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Abstract: With the continuous development of the financial market, customers' investment
preferences and purchasing behaviors are evolving rapidly. Leveraging data analysis to enhance
the efficiency and accuracy of customers' asset allocation decisions has become a crucial technical
approach in modern finance. This paper primarily focuses on the practical application and existing
challenges of data analysis in customer asset management. Key issues, including fragmented data
integration, inconsistent data quality, limited real-time processing capabilities, and suboptimal
algorithm models, are thoroughly analyzed. In response, optimization strategies are proposed, such
as establishing a unified data integration platform, strengthening data quality management
mechanisms, and improving real-time data processing capabilities. By addressing these challenges,
financial institutions can significantly enhance decision-making effectiveness, increase investment
returns, and provide more reliable guidance for customers' asset allocation. This study offers
valuable insights for the development and refinement of data-driven strategies in the financial
industry.

Keywords: data analysis; customer asset allocation; efficiency improvement; real-time data;
algorithm optimization

1. Introduction

With the continuous evolution of the financial market and the increasing
diversification of customers' demands for financial services, traditional asset allocation
methods have become insufficient to fully meet the expectations of modern investors. The
emergence and rapid advancement of data analysis technologies provide new
opportunities to address these challenges. By leveraging big data analytics, artificial
intelligence, and machine learning techniques, financial institutions can gain a more
comprehensive understanding of market trends, customer risk tolerance, and investment
preferences. This enables more precise and efficient allocation of financial assets,
ultimately enhancing both the effectiveness and reliability of investment decisions.

Despite these advances, significant challenges remain in the practical application of
data-driven asset allocation. Issues such as fragmented data sources, inconsistent data
quality, limited real-time processing capability, and suboptimal algorithmic models can
hinder the effectiveness of investment strategies. For example, delayed data integration
or inaccurate data inputs may lead to subpar asset allocation decisions, reducing potential
returns and increasing risk exposure [1].

This paper aims to systematically examine the application of data analysis in
customer asset allocation, identify the critical technical and operational challenges, and
propose targeted optimization strategies. These strategies include building a unified data
integration platform to consolidate heterogeneous data sources, enhancing data quality
management mechanisms to ensure reliability and accuracy, and improving real-time
data processing and algorithmic optimization to support timely decision-making. By

Vol. 2 No. 6 (2025)

57 https://doi.org/10.71222/bzvdpn81


https://doi.org/10.71222/bzvdpn81

Journal of Computer, Signal, and System Research https://www.gbspress.com/index.php/JCSSR

addressing these key issues, financial institutions can improve investment efficiency,
reduce decision-making errors, and provide more effective guidance for clients.
Ultimately, this study seeks to offer both theoretical insights and practical technical
references for the implementation of data-driven strategies in the financial industry.

2. Key Technologies of Data Analysis in Customer Asset Allocation

Big data integration technologies typically employ ETL (Extract, Transform, Load)
processes, API interfaces, and data warehouses to consolidate data dispersed across
different channels and stored in heterogeneous formats. This integration ensures the
accuracy and consistency of data, providing a solid foundation for subsequent analytical
processes [2].

Simultaneously, machine learning algorithms, including regression analysis,
decision trees, and deep learning models, can leverage historical financial data and market
trends to predict optimal asset allocation strategies. These algorithms enable the provision
of personalized investment recommendations tailored to individual customer profiles,
reflecting their risk tolerance and investment objectives.

Given the dynamic and rapidly changing nature of financial markets, real-time
processing technologies such as Apache Kafka and Apache Flink play a critical role in
maintaining the timeliness and responsiveness of asset allocation systems. They allow for
immediate adjustments to investment strategies in response to market fluctuations,
ensuring that decisions remain effective and adaptive [3].

Furthermore, advancements in optimization algorithms, such as genetic algorithms,
particle swarm optimization, and hybrid optimization techniques, combined with
increased computational power, significantly enhance the speed and precision of asset
allocation models. The integration of GPU acceleration and cloud computing further
enables financial institutions to solve complex optimization problems within limited
timeframes, supporting sophisticated and large-scale investment decision-making.

