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ABSTRACT

In today’s technology-driven environment, the exponential growth
of big data underscores the importance of visualizing and analyzing
it to derive actionable insights. This need spans across industrial
sectors, with particular importance in the financial industry. While
numerous modern models and algorithms have been developed,
and utilized in diverse applications, it is crucial to classify these
methodologies for users to identify the most suitable ones. In this
paper, we embark on a selective review to streamline the classi-
fication of financial big data visualization methodologies from a
machine learning perspective and explore the latest trends. We cat-
egorize techniques based on two key elements: the modeling stage
and the nature of big data. The analytical stage divides methods
into three phases: pre-model building, during-model building, and
post-model building. Additionally, the characteristics of big data
play an important role in shaping methodologies. We delve into
three primary types of big data—structured, semi-structured, and
unstructured and identify the most popular financial data types
within each category in current society. We also discuss and high-
light some research opportunities that we hope could be useful for
visual analytics researchers.
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+ Computing methodologies — Machine learning; « Human-
centered computing — Visualization techniques.
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1 INTRODUCTION

Big Data is a critical asset in the competitive market of the digital
economy. With advancing technology, the availability and capture
of big data are increasing exponentially. Applications utilizing big
data, artificial intelligence, and machine learning result in decisions
and business processes that are specifically tailored to each person’s
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wants and expectations, enhancing the expansion and effectiveness
of commercial operations [27]. Particularly in the financial sec-
tor, big data wields a profound influence on the economic system.
Moreover, the integration of machine learning and visualization
techniques is rapidly gaining traction, shaping contemporary trends
in data analysis and decision-making processes. In the area of finan-
cial data and technology, machine learning and deep leanring exert
a profound and transformative influence. Its algorithms have signif-
icantly impacted various facets of finance, spanning portfolio man-
agement, risk mitigation, and customer acquisition. Visualization in
this area is increasingly in demand because business stakeholders
are eager to understand these algorithms and models. Visualization
of financial information is particularly important for insiders and
stockholders for effective communication and collaboration and to
close the gap between financial experts and non-experts [9].

An essential utilization of machine learning visualization within
finance lies in the prediction of market trends. Conventional market
analysis models have faced difficulties in managing the intricacies
and fluctuations inherent in financial markets. However, leveraging
machine learning visualization facilitates the identification and ex-
plication of intricate patterns within financial data. Fraud detection
within financial institutions has been revolutionized by machine
learning visualization. In the past, spotting fraudulent transactions
was slow and prone to errors. But now, with machine learning’s
ability to recognize patterns, we can quickly and accurately iden-
tify anomalies, safeguarding both businesses and consumers from
financial losses [28]. The recent advancements and trends in fi-
nancial big data visualization analytics necessitate a diverse set
of objectives, prompting research across various application areas.
To this end, our review encourages a multidisciplinary approach
focused on achieving intelligibility and transparency goals. The
following sub-sections present the overall review of Financial Big
Data visualization and its applications from a machine learning or
deep learning perspective.

2 RELATED SURVEYS AND GUIDELINES

In recent years, surveys and review papers have suggested research
directions and highlighted challenges in data visual analytics and
deep learning. Mohseni et al. [31] summarized evaluation methods
and provided recommendations for various design goals in Explain-
able Al research. Yuan et al. [54] built a taxonomy to include three
first-level categories: techniques before model building, techniques
during modeling building, and techniques after model building in
machine learning visualization. Cockcroft et al. [10] summarized
the research opportunities for the use of ‘big data’ in accounting
and finance. We have summarized the most recent surveys on finan-
cial big data analytics from a machine learning perspective. These
surveys span multiple disciplines, so we have organized them into
the following areas.
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e Machine Learning or deep learning visualization Surveys.
The interpretation of machine learning models is a hot topic
in the information visualization community. Research shows
that insights from these models can enhance predictions and
increase the trustworthiness of results. Consequently, numer-
ous extensive survey articles have been published recently
to summarize the growing body of original research papers
on this subject. Chatzimparmpas et al. [7] presented a meta-
analysis that includes both an overview and an in-depth
examination of existing surveys on the interpretation of ma-
chine learning models. Jing et al. [22] provided an extensive
review of deep learning-based self-supervised methods for
general visual feature learning from images and videos.

