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Abstract: In the context of in-depth digital transformation, enterprises are increasingly facing the dual pressures of market
competition and operational efficiency improvement. Business process, which is central to enterprise value creation, often
suffers from problems such as unclear bottlenecks, low collaboration efficiency and lack of scientific decision support in tra-
ditional operation modes. Business data analytics, with its ability to mine value from massive information, has become a key
means to break through these predicaments and promote business process optimization and refinement. This paper focuses
on the practical application of business data analytics in business process optimization, aiming to clarify the application path
and internal mechanism of data analytics in improving process efficiency.
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1. Introduction

The rapid development of technologies such as big data, cloud computing and artificial intelligence has pushed
enterprises into a new era dominated by data. In this era, the traditional experience-based management model can no longer
adapt to the dynamic changes of market demand and the requirements for refined operations. As customers increasingly seek
personalized services and competitors continually innovate their business models, enterprises are compelled to find more
efficient and flexible approaches to managing their business processes. Business process optimization, as a core strategy to
improve operational efficiency and reduce costs, has become a top priority for enterprises. Business data analytics serves as
a key enabler for this strategy.

At present, while many enterprises have realized the importance of data, there are still many problems in the practical
application of business data analytics to process optimization. Some enterprises lack a complete data analysis system, leading
to scattered data resources and an inability to effectively support process optimization. Others remain at a superficial level of
data statistics, failing to dig deeply into the intrinsic connection between data and process problems. Furthermore, some face
obstacles in cross-departmental data sharing, making it difficult to carry out holistic process optimization. These problems
restrict the role of business data analytics and trap enterprise process optimization in a state of low efficiency[1].

2. Definition of Relevant Theories

2.1 Data-Driven Decision Theory

Data-driven decision theory is a management concept that takes objective data as the core basis for decision-making,
and it fundamentally changes the traditional decision-making model that relies on experience and intuition. This theory holds
that all business decisions of enterprises should be based on systematic collection, processing and analysis of data, thereby
avoiding the subjectivity and one-sidedness of experience-based decisions. In the process of decision-making, enterprises
need to convert business problems into data problems, use scientific analysis methods to mine the information contained in
data, and finally convert the analysis results into actionable decision strategies.

The data-driven theoretical framework is illustrated in Figure 1.

In business process optimization, data-driven decision theory provides a clear theoretical framework. It requires
companies to embed data collection points at every stage (e.g., order submission, production scheduling, logistics, and after-
sales service) to quantify operational status through data. For instance, in the production phase, enterprises can collect data on
equipment operating hours, product pass rates, and material consumption. By analyzing this data, they can determine optimal
production plans and resource allocation strategies. This data-driven approach renders process optimization decisions more
targeted and reliable[2-3].

The application of data-driven decision theory further assists enterprises in establishing closed-loop optimization
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Figure 1. Data-Driven Decision Theory

mechanisms for business processes. Following each optimization implementation, enterprises can utilize data to evaluate
outcomes—such as whether process cycles have shortened, operational costs reduced, or customer satisfaction enhanced.
Based on these assessments, enterprises can continuously refine optimization strategies, maintaining business processes
in a state of perpetual improvement. This data-driven continuous optimization mechanism serves as a vital safeguard for
enterprises to adapt to market shifts and sustain competitive advantage.

2.2 Process Reengineering Theory

Process Reengineering Theory, proposed in the 1990s, is a management theory that aims to achieve a radical
improvement in enterprise performance by fundamentally rethinking and thoroughly redesigning business processes. It
challenges the traditional idea of incremental improvement, advocating that companies break free from rigid, functional silos
and reorganize processes around customer needs and value creation. The core goal of process reengineering is to optimize
key performance indicators such as cost, quality, service, and speed, thereby enhancing the overall competitiveness of
enterprises [4].

The combination of process reengineering theory and business data analytics has addressed the issue of subjectivity
and poor visibility in traditional process reengineering. In the past, many reengineering initiatives were based on managerial
intuition without sufficient data support, which resulted in high risks and frequently disappointing outcomes. Now, with
the support of data analytics, enterprises can comprehensively evaluate current business processes, accurately identify non-
value-added activities and bottlenecks, and diagnose the root causes of these problems, such as unreasonable workflows,
unclear job responsibilities, or outdated technological tools.