Through the comprehensive application of these multi-technology approaches, asset
allocation efficiency is significantly improved, while financial institutions gain deeper
insights into market behavior, enabling more accurate, flexible, and informed investment
decisions. Figure 1 below summarizes the key technological pathways of data analysis in
customer asset allocation:

Streaming data
ETL, API, Data processing,
warehouse Kafka,

Machine learning and Flink
predictive models

Regression analysis, Genetic algorithm,
SVM, GPU acceleration
Deep learning

Figure 1. Key technical paths of data analysis in customer asset allocation.

3. Current Status and Challenges of Data Analysis in Customer Asset Allocation
3.1. Lack of Efficiency of Data Integration Mechanism

Data integration is a critical component of effective customer asset allocation.
Currently, many financial institutions face significant inefficiencies in this process,
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primarily due to complex and fragmented data sources, inconsistent data formats, and
untimely updates. Many organizations still rely on traditional manual processing
methods or decentralized systems, which are incapable of efficiently handling large
volumes of data collected from diverse fields. This often results in cumbersome, time-
consuming integration processes that hinder timely decision-making.

Real-time data processing poses an additional challenge. Market conditions and asset
prices can change rapidly, and conventional data integration mechanisms struggle to
capture and process these updates promptly. Delays in integrating real-time data can
compromise both the accuracy and timeliness of asset allocation decisions, potentially
leading to suboptimal investment outcomes [4].

Table 1 below summarizes the main problems associated with data integration in
customer asset allocation and their corresponding impacts on decision-making efficiency:

Table 1. Problems and impacts of data integration.

problem Description influence

Increase the difficulty of

Diverse data Data comes from multiple . . 7
integration, resulting in

sources heterogeneous platforms and systems . L
information island

Inconsistencies occur during

Data formatis The format of different data sources . . .
processing, increasing the error

not uniform varies greatly
rate
Delay the decision-makin
Low processing Rely on traditional manual y &
.. . process and affect the real-time
efficiency processing or outdated tools

response ability
Data integration is incomplete, and ~ Lead to data duplication and
information is scattered across errors, and reduce the quality of
different departments decisions

Information
island

As shown in Table 1, the process of data integration faces multiple challenges,
including dispersed data sources, inconsistent formats, low processing efficiency, and the
existence of information silos. These issues hinder effective data consolidation, delay the
decision-making process, and negatively impact the accuracy and real-time
responsiveness of asset allocation decisions.

3.2. Data Quality Leads to Insufficient Decision-Making Efficiency

Data quality is one of the key factors in effective customer asset allocation. Data used
in asset management often originates from multiple channels and disparate systems, and
the absence of robust data management and cleaning mechanisms frequently results in
errors, omissions, and duplications. Such issues can compromise the accuracy and
stability of analytical models, which serve as the foundation for asset allocation decisions,
thereby reducing both the precision and efficiency of these decisions.

Moreover, low-quality data can adversely affect the training of algorithmic models,
leading to biases or deviations that diminish the practical effectiveness of asset allocation
strategies. For instance, inaccurate customer financial information may result in flawed
risk assessments, which in turn can misguide portfolio construction and investment
planning.

Table 2 below summarizes the main data quality problems in customer asset
allocation and their corresponding impacts on analytical accuracy and decision-making
effectiveness:
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Table 2. Problems and impacts of data quality.

Data quali — .
quality Description influence
problem
. It affects the accuracy of model
Data entry error or missing . ..
Data error . . prediction and leads to decision-
information . .
making bias
. . . Increase the difficulty of analysis,
Data Conlflicts or mismatches exist Y Y

. . . reduce the reliability of decision-
inconsistency between different data sources

making
Data lag Data update delay or lack of Reduce the market reaction speed, can
real-time not adjust the strategy in time
Data contains irrelevant The accuracy of the model is reduced
Data noise information or unnecessary  and the validity of the analysis results
interference is affected

As shown in Table 2, data quality issues negatively impact the accuracy and
timeliness of analytical data, leading to reduced efficiency in decision-making.