e Big Data Analytics Surveys. With the advent of Big Data,
researchers have developed new value chain models known
as Data Value Chains to facilitate data-driven organizations.
These models have evolved into Big Data Value Chains to
address challenges such as high volume, velocity, and vari-
ety. Big Data Value Chains outline the flow of data within
organizations that leverage Big Data to extract valuable in-
sights [13]. Jahani et al. [21] reviewed the methodology for
the field of Data Science and Big Data Analytics (DS & BDA)
in Supply Chain and Logistics (SC & L) to classify existing
DS & BDA models and techniques, structure their practical
application areas, and identify research gaps and potential
future research directions.

e Financial Analytics Surveys. Trends in financial surveys in-
dicate a growing use of analytic technology to enhance pro-
ductivity and enable more agile decision-making across en-
terprises [1]. A recent survey [1] suggested that along with
investing in new technology, almost all organizations (91%)
are investing or planning to invest in big data solutions that
specifically support finance functions. In addition to invest-
ing in big data solutions, there are also reviews focused on
specific financial industries, such as banking. Nobanee et
al. [17] provided a review of existing literature on big data
applications in banking, utilizing a bibliometric analysis ap-
proach.

While all the surveys and guidelines in this section contribute
valuable insights to big data visualization research, to the best
of our knowledge, there is no existing comprehensive review or
framework specifically addressing financial big data visualization
from a machine learning or deep learning perspective. This paper
aims to fill in this gap.

3 REVIEW METHOD

To ensure thorough coverage of the literature, we adopted a system-
atic methodology for our search. Firstly, we identified keywords and
phrases that encompass the field of financial big data visualization
from a machine learning perspective, e.g., “big data”, “visualization”,
“visual analytics”, “machine learning”, and “financial”. Subsequently,
we utilized a logical AND combination of these keywords to query
digital libraries and conference proceedings. Our initial search was
conducted on abstracts from the IEEE Xplore and ACM Digital
Libraries over the past ten years, from 2014 to 2024. We found 52
papers in IEEE and 46 papers in ACM.
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To cover broader articles, We searched the same keywords using
web of science. The final list was limited to papers from 2014 to
2024. The result gives 109 articles. After excluding the irrelevant
articles and articles searched by other libraries above, we then
used 32 to identify the research attributes such as data size and
visualisation components in those papers. Finally, we selected 25
representative papers for the reference table. Some papers contain
all the relevant keywords. For instance, Usman et al. [50] proposed a
Poisson mixture model to predict future insurance claim frequencies
using telematics data. Although this work is contextually relevant
to our review, its emphasis is on prediction rather than visualization.
Therefore, it will be excluded from this review.

4 CATEGORIZATION METHOD

After thoroughly reviewing the literature, we found that the de-
sign goals and types of data are the primary factors influencing
the design and purpose of visualization methodologies. Therefore,
we propose categorizing the papers in the field of big data visual
analytics based on their design goals and the types of big data they
address. In this paper, we examine the most popular types of data
within each classification. We aim to use this approach to better
understand big data visualization methodologies, and to identify
the most effective strategies for different scenarios.

e Design Goals The first element in our categorization is the
design goal for financial big data visualization. Visual an-
alytics techniques for machine learning are classified into
three groups by the corresponding analysis stage: techniques
before, during, and after model building [54]. In financial
institutions, key areas using machine learning include risk
management, compliance, and customer trust. In risk man-
agement, algorithms are essential for risk assessment and
decision-making. Transparent methodologies ensure these
algorithms are fair, accurate, and regulatory-compliant. Pre-
model building analysis sets clear guidelines, aligning algo-
rithms with risk management strategies. In compliance and
regulation, regulatory bodies require transparency in algo-
rithms for credit scoring, loan approvals, and investments.
After thoroughly reviewing and analyzing the research de-
sign goals in the financial big data visualization area, we
used the three key categories organized by the process of
model building: pre-model building, during model building,
and post-model building. These categories capture and orga-
nize the breadth of design goals in the field of financial big
data.

