Analytics Workflow Automation (X2) (p = 0.198; t = 2.145; p = 0.031) on
Operational Prediction Accuracy are also positive and significant, although relatively weaker
compared to the effect of Data Quality. Overall, these results indicate that both technological
capability variables contribute to improving prediction accuracy, with data quality serving as the
most influential factor in the model.

4.3.3  Effect Size (f?)
Effect size (f?) measures the impact of each exogenous variable on endogenous variables.

Table 6. Effect Size (f?)

Relationship | f? Value | Effect Size
Xl1-7Z 0.221 Medium
X2 —Z 0.198 Medium

Z-Y 0.342 Large
X1-Y 0.085 Small
X2 —-Y 0.072 Small

Table 6 presents the effect size (f2) results, which indicate the magnitude of the influence of
each exogenous variable on the endogenous variables in the model. The relationship between Data
Quality (Z) and Operational Prediction Accuracy (Y) shows the largest effect size (f2 = 0.342),
categorized as large, confirming that data quality is the most dominant factor influencing prediction
accuracy. Meanwhile, Data Engineering Maturity (X1 — Z) (f2 = 0.221) and Analytics Workflow
Automation (X2 — Z) (f2 = 0.198) both exhibit medium effect sizes, indicating that both variables
have a meaningful and substantial impact on improving data quality. In contrast, the direct effects
of Data Engineering Maturity (X1 — Y) (f2 = 0.085) and Analytics Workflow Automation (X2 — Y)
(f2 = 0.072) are categorized as small, suggesting that their direct contributions to operational
prediction accuracy are relatively limited compared to their indirect effects through data quality.

4.3.4 Predictive Relevance (Q?

Predictive relevance (Q?) is assessed using the blindfolding procedure to evaluate the
model’s predictive capability, and the results indicate strong predictive relevance for both
endogenous variables. Specifically, Data Quality (Z) has a Q? value of 0.418 and Operational
Prediction Accuracy (Y) has a Q? value of 0.506, both categorized as strong predictive relevance.
Since all Q? values are greater than zero, this confirms that the model has good predictive capability
and is able to accurately predict the observed data, thereby supporting the robustness and reliability
of the structural model.

4.3.5 Mediation Analysis
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Mediation analysis was conducted to examine whether data quality mediates the
relationship between independent variables and the dependent variable.

Table 7. Indirect Effects (Mediation Test)
Relationship | Indirect Effect () | T-Statistic | P-Value Result
X1-Z->Y 0.215 3.987 0.000 Significant
X2—->7Z->Y 0.199 3.654 0.000 Significant

Table 7 presents the results of the mediation analysis, indicating that Data Quality (Z)
significantly mediates the relationship between Data Engineering Maturity (X1) and Operational
Prediction Accuracy (Y) as well as between Analytics Workflow Automation (X2) and Operational
Prediction Accuracy (Y). The indirect effect of X1 — Z — Y ( = 0.215; t =3.987; p = 0.000) and X2 —
Z —Y (p=0.199; t =3.654; p = 0.000) are both positive and statistically significant, confirming the
presence of mediation effects. These findings suggest that improvements in data engineering
maturity and analytics workflow automation enhance operational prediction accuracy primarily
through their ability to improve data quality. Therefore, data quality serves as a critical mechanism
that strengthens the impact of technological capabilities on operational outcomes, highlighting its
essential role in achieving accurate and reliable predictions in warehouse logistics.

Discussion

The findings of this study demonstrate that data engineering maturity has a significant and
positive effect on data quality, indicating that organizations with more structured and advanced
data management practices are better positioned to produce high-quality data. In the context of
warehouse logistics, this maturity is reflected in the integration of multiple data sources such as
inventory systems, transportation tracking, and order management platforms, which collectively
ensure consistency and reliability of information. From a theoretical standpoint, this result supports
the Resource-Based View (RBV) [30], [31], where data engineering capability is considered a strategic
organizational resource that enhances performance. This finding also aligns with prior studies
emphasizing that strong data governance and standardized pipelines are essential for improving
data integrity and analytical readiness [32], [33].