3.3. Weak Real-Time Data Processing Capability

The lack of real-time data processing capability is a critical factor limiting the
efficiency of asset allocation decision-making. Financial market fluctuations are often
rapid and unpredictable, making the ability to acquire and process data in real time
essential for promptly adjusting investment strategies. However, many financial
institutions still operate systems that are insufficient for handling massive, high-
frequency data streams and performing fast, accurate analyses.

This inefficiency in data processing not only delays asset allocation responses but
also increases exposure to market risks. In particular, areas such as high-frequency trading,
real-time risk management, and monitoring market dynamics are significantly affected;
inadequate real-time processing prevents quick reactions to market changes, causing
institutions to miss optimal investment opportunities [5].

Additionally, the technical infrastructure required for efficient real-time data
processing often entails substantial investment in hardware, software, and specialized
personnel, which many institutions are unable or unwilling to provide.

Table 3 below summarizes the main shortcomings of real-time data processing
capabilities and their corresponding impacts on asset allocation efficiency and risk
management:

Table 3. Deficiency and influence of real-time data processing capability.

problem Description influence

The system cannot process The adjustment of investment
Data processing lag real-time data and thereis  strategy lags behind and cannot

a delay respond quickly to market changes
Insufficient data Insufficient ability to , .
. . Missed market opportunities and
stream processing handle high frequency data .. .
. increased decision-making errors
capability flows

Lack of infrastructure to Can not support real-time processing,

The technical support real-time data  affecting the efficiency of decision-

infrastructure is weak

analysis making
Message dela There is a delay in the data Reduce market reaction speed and
8 Y transfer process increase risk exposure
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As shown in Table 3, weak real-time data processing capability not only prevents
asset allocation from responding promptly to dynamic market changes but also limits
improvements in decision-making efficiency and investment returns.

3.4. Low Efficiency of Algorithm Model Restricts the Optimization Speed

The efficiency of algorithmic models is critical for optimizing asset allocation.
Although many financial institutions still rely on traditional algorithms to address asset
allocation problems, these conventional methods generally suffer from low computational
efficiency and suboptimal optimization outcomes. For instance, advanced techniques
such as genetic algorithms or particle swarm optimization can produce more accurate
allocation strategies; however, when dealing with large datasets or frequent updates,
these methods often struggle to meet real-time computational requirements [6].

Furthermore, some algorithms lack sufficient self-adaptive capabilities. In the face of
rapid market changes, their response is slow, leading to delayed and low-quality
optimization results. As financial markets become increasingly complex, the
computational bottlenecks of traditional algorithms become more pronounced, affecting
both the timeliness and accuracy of asset allocation optimization.

Table 4 below summarizes the key inefficiencies of algorithmic models and their
impacts on asset allocation performance and decision-making;:

Table 4. Inefficiency problems and impacts of the algorithm model.

problem Description influence

The efficiency of traditional The optimization speed is
optimization algorithms is low slow and can not meet the
when dealing with complex data  real-time adjustment needs
The optimization results lag
behind and can not adapt to

The traditional
algorithm is slow

The algorithm lacks Lack of ability to adapt quickly in

adaptabilit changing market environment L
P Y ging market changes in time
. Computational resources are The optimization speed is
Insufficient . . . .
limited during large-scale data  slow and the decision-making

computing resources . . . .
puting processing, leading to bottlenecks efficiency is low

High dimensional In the face of high dimensional data,
data processing is  traditional algorithms are difficult
difficult to process quickly
As shown in Table 4, the inefficiency of algorithmic models not only limits the speed
of asset allocation optimization but also negatively affects the real-time responsiveness
and accuracy of decision-making.