- Pre-model building

* Data preprocessing visualization

* Algorithmic Transparency
— During model building

* Model Visualization and Inspection
- Post-model building

* Model Diagnosis and Interpretation

e Types of Big Data The type of big data influences the
methodology review by determining the tools, techniques,
and frameworks needed to efficiently process, analyze, and
derive insights from the data. We review the current types
of data commonly associated with big data in the financial
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sector. Big data has many characteristics and consists of
structured, unstructured, and semi-structured data formats
[38]. Structured data refers to information that is highly or-
ganized and easily searchable within databases due to its
pre-defined format. Unstructured data, on the other hand,
lacks a predefined format or organizational structure. This
type of data is often textual content, such as emails and social
media posts. By employing this classification, we identify
the most popular data types within each category. Despite
the variety of data types, the emerging most popular big data
categories most relevant to financial institutions today can
be classified into the following five types:

— Structured data - Stock market data. Stock market data
includes key metrics such as stock prices and interest rates.
This data is considered a principal component of finan-
cial big data due to its extensive use in financial analysis,
predictive modeling, and strategic decision-making [18].
The large volume and high velocity of stock market data
make it an essential resource for investors, analysts, and
financial institutions seeking to derive actionable insights
and optimize financial outcomes.

— Structured data - Transactional data. With the develop-
ment of data-storage technology, banks have accumulated
a large amount of payment and transactional data. These
data are collected constantly and are more reliable and
flexible than financial statements[24]. Saxena et al. [40] es-
tablished a network comprising 1.6 million nodes, derived
from banking transactions of Rabobank users, aimed at en-
hancing the early detection of suspicious and anomalous
user activities.

— Semi-structured data - Internet mouse-tracking data. Banks
are starting to track user behavior on the internet and mo-
bile apps, resulting in the generation of extensive mouse-
clicking data. This data is commonly used to identify fraud-
ulent activities and analyzing web traffic. Pageviews are
the most widely used metric for analyzing web traffic
across various sectors, including blogs, social media, and
technology. The geometric data generated by mouse track-
ing is vast and qualifies as big data [34].

— Semi-structured data - Telematic data. Telematics data has
emerged as a source of big data as it has volume, variety, ve-
locity and veracity [14]. Car telematics is a large and grow-
ing business sector aiming to collect mobility-related data
to develop a wide range of services for both individual citi-
zens and companies. The data collected through car telem-
atics typically includes vehicle movement traces, gathered
via an ad hoc device installed in the vehicle. Telematics
time series data captures a multitude of variables every
second while driving. Unlike traditional covariate informa-
tion, telematics car driving data provides direct insights
into driving habits and styles, making it useful for claims
prediction in financial institutions[15]. It is increasingly
utilized in finance for various purposes, including risk as-
sessment where insurance companies use it to accurately
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assess risk profiles. It also plays a crucial role in fraud de-
tection, for instance, analyzing transaction locations and
timing to identify unusual or suspicious activities.

- Unstructured data - text data. Unstructured textual data
have been increasing rapidly in the finance industry [6].
It is generally used for auditing, customer satisfaction and
marketing purposes. Text mining utilizes various tech-
niques to process and interpret unstructured text data.
These methods transform large volumes of text to uncover
key facts, relationships, and patterns. Advances in both
statistical learning and symbolic Al have greatly enhanced
text-mining methods [45].

To help summarize our characterization and provide illustrative
examples from the literature, Table 1 presents an example of cross-
referencing the literature, focusing on the aspects of design goals
and types of big data. In Section 5, we review research focusing on
design goals, detailing six goals organized by user groups. Following
that, Section 6 reviews the types of data and methods used.