Furthermore, analytics workflow automation is found to significantly influence data quality,
highlighting the importance of automation in modern data ecosystems. Automation reduces human
intervention in repetitive processes such as data cleaning, transformation, and validation, thereby
minimizing errors and ensuring consistency. In warehouse logistics environments characterized by
high data volume and velocity, automation enables real-time processing and enhances
responsiveness to operational changes. This finding reinforces digital transformation theory, which
posits that automation is a key driver of operational efficiency and data management effectiveness.
It also suggests that organizations adopting automated workflows can achieve more reliable and
timely data, which is essential for supporting predictive analytics [34], [35].

The most prominent finding of this study is the strong effect of data quality on operational
prediction accuracy [36], [37], confirming that data quality is the primary determinant of predictive
performance. High-quality data ensures that predictive models generate accurate and reliable
forecasts, particularly in critical logistics functions such as demand forecasting, inventory
optimization, and delivery scheduling. Conversely, poor data quality introduces bias and
inconsistencies that reduce model effectiveness. This finding strongly supports the fundamental
principle of data analytics, often summarized as “garbage in, garbage out,” where the quality of
outputs is directly dependent on the quality of inputs [32], [38]. Therefore, improving data quality
becomes a strategic priority for organizations seeking to enhance operational accuracy and
efficiency.

In addition to indirect effects, both data engineering maturity and analytics workflow
automation are found to have direct and significant effects on operational prediction accuracy,
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although these effects are relatively weaker compared to the influence of data quality. This indicates
that while technological and process capabilities contribute directly to predictive performance, their
primary impact is realized through their ability to improve data quality. In other words, investments
in technology alone are insufficient unless they translate into better data. This finding highlights the
critical mediating role of data quality as a bridge between technological capabilities and operational
outcomes, emphasizing the need for organizations to align their technological initiatives with data
quality improvement strategies.

Finally, the mediation analysis confirms that data quality partially mediates the relationship
between data engineering maturity and operational prediction accuracy, as well as between analytics
workflow automation and operational prediction accuracy. This partial mediation indicates that
both independent variables influence prediction accuracy both directly and indirectly, with the
indirect pathway through data quality being more dominant. From a theoretical perspective, this
study contributes to the integration of RBV and digital transformation frameworks by demonstrating
that technological capabilities enhance performance through an intermediate mechanism, namely
data quality. From a practical perspective, the findings suggest that logistics companies should
prioritize the development of mature data infrastructures and automated workflows while
simultaneously ensuring robust data quality management practices. Overall, the study underscores
that achieving high operational prediction accuracy requires a holistic approach that integrates
technology, processes, and data quality to support effective data-driven decision-making.

CONCLUSION

This study concludes that data engineering maturity levels and analytics workflow
automation play significant roles in improving operational prediction accuracy in warehouse
logistics, both directly and indirectly through data quality. Data engineering maturity strengthens
the structure, integration, and governance of data systems, while analytics workflow automation
enhances efficiency and consistency in data processing. However, the most influential factor in
determining prediction accuracy is data quality, which functions as a critical mediating variable. The
findings further demonstrate that organizations with higher levels of data maturity and automation
are better able to produce high-quality data, which ultimately leads to more accurate and reliable
operational predictions, with indirect effects through data quality being stronger than direct effects.

From a managerial perspective, these results suggest that companies in the warehouse
logistics sector should prioritize investments in data engineering infrastructure and analytics
automation while simultaneously implementing strong data quality management practices. From a
theoretical standpoint, this study contributes to the understanding of how technological capabilities
influence organizational performance through intermediate mechanisms such as data quality.
Overall, the study emphasizes that achieving high operational prediction accuracy requires a holistic
approach that integrates technology, processes, and data quality to support effective, efficient, and
reliable data-driven decision-making.
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