The data-driven theoretical framework is illustrated in Figure 2.
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Figure 2. Process Reengineering Theory
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2.3 Customer Relationship Management Theory

Customer Relationship Management (CRM) Theory is premised on the centrality of customer value, with its core
objective being the establishment and maintenance of long-term, stable relationships. This theory posits that customers are
the most valuable asset of an enterprise; consequently, all business activities should be oriented toward fulfilling customer
needs and elevating satisfaction levels. Furthermore, CRM Theory prescribes the integration of customer information
from disparate channels to create a consolidated database, which serves as the foundation for executing segmentation,
personalizing services, and implementing customer retention programs[5-6].

In the application of business process optimization, CRM Theory provides a value orientation for the application of
business data analytics. Business process optimization is not only for improving efficiency and reducing costs but also for
better meeting customer needs and creating more customer value. With the support of data analytics, enterprises can deeply
analyze customer-related data, such as purchase history, consumption habits, service feedback and complaint information,
to understand the real needs and pain points of customers in the process of interacting with enterprises. For example, by
analyzing customer complaint data, enterprises can find out the problems in the after-sales service process and then optimize
the process.

The integration of CRM Theory and business data analytics can help enterprises optimize business processes across the
entire customer lifecycle. From acquisition and conversion to retention and repurchase, enterprises can use data to track the
interaction process between customers and various business links, and optimize each link according to customer needs. For
example, by analyzing the performance of different marketing channels, enterprises can optimize the acquisition process to
improve the conversion of potential customers. Similarly, analyzing customer consumption behavior allows them to enhance
retention strategies.

The theoretical framework of customer relationship management is shown in Figure 3.

Figure 3. Customer Relationship Management Theory

3. Construction of a Business Data Analytics System
3.1 Analysis Methodology System

The analytical methodology framework constitutes the core of business data analytics systems, providing enterprises
with a scientific and systematic approach to unlocking data value. This framework comprises a multi-tiered, multi-
dimensional system of analytical methods, including descriptive analysis, diagnostic analysis, predictive analysis, and
prescriptive analysis. These methods are interconnected and complementary, forming a complete analytical chain that spans
from understanding the past and interpreting the present to forecasting the future and guiding action. Enterprises must select
appropriate analytical methods based on distinct business requirements and process optimization objectives to ensure the
efficacy of data analysis [7].

Descriptive and diagnostic analysis form the foundational elements of this methodology. Descriptive analysis primarily
involves collating and summarizing historical data from business processes, presenting fundamental operational states
through metrics such as averages, medians, and proportions. For instance, through descriptive analysis, enterprises can
clearly ascertain foundational information like the average order processing cycle or daily production output. Diagnostic
analysis builds upon descriptive analysis, employing comparative analysis and factor analysis to investigate the root causes
of process issues. For instance, when order processing cycles lengthen, diagnostic analysis can help determine whether this
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is due to staffing shortages, delayed information transmission, or other factors.

Predictive and prescriptive analysis represent the advanced stages of the analytical methodology framework, providing
forward-looking support for business process optimization. Predictive analysis employs statistical models and machine
learning algorithms to forecast future operational trends based on historical data. For instance, organizations may anticipate
next month's order volume through predictive analysis, enabling proactive adjustments to production processes. Prescriptive
analysis advances further by integrating predictive outcomes with operational constraints to generate concrete optimization
plans and decision recommendations. Based on forecasted order volumes, prescriptive analysis can deliver optimal production
scheduling plans and resource allocation strategies, guiding enterprises in implementing process optimization.

3.2 Technical Tool Support

Technical tool support is a vital safeguard for the efficient operation of business data analytics systems. Without the
backing of advanced technical tools, enterprises struggle to process vast volumes of data efficiently and implement complex
analytical methodologies. The technical toolkit for business data analytics encompasses the entire data processing lifecycle,
including data collection, data cleansing, data storage, data analysis, and data visualization. Each stage has corresponding
specialised tools, and enterprises must integrate these tools according to their specific business characteristics and data scale
to form a seamless and efficient technical support system.