5 DESIGN GOALS

Design goals are crucial for categorizing research methods in data
visualization because they define the objectives and criteria for
evaluating various visualization techniques. These goals guide the
selection of appropriate methods throughout different phases of
model building, from pre-model building to post-model building.

5.1 Pre-model building

e DG1:Data Preprocessing Visualization Before the model
building phase, big data preprocessing visualization plays a
crucial role in preparing the data for effective and accurate
modeling. Equal-Height Treemaps[52] was introduced to
add additional visual information in a multi-variate treemap.
This method aids in visual mapping of more than two data
variables and visualizes the hierarchy and relationships be-
tween multiple variables. Dimensionality reduction is a com-
mon goal when working with big data. Manifold learning
algorithm and Laplacian Eigenmaps (LE) were employed to
extract the intrinsic manifold structure embedding in the
financial system [19]. Its goal is to decrease the dataset’s
dimensionality while maintaining its inherent structure in-
tact. This facilitates the visualization and comprehension of
relationships among various financial instruments or vari-
ables. Roemsri et al. [39] proposed a web-based application
leveraging data virtualization techniques to analyze and visu-
alize distributed denial-of-service attack data in the Internet
of Things network traffic using 3D plots. This framework
provides a comprehensive visualization of the nature and
characteristics of distributed denial-of-service (DDoS) at-
tacks in Internet of Things (IoT) networks.

e DG2:Algorithmic Transparency Visualization plays a
crucial role in enhancing algorithmic transparency in ma-
chine learning by providing clear and interpretable insights
into how models make decisions. Shahoud et al. [41] intro-
duced a new generic microservice-based framework for real-
izing the concept of meta-learning in Big Data environments.
Meta-learning supports non-expert users by recommending
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Table 1: Summary of Categorization

Papers Design Goals Types of Big Data
g

DGS5 and 6: Model Diagnosis and Interpretation
Semi-structured data - Internet mouse-tracking dat
Semi-structured data - Telematic data

Structured data - Stock market data
Structured data - Transactional data

DG3 and 4: Model Visualization and Inspection
Unstructured data - Text data

DG1: Data preprocessing visualization
DG2: Algorithmic Transparency

Category
Pang et al. [33] * *® * * *
Shi et al. [43] * * x x N
Yu et al. [53] * N x N M
Madhukar et al. [36] * * * x *
Liu et al. [26] x * x B
Leporowski et al.[25] * x * N
Cheng et al. [32] * x * x x
Demestichas et al. [11] * * x B
Chen et al.[8] * M x * M
Huang et al.[20] * * * % B
Tuarob et al.[49] x * * *
Birogul et al.[4] M x * N
Shen et al. [42] N B « «
Purnama and Usagawa[35] % x
Gao et al.[16] x x «
Raveh et al.[37] % x
Takama et al.[47] * * N
Huang[19] x x «
Leite et al.[3] M x
Macas et al. [29] * * B
Song et al.[44] x x x N
Meyer et al.[30] * * «
Roel et al. [51] * * * «
Boylan et al.[5] x «

Suh et al. [46] N x * N
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5.2

5.3

learning algorithms based on meta-features computed from
a given dataset. The proposed generic framework makes
use of a Big Data software stack, container visualization,
and a microservice architecture for a fully manageable and
highly scalable solution to provide algorithmic transparency.
This framework is useful for various applications in finance,
including economic forecasting and future loss prediction.
Furthermore, 3D bubble plots are proposed to help visualize
how neural network models work [12]. This method visu-
alizes the frequency and size of each neuron in a network
model, enabling non-technical business users to understand
it.

