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FINANCIAL TRADING TECHNOLOGICAL
ADVANCEMENTS: SYSTEMATIC REVIEW

Introduction. Transformations have drastically reshaped the landscape of financial markets, making it necessary
to reassess current knowledge and future trends of financial trading technologies (FTT).

Problem Statement. The use of a variety of FTT requires to structure them depending on the level of machine
technology and the level of trading strategy.

Purpose. To investigate the technological advancements in financial trading to assess the quality of scientific
research and outline promising areas for further development.

Materials and Methods. By following the PRISMA 2020 standard, this systematic review covers 130 research
articles (for 2013—2023) on FTT, focusing on technologies used. An innovative Four-Quadrant Theory was used
to analyze the synergy between machine technology and trading strategy, which is based on 2 dimensions’ total of
8 factors.

Results. Key financial technologies include algorithmic trading, machine learning, and deep learning, each
with unique traits: speed, automation, adaptability, and complex pattern recognition. These technologies have
improved market efficiency, risk management, and personalized trading strategies. The Four-Quadrant Theory
offers a structured approach to understanding the interaction between machine technology and trading strategies
and divides interactions into four quadrants.

Conclusions. The transformative impact of technological advancements in financial trading is evident. The main
technologies have substantially improved market liquidity, trading efficiency, and risk management practices. The
Four-Quadrant Theory lets to suggests that further exploration could lead to more intelligent, diversified trading
systems, with data-driven decision-making and artificial intelligence playing pivotal roles. The importance of hyb-
rid technology, scientific assessment of performance and the cutting-edge development of autonomous intelligent
trading systems for the further study of financial trading technology were underscored.
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Financial trading, as a domain that has garnered
considerable scholarly interest, has experienced
substantial technological progress over the years.
The integration of cutting-edge technologies into
the realm of financial trading has not only revolu-
tionized market structures and operations but
has also posed new challenges and opportunities
for market participants, regulators, and acade-
mics alike. The intricate interplay between tech-
nology and financial trading is evident in the rise
of algorithmic trading, where complex mathema-
tical models and computational algorithms exe-
cute trades with unprecedented speed and preci-
sion. These advancements have not only altered
trading strategies but have also ushered in an era
of high-frequency trading, characterized by rapid
order execution and vast volumes of transactions.
Furthermore, the integration of artificial intelli-
gence and machine learning techniques has empo-
wered traders with predictive analytics and adap-
tive decision-making capabilities.

As technological innovations increasingly sha-
pe the ways of trading activities, an in-depth ana-
lysis of these advancements becomes imperative
for scholars, practitioners, and policymakers. To
comprehensively study modern financial trading
technology applications, in this paper, we aim to
conduct systematic research on the topic of finan-
cial trading technology development through a
systematic review. By synthesizing and critically
evaluating existing research, this study aims to
provide a comprehensive understanding of the
transformative impact of technology on financial
markets, elucidating the key trends, implications,
and areas for future exploration.

In the era preceding the technological revolu-
tion (Traditional Trading Methods (Pre-2000)),
the financial markets were dominated by tradi-
tional trading methods grounded in fundamental
and technical analysis. Fundamental analysis [1],
which assesses the intrinsic value of securities,
drew from the seminal work of Graham and Dodd
(1934), who established a systematic approach to
evaluating stocks [1]. Similarly, Buffett (1958)
expanded on these principles, applying value in-
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vesting techniques to market operations [2]. On
the technical side, pioneers like Edwards and
Magee (1948) introduced methods to predict fu-
ture market movements based on historical price
patterns [3]. These practices largely relied on ma-
nual chart reviews and the expertise of traders
to identify potential trading opportunities. Fur-
ther contributions by Murphy (1986), who con-
solidated various technical indicators and char-
ting tools into a comprehensive guide [4], pro-
vided traders with an enhanced toolkit for
market analysis.

The inception of the 21st century heralded a
revolution in financial trading with the introduc-
tion of algorithmic trading systems (The Advent
of Algorithmic Trading (Post-2000)). Rule-based
algorithmic trading became prominent, where
trades were executed via algorithms defined by
human-programmed rules [5]. These systems we-
re designed to follow strategies based on tradi-
tional methodologies, quantitative models, or be-
spoke strategies crafted by seasoned traders. The
work of Aldridge (2009) illustrates the efficiency
and speed of these automated systems, signifi-
cantly outperforming manual trading methods
[6]. The transition was further underscored by
the adaptation of mathematical models in finance,
such as the Black-Scholes model for option pri-
cing, which found new applications in creating
rule-based trading strategies [7]. The advent of
electronic trading platforms further facilitated
the widespread adoption of algorithmic trading,
as noted by Harris (2003), who discussed the
market infrastructure changes that underpinned
this shift [8].

The integration of machine learning (ML) into
financial trading has revolutionized the field, provi-
ding systems capable of digesting vast amounts of
data to make informed trading decisions. The ca-
tegorization of ML into supervised [9], unsuper-
vised [10], and reinforcement learning [11] has
been a pivotal development. Supervised learning
models, like Support Vector Regression (SVR),
have been utilized for price prediction, with stu-
dies by Kim (2003) demonstrating their effective-
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ness [12]. Random Forest (RF), an ensemble le-
arning method, was shown by Liaw and Wiener
(2002) to be particularly useful for its robustness
and ability to handle non-linearity in financial
data [13].

The application of neural networks, such as
Long Short-Term Memory (LSTM) networks, has
been significant in dealing with the temporal sequ-
ences in financial time series. Works by Hochrei-
ter and Schmidhuber (1997) introduced LSTMs,
which have since been adapted for financial fore-
casting [14]. The versatility of neural networks
in finance is further evidenced by the use of Fully
Connected Neural Networks (FNNs) for pattern
recognition and Convolutional Neural Networks
(CNN5s) for feature extraction from complex data
structures, as illustrated in the research by O’Shea
and Nash (2015) [15]. Recurrent Neural Networks
(RNNs) by Rumelhart et al. (1986) have laid the
groundwork for utilizing sequential data within
trading algorithms, proving influential in the de-
sign of dynamic systems capable of learning from
time-series data [16]. The advent of reinforcement
learning (RL) and Deep Reinforcement Learning
(DRL), particularly in the context of making de-
cisions based on large volumes of data, has been
detailed by Mnih et