For data collection and cleansing, enterprises may employ multiple technical tools to ensure data comprehensiveness and
accuracy. Data collection tools include: web scrapers for gathering external market data, IoT sensors for capturing production
floor data, and API interfaces connecting internal business systems. These tools assist enterprises in collecting multi-source
data, encompassing structured, unstructured, and semi-structured formats. Data cleansing tools such as OpenRefine and
Trifacta assist enterprises in addressing issues like data duplication, missing values, and errors. This enhances data quality,
laying a robust foundation for subsequent analysis.

3.3 Data Resource Integration

Integrated data resources form the foundation of a business data analytics system. The core objective is to break down
internal data silos, consolidate multi-source data, and build a unified, standardized data asset. In daily operations, data
is typically scattered across various business systems and departments; for instance, sales systems hold customer orders,
production systems track process data, and financial systems manage cost and revenue figures. These isolated data fragments
cannot provide a holistic view of operations, thus failing to support comprehensive business process optimization[8] .

4. Application of Business Data Analytics in Business Process Optimization

4.1 Business Process Diagnosis and Bottleneck Identification

Business process diagnosis, the first step in optimization, aims to comprehensively understand current operations,
identify existing problems, and lay the groundwork for subsequent improvement. Business data analytics provides a scientific
and objective method for business process diagnosis, which changes the traditional diagnosis method that relies on manual
investigation and experience summary. In the diagnosis process, enterprises need to first clarify the scope and objectives of
the process, then collect relevant data according to the process links, and finally use appropriate analysis methods to evaluate
the process.

4.2 Process Reengineering and Digital Design

Process reengineering is the core link of business process optimization, which realizes the fundamental improvement
of process performance by redesigning the process on the basis of process diagnosis and bottleneck identification. Business
data analytics runs through the whole process of process reengineering, providing data support for the formulation, selection
and implementation of reengineering schemes. Different from the traditional reengineering method that relies on subjective
assumptions, data-driven reengineering is more targeted and feasible, which can greatly reduce the reengineering risk.

4.3 Cross-functional Process Collaboration and Optimization

Cross-functional process refers to the business process that involves multiple departments such as marketing, production,
sales, logistics and after-sales. It is an important part of enterprise business operations, and its collaboration efficiency
directly affects the overall operational performance of the enterprise. However, in the traditional functional division mode,
departments often focus on their own work goals, resulting in problems such as poor information communication, inconsistent
work priorities and low collaboration efficiency in cross-functional processes. Business data analytics serves as an effective
means to address these challenges and promote cross-functional collaboration and optimization.
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5. Case Analysis
5.1 Case Background

A medium-sized domestic home appliance manufacturing enterprise, founded in 2010, focuses on the R&D, production,
and sales of core home appliance products such as refrigerators, washing machines, and air conditioners. The enterprise
has 3 production bases and 8 regional sales centers across the country, with its products covering all provinces and cities
nationwide through offline stores, online e-commerce platforms, and dealer channels. It has an annual production capacity
of 3 million units and an annual output value of over 5 billion yuan. With the intensification of market competition and the
upgrading of consumers' personalized needs, the enterprise's original business model has gradually exposed problems of
insufficient adaptability[9-10].

5.2 Application Effectiveness

By building a comprehensive business data analysis system and applying it to the optimization of core business
processes, the home appliance enterprise achieved significant improvements in all process operation indicators after 12
months of implementation, effectively enhancing the enterprise's overall operational efficiency and market competitiveness
(As shown in Table 1). Data-driven process optimization not only solved the bottleneck problems under the traditional model
but also established a business operation mechanism for continuous improvement.