During model building

DG 3 and 4: Model Visualization and Inspection Dur-
ing the model-building phase, model visualization and in-
spection tools help understanding how the model behaves
concerning the input data. This includes identifying which
features are most influential and how they interact. 3D bub-
ble plots were proposed to help inspect whether a neural
network and Bayesian optimization algorithm work prop-
erly by analyzing the direction of each neuron and the steps
in Bayesian [12]. With the pervasive use of big data tech-
niques, companies increasingly rely on algorithms to select
individuals who meet certain criteria. However, this process
often involves bias. A framework named FairSight was pro-
posed to implement a visual analytics system to support the
analysis of fairness in ranking problems [2]. The machine
learning pipeline in FairSight is divided into three phases
(data, model, and outcome), and bias is measured at both
individual and group levels using various metrics for model
diagnosis purposes.

Post-model building

DG 5 and 6:Model Diagnosis and Interpretation Post-
model building, visualization plays a key role in diagnosing
and interpreting the model’s performance and behavior. Suh
et al. [46] introduced AnchorViz, an interactive visualiza-
tion tool designed for exploring semantic data and uncov-
ering concepts in machine learning. This framework helps
users identify more prediction errors for model diagnosis
purposes compared to stratified random and uncertainty
sampling methods after model building. An interactive vi-
sualisation tool called EMILE-UI [23] was applied for users
to evaluate the provided explanations of an image-based
classification task, specifically those provided by saliency
maps. This tool visualizes the relationship between the ma-
chine learning model and its explanation of input images,
making it easier to interpret saliency maps and understand
how the model makes predictions. Tian et al. [48] proposed
the use of machine learning algorithms to analyze and visu-
alize risk indicators in enterprises, aiming to predict their
likelihood of fraud. Specifically, K-Nearest Neighbors (KNN)
and Density-Based Spatial Clustering of Applications with
Noise (DBSCAN) algorithms were utilized to visualize dis-
tinct predictions for various risk types.
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6 TYPES OF BIG DATA

The types of big data are important to the review and categorization
of research methods for data visualization because different types
of data have distinct characteristics and requirements.Currently, fi-
nancial institutions recognize four major types of big data, namely
Stock market data, Transactional data, Internet mouse-tracking
data, and Telematic data. By understanding these categories, re-
searchers can effectively choose and classify visualization methods
tailored to address the distinct challenges and capitalize on the
opportunities associated with each data type.

6.1 Structured data - Stock Market data

Stock market data is a prime example of structured big data in
finance. Major stock exchanges like NYSE, NASDAQ, and others
provide extensive structured data on stock prices, trading volumes,
and other financial metrics. Visualization helps with transforming
complex data into accessible, interpretable, and actionable insights.
Pang et al.[33] compared the accuracy of two neural network model
predicting stock market, including long short-term memory (LSTM)
with automatic encoder and embedded layer. 3D charts are used to
illustrate the pattern of stock vector as input data of deep learning
models. A visual system, with an interface combining stock price
charts, impacted texts and dense chart interpreting the relation-
ships with keywords, can provide more transparency to users to
understand stock prediction from neural network models that using
texts such as news and social media information[43]. Leporowski
et al.[25] proposed an innovation visualisation method to present
time-series stock data in one two-dimension chart to be easily used
to compare various deep learning models.

Combining multiple sources of information is another area that
receives great attention in visualization. Cheng et al.[32] combined
both social media information and stock market information into
neural network model to predict stock market and use bar and line
charts to present the trend and insights to users in an interface.
Chen et al.[8] propose a method to convert time-series data into 2D
images which used to train convolutional neural networks (CNNs)
for stock market prediction, which is using visual to support deep
learning modelling. The paper [49] proposed DAVIS, an interactive
web application for capturing dynamic stock market trends with a
unified solution for real-time data collection, analysis, and visualiza-
tion using line charts and word clouds for timely decision-making.
Birogul et al.[4] proposed a methodology YOLO to predict stock
market purely by utilizing the timeseries 2D Candlestick charts to
assist to make decisions of buy or sell.