The accuracy and efficiency of
asset allocation are reduced

4. Efficiency Improvement Path of Data Analysis in Customer Asset Allocation
4.1. Build a Unified Data Integration Platform

Building a unified data integration platform is a critical approach to enhancing the
efficiency of customer asset allocation. Such a platform should be designed to support
access to multiple heterogeneous data sources, efficiently integrating information from
various dimensions, including customer transaction records, macroeconomic indicators,
and industry reports. The platform must standardize, clean, and transform data to ensure
consistency and high quality [7].

To handle large-scale data storage and processing requirements, the platform should
incorporate distributed storage architectures, such as Hadoop and Apache HBase, and
distributed computing frameworks like Spark and Flink. The core objective of the data
integration platform is to reduce data processing time, improve data access efficiency, and
provide timely, accurate information for subsequent analysis and decision-making.
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Additionally, the platform should offer dynamic data access interfaces, allowing
departments and decision-making systems to retrieve data on demand. It should support
both efficient batch processing and real-time data stream processing. The integration of
streaming technologies such as Kafka and Flink ensures that newly generated data can be
immediately received and processed by analytical systems, maintaining real-time updates
and responsiveness.

The efficiency of a data integration platform can be quantitatively measured using
the following formula:

_ i (0T
AT @

Among them, E Represents the efficiency of the platform, D; Is the processing
capacity of Class i data, T; Is the time it takes to process that data, B;Is the bandwidth
requirement for this type of data, C; Is the computing requirement of this type of data.
Optimizing these parameters can significantly improve the overall efficiency of the
platform, thus accelerating the data integration and analysis process.

4.2. Improve the Data Quality Management Mechanism

In customer asset allocation, enhancing the data quality management mechanism is
crucial for improving both the accuracy of analytical models and the speed of decision-
making. Effective data quality management should encompass the entire data lifecycle,
including collection, cleaning, verification, storage, updating, and monitoring [8].

During the data collection stage, the credibility and accuracy of data sources must be
ensured to prevent invalid or incorrect information from entering the system. Automated
tools should be employed during data cleaning and validation to identify anomalies,
duplicates, and missing values, thereby ensuring data integrity, consistency, and accuracy.
The verification process must confirm that all data adhere to established quality
management guidelines, and only verified data should be used for analysis [9].

For data storage and management, high-performance databases and database
systems are essential to ensure fast and stable data access. In terms of data updating, the
management system should be flexible and capable of real-time adjustments, updating
information immediately in response to market changes or shifts in the external
environment. This prevents outdated data from affecting asset allocation decisions.

The improvement in data quality can be quantitatively expressed using the following
formula:

Y CIRIN)

C= v @

Where, Q represents data quality, D; Is the quality score of Class i data, W; Is the
weight of that data, V; Is the validity score for Class i data. By increasing the proportion
of high-quality data and optimizing the data validation process, data quality can be
effectively improved, @ To ensure the accuracy and reliability of asset allocation
decisions.

4.3. Enhance Real-Time Data Processing Capabilities

Enhanced real-time data processing capabilities can significantly improve the
efficiency of asset allocation. Market data and customer behaviors evolve continuously,
and timely asset allocation decisions require data processing systems to respond rapidly
and adjust dynamically.

A real-time data processing system must possess efficient data acquisition and
transmission capabilities to handle highly concurrent data flows and minimize latency.
Stream processing frameworks, such as Apache Kafka and Apache Flink, can be employed
to achieve real-time data transmission and parsing. In addition, the system should
support efficient, powerful, and flexible real-time data preprocessing, analysis, and
decision-support functions. Distributed computing architectures can ensure system
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efficiency, enabling high-performance data processing and analysis even under heavy
loads [10].