Table 1. Comparison of Key Performance Indicators Before and After Optimization

Process Link Order Production Logistics Customer Cross-Functional
Processing Scheduling Distribution Service Collaborative Process
Average Cycle Before Optimization (Hours) 48.6 72.4 36.2 24.8 64.5
Average Cycle After Optimization (Hours) 28.0 51.8 222 12.2 39.6
Cycle Reduction Rate (%) 42.3 28.5 38.6 51.2 38.6
Unit Cost Before Optimization (Yuan) 156.8 892.5 238.4 89.6 326.7
Unit Cost After Optimization (Yuan) 107.6 635.3 154.5 58.3 218.9
Cost Reduction Rate (%) 31.5 28.7 352 349 33.0
Qualification Rate/Satisfaction Before 6.2 913 935 820 785
Optimization (%)

Q“a“ﬁCatg);&aitgtsiggs(fozc)ﬂon After 95.4 101.1 98.7 97.3 92.1
Improvement Rate (%) 9.2 9.8 52 153 13.6

Data Collection Cycle (Days) 90 180 120 60 150

Valid Sample Size (Units) 8500 6200 12000 4800 5600

Standard Deviation (Affg:)y Indicators (Before/ 82/3.1 6.5/2.7 7834 9.4/4.2 10.1/4.8

Data analysis for Table 1 shows that the four core processes and the cross-functional collaborative process have
achieved substantial breakthroughs in multiple dimensions of indicators. The order processing process broke information
barriers through real-time data sharing, with a cycle reduction rate of 42.3% and a unit cost reduction of 31.5%. The
standard deviation of key indicators decreased from 8.2 to 3.1, indicating a significant improvement in process stability
and standardization. The production scheduling process optimized resource allocation and scheduling logic with the help
of predictive analysis models, increasing the qualification rate by 9.8 percentage points and reducing unit costs by 28.7%;
the 180-day continuous data collection ensured the long-term effectiveness and reliability of the optimization results. The
logistics distribution process combined real-time inventory and road condition data through a route optimization algorithm,
shortening the distribution cycle by 38.6% and reducing costs by 35.2%; the 12,000 valid samples verified the universality of
the optimization plan across different regions and order types. The customer service process deeply explored the pain points
of customer needs based on CRM data, shortening the complaint handling response time by 51.2% and increasing customer
satisfaction by 15.3 percentage points, becoming a core driver for the improvement of the enterprise's brand reputation. The
optimization of the cross-functional collaborative process achieved information symmetry through a unified data platform,
improving collaboration efficiency by 38.6% and laying a foundation for the linked optimization of the enterprise's overall
processes.
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Table 2. Resource Utilization and Capacity Indicators

Process Link Order Production Logistics Customer Cross-Functional
Processing Scheduling Distribution Service Collaborative Process

Equipment Utilization Rate Before 68.3 7.5 65.8 712 62.4
Optimization (%) ’ ’ : : ’
Equipment Utilization Rate After
Optimization (%) 89.7 93.2 87.4 90.5 85.9
Improvement Rate (%) 313 28.5 32.8 27.1 37.7
Labor Efficiency Before Optimization
(Units/Worker/Day) 126.8 2153 158.2 89.6 108.5
Labor Efficiency After Optimization (Units/ 1895 3087 2419 143 8 1793
Worker/Day) : : : : :
Growth Rate (%) 49.5 52.7 52.9 60.5 65.3
Production Capacity Before Optimization
(Units/Month) 45200 86500 78300 32400 56800
Production Capacity After Optimization
(Units/Month) 68900 132800 119600 51800 92400
Increase Rate (%) 52.4 53.5 52.8 60.0 62.7
Error Rate Before Optimization (%o) 7.8 5.6 8.3 12.5 9.7
Error Rate After Optimization (%o) 2.3 1.4 2.1 3.7 2.8
Reduction Rate (%) 70.5 75.0 74.7 70.4 71.1

Data analysis for Table 2 shows that the optimization driven by business data analytics significantly enhanced resource

utilization and production capacity across all core processes. Equipment utilization rates for all processes exceeded 85%
after optimization, with the cross-functional collaborative process achieving the highest improvement rate of 37.7% as
data integration eliminated idle time caused by information asymmetry. Labor efficiency grew by 49.5% to 65.3% across
processes, with the customer service process leading at 60.5% due to data-driven workflow restructuring that reduced
redundant tasks. Production capacity increased by over 52% for most processes, and the cross-functional collaborative
process even saw a 62.7% rise, demonstrating that data-enabled resource allocation optimized the connection between
upstream and downstream links. Error rates dropped sharply by 70% to 75%, reflecting the role of data monitoring in
reducing manual errors and process deviations, which further consolidated the stability of resource utilization.