6.2 Structured data - Transactional data

Transactions, as geo-referenced movements of money, can be vi-
sualized as origin—destination (OD) flow maps [3]. The analysis
of financial transactions can be an overwhelming task for bank
and fraud analysts [29]. By combining computational strategies
with visual cognitive intelligence, visual analytics can facilitate the
analysis of transactional data and enhance the representation of
transactions over time [29]. Madhukar et al.[36] present a deep
learning algorithm that combines dimensionality reduction with
an RNN classifier to detect credit card fraud. Scatter plot is used to
show fraud data by various pre-process methodologies. Macas et
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al.[29] propose a visualization tool that aims to ease the analysis
of banking transactions over time and the detection of the trans-
actions’ topology and of suspicious behavior. Several innovated
graphs are designed specifically for interpreting banking transac-
tions data, such as combination of bar chart and scatter plot, icon
circled matrix projection and force directed graph.

Furthermore, a temporal graph neural network approach [44]
was proposed to investigate individual fairness on dynamic graphs
for the loan approval task on Transaction Networks. Yu et al.[53]
present a long short-term memory model to identify credit card
fraud and compared various model results. A dense graph by blue
and red colors was used to represent the transaction input data by
fraud or not. Deep learning model with a comprehensive flow chart
is presented to predict and reduce the risk of overdue payments from
repayment transactions[26]. Demestichas et al.[11] combined finan-
cial transactional data and other available data sources to build a
system to detect abnormal and fraud activities from crime mornitor-
ing perspective. The tool introduce a visualisation and interaction
module, including a knowledge graph to assist users to understand
the correlations. Huang et al.[20] propose a K-means clustering
method to improve financial fraud detection from transaction data
where 3D graph is used to interpret the clustering detection result.

6.3 Semi-structured data - Internet
mouse-tracking data

Internet mouse-tracking data refers to the collection and analysis
of users’ mouse movements and clicks as they navigate a website or
online application. The geometrical data generated by mouse track-
ing are extremely large, and qualify as big data [35]. As technology
advances, more people are performing activities online, ranging
from shopping to banking. Internet mouse-tracking data presents
great potential for businesses by providing valuable insights into
user behavior and preferences. By analyzing this data, businesses
can enhance user experience, optimize website design, and tailor
their services to better meet customer needs. The techniques of
mouse tracking are divided into three types, namely default mouse
tracking, whole page tracking, and Region of Interest tracking [35].
Default mouse tracking data can precisely visualize exact points
of user interaction. The visualization of mouse tracking data can
be achieved through a heatmap, which is based on the duration
the mouse cursor stays at each point [35]. Mouse tracking is an
important source of data in cognitive science [30]. Singular Value
Decomposition (SVD) and Detrended Fluctuation Analysis (DFA)
were utilized to study unconstrained mouse tracking data, aiming to
predict and visualize user behavior[30]. Through the visualization
and experimentation with a simple online game, they discovered
that the time series of mouse movements reveals systematic dif-
ferences between accurate and non-accurate players. This finding
confirms the presence of high-level information in mouse trace
data.

6.4 Semi-structured data - Telematic Data

When discussing big data in fleet management for financial insti-
tutes, telematics is the first topic that comes to mind. Telematics
technology involves collecting, storing, and transmitting informa-
tion between end users and vehicles through telecommunication

Alice Xiaodan Dong, Weidong Huang, and Jitong Wang

devices. These potentially high dimensional telematics data, force
pricing actuaries to change their current practice [51]. The appli-
cation of big data in telematics enhances the utility of this data,
providing deeper insights and more valuable use cases. Machine
learning is the dominant method for analysis and visualization of in-
vehicle telematics data [5]. Gao et al. [16] proposed two data-driven
neural network approaches that process telematics car driving data
to complement classical actuarial pricing with a driving behavior
risk factor from telematics data. The individual telematics car driv-
ing data was compressed into a speed-acceleration (v-a) heatmap to
visualize each driver’s riskiness [16]. These v-a heatmaps illustrate
how drivers accelerate and brake at different speeds. Specifically,
a densely connected feed-forward neural network and a convolu-
tional neural network were built to extract driver risk information
from telematics car driving data, represented by v-a heatmaps.