Furthermore, real-time data processing should incorporate automatic detection and
dynamic adjustment mechanisms, allowing computing resources to be allocated in
response to changes in traffic and data load. This ensures system stability during peak
periods. Asset management decision systems require both timeliness and accuracy;
therefore, they must provide decision-makers with the most up-to-date market responses
and risk alerts through real-time traffic analysis and machine learning methods, enabling
prompt reaction and adjustment.

The optimization and effectiveness of real-time data processing capabilities can be

quantitatively assessed using the following formula:
_ Tprocessed
ik — ©)
latency
Where, R represents real-time data processing capabilities, Ty, qcesseq Is the amount

of data processed per unit time, Tigency Is the data transmission delay time, Teomputation
It's the time the data is calculated. Optimizing the data transmission and calculation
process in the system, reducing the delay and calculation time, can effectively improve R
To enhance real-time data processing capabilities, ensuring the timeliness and accuracy of
asset allocation decisions.

4.4. Optimize the Computational Efficiency of the Algorithm Model

Improving the computational efficiency of algorithm models can significantly
enhance the effectiveness of asset allocation decisions. It is essential to select algorithms
suitable for big data scenarios, such as genetic algorithms, particle swarm optimization
(PSO), and simulated annealing algorithms. These methods can efficiently identify near-
optimal allocation schemes through approximate solutions, reducing overall
computational resource consumption [11].

At the same time, the time complexity of algorithms should be optimized. Techniques
such as divide-and-conquer strategies and dynamic programming can improve
computational efficiency. Parallelization and distributed processing further leverage
available computing resources, shortening algorithm run times. This is particularly
important in high-frequency asset allocation adjustments, where rapid responses are
required when real-time data is updated [12,13].

In addition, computational efficiency can be further enhanced through hardware
acceleration. The use of GPUs or FPGAs, which offer high parallel computing capabilities,
can dramatically increase the speed of complex model calculations and significantly
reduce execution time. By combining efficient hardware resource scheduling with
algorithmic optimization, overall computational efficiency can be greatly improved,
thereby enhancing both the accuracy and timeliness of asset allocation decisions [14].

The improvement in computational efficiency can be quantitatively evaluated using
the following formula:

n — Ntasks ( 4)

- Ttotal’complexity
Among them, n Represents the computational efficiency of the algorithm, Nyggs Is
the number of tasks handled per unit of time, T;,., The total computation time of the
algorithm, complexity It's the time complexity of the algorithm. Optimizing task
processing speed, reducing computation time and reducing complexity can effectively
improve n To improve the computational efficiency of the algorithm model and support
faster asset allocation decisions [15].

5. Conclusion

The application of data analysis in customer asset allocation has been steadily
advancing, significantly enhancing both the efficiency and accuracy of financial decision-
making. By constructing and optimizing unified data integration platforms, strengthening
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data quality management mechanisms, enhancing real-time data processing capabilities,
and improving the computational efficiency of algorithmic models, financial institutions
can achieve faster, more precise, and more adaptive asset allocation. These improvements
not only reduce the latency in decision-making but also enhance the reliability and
robustness of investment strategies in the face of volatile market conditions.

The integration of advanced technologies such as big data analytics, machine
learning, stream processing frameworks, and distributed computing architectures
provides financial institutions with comprehensive decision support tools. These tools
enable the rapid identification of emerging market trends, timely adjustment of
investment portfolios, and personalized asset allocation strategies that align with
individual customer risk preferences and return expectations.

Looking forward, as technology continues to evolve and data intelligence becomes
increasingly sophisticated, the role of data analysis in asset allocation will become even
more critical. Future developments may include the integration of predictive analytics,
real-time risk monitoring, and automated decision-making systems, which will further
drive the digital transformation of the financial industry. The adoption of such
technologies will not only optimize resource allocation but also provide investors with a
competitive advantage in increasingly complex and fast-changing financial markets.

In summary, the continuous advancement of data-driven asset allocation strategies
promises to enhance decision-making precision, operational efficiency, and investment
outcomes, establishing data analysis as an indispensable component of modern financial

management.
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