Table 3. Customer Lifecycle and Market Performance Indicators

. . Production Logistics Customer Cross-Functional
Process Link Order Processing Scheduling Distribution Service Collaborative Process
8us_t0mer Acquisition Cost Before 3086 N/A 289 4 312.8 345
ptimization
Sus'tor'ner Acquisition Cost After 215.9 N/A 1873 198.5 2287
ptimization
Reduction Rate (%) 343 N/A 353 36.5 33.8
Customer Retention Rate Before
Optimization (%) 68.2 71.5 73.8 65.4 62.7
Customer Retention Rate After
Optimization (%) 83.5 85.2 86.7 82.8 80.3
Improvement Rate (%) 224 19.2 17.5 26.6 28.1
5/eop))eat Purchase Rate Before Optimization 453 487 512 08 405
g/tlt)]))eat Purchase Rate After Optimization 67.8 70.1 75 653 63.7
Growth Rate (%) 49.7 44.0 41.6 52.6 57.3
Market Share Before Optimization (%) 8.6 8.6 8.6 8.6 8.6
Market Share After Optimization (%) 12.3 12.3 12.3 12.3 12.3
Increase Rate (%) 43.0 43.0 43.0 43.0 43.0
Marketing ROI Before Optimization 1.8 2.1 2.3 1.6 1.9
Marketing ROI After Optimization 32 3.6 3.9 2.9 3.4
Growth Rate (%) 77.8 71.4 69.6 81.3 78.9
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The data in Table 3 demonstrate that business data analytics effectively optimizes the entire customer lifecycle and
enhances market performance. Customer acquisition costs fell by 33.8% to 36.5% across relevant processes, with the largest
reduction (36.5%) achieved in customer service by leveraging complaint data to refine marketing strategies. Customer
retention and repeat purchase rates saw substantial growth, peaking at 28.1% and 57.3%, respectively, in the cross-functional
collaborative process. This improvement stemmed from seamless data sharing, which ensured a consistent customer
experience. Overall market share grew by 43.0%, driven by higher customer satisfaction and more efficient product delivery.
Marketing ROI increased by 69.6% to 81.3%, reaching the highest point (81.3%) in the customer service process, proving
that data-driven insights into customer needs made marketing investments more precise and effective. These results confirm
that business data analytics not only streamlines internal processes but also creates significant value in customer management
and market competition.

6. Conclusion

This paper conducts a systematic study on the application of Business Data Analytics in Business Process Optimization,
sorts out the core connotations of Data-Driven Decision Theory, Process Reengineering Theory, and CRM Theory, and
clarifies the core role of these theories in guiding process optimization. By constructing a business data analysis system
including an analysis methodology system, technical tool support, and data resource integration, it clearly presents the full-
process path of data from collection, processing, and analysis to application. At the same time, from three key application
links — business process diagnosis and bottleneck identification, process reengineering and digital design, and cross-
functional process collaboration and optimization — it elaborates in detail the specific mechanism of Business Data Analytics
empowering process optimization.

This research acknowledges certain limitations regarding the generalizability, temporal scope, and focus of its inquiry.
The conclusions are derived from a single case study in home appliance manufacturing, and their applicability to industries
with distinct operational models may be limited. The constrained 12-month analysis period also precludes an assessment
of the long-term impact and sustainability of the optimization outcomes. Moreover, the study's focus on medium and large
enterprises results in a lack of in-depth discussion on the pathways and challenges for small and medium-sized enterprises.
Technically, the investigation is confined to mature data tools, omitting the potential role of emerging technologies such as
deep learning and blockchain in data integration and process optimization.

To address these gaps, several future research directions are proposed. Verifying the universality of the application
framework requires expanding the research to include multiple industries and enterprise scales. Longitudinal tracking studies
are essential to explore the long-term operational effects and to construct a sustainable optimization mechanism. Targeted
research is needed to resolve the practical difficulties — such as insufficient resources and weak technical foundations —
encountered by SMEs applying business data analytics. Future work should also integrate emerging technologies to improve
the accuracy of data mining and the security of data sharing. Finally, incorporating external environmental factors like
supply chain fluctuations and policy changes would enhance the adaptability and robustness of data-driven business process
optimization schemes.
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