6.5 Unstructured data - Text data

People worldwide are increasingly facing vast amounts of unstruc-
tured Big Data, predominantly in textual format. In many cases,
people, such as evaluators and auditors, don’t know what they are
looking for in financial and text reports. An automated big data
science technique based on text mining, machine learning, and data
visualization was developed to help researchers and evaluation
practitioners reveal trends, trajectories, and interrelations within
textual information to support their evaluations [37]. The proposed
system automatically extracts extensive descriptive terminology
for a specific domain, identifies semantic connections between doc-
uments, visualizes the entire document repository as a graph of
semantic connections, and directs the user to areas where the most
interesting trends can be observed [37]. It has been shown that
texts such as financial news and tweets on stock markets are useful
in predicting stock price movements [43].

Furthermore, DeepClue [43], a visual interpretation system. was
built to bridge text-based deep learning models and end users by
visually interpreting the key factors learned in the stock price pre-
diction model. This system aims to interpret stock price predictions
and enhance investment decisions in the stock market. Takama et
al. [47] proposed a Treemap-based visualization for supporting clus-
ter analysis of multi-dimensional data. The visualization method
applies Fuzzy c-Means to target data and visualizes the result based
on the highest and the second-highest membership values with
Treemap. A prototype interface is implemented and its effective-
ness is investigated through a user experiment on a news articles
dataset.

7 RESEARCH OPPORTUNITIES

Although the hybrid fields of financial big data, visual analytics, and
machine learning have achieved promising results in both academia
and real-world applications, several long-term research challenges
remain. In this paper, we categories these methods and explore
potential research opportunities in this area. While great progress
has been made in leveraging machine learning visualization for
structured and unstructured data, There has been relatively little
focus on leveraging machine learning to visualize semi-structured
data across all three modeling stages in the financial domain. This
highlights a potential area for future research.
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While many existing studies in this field primarily focus on
prediction methodologies [50] and utilize visualization to aid ma-
chine learning for prediction, there is comparatively less empha-
sis on employing machine learning to facilitate visualization for
semi-structured financial data. The two most recent popular semi-
structured data types in finanical institutes, internet mouse tracking
and telematics data, contain a wealth of information. For example,
telematics data encompasses speed, acceleration, and spatial infor-
mation such as geographic coordinates. Utilizing machine learning
visualization can render this complex data more intuitive and ac-
cessible, aiding both understanding and risk management efforts
in financial institutions. Integrating visualization of telematics data
from a machine-learning perspective offers great advantages for
banks and insurance companies. It enables better classification of
customer risk, enhances driving safety, and contributes to the de-
velopment of self-driving vehicles. In summary, exploring machine
learning techniques for visualizing semi-structured financial data
represents a great area of research opportunity.

Furthermore, there is comparatively less attention given to visu-
alization techniques that explore the fusion of structured and un-
structured components within semi-structured data in the financial
domain. Integrating and combining various data types within semi-
structured big data could enhance the performance and outcomes
of machine learning visualization models or systems. For example,
by combining unstructured elements of telematics data, such as
video and images, with structured elements like vehicle metrics and
driver information, organizations can gain a comprehensive under-
standing of the risks involved. This integrated approach enables
more accurate risk prediction and allows for proactive measures to
mitigate potential hazards.

8 CONCLUSION

This paper selectively reviews recent progress and developments
in financial big data visual analytics from a machine learning per-
spective. The techniques are classified based on two elements: the
analytical stage and the types of big data. The analytical stage
categorizes methods into three groups: pre-model building, during-
model building, and post-model building. The types of big data also
influence the methodology. We review three main types of big data,
namely structured, semi-structured, and unstructured, and identify
the popular data types in each category in today’s society. Each cat-
egory is detailed with a set of representative works. By selectively
analyzing existing financial big data visual analytics research from
a machine learning perspective, we suggest two areas for future
research. These include enhancing machine learning visualization
for semi-structured data and introducing fusions between the struc-
tured and unstructured elements within semi-structured data to
improve overall model performance and outcomes. We hope this
survey will be useful for researchers in this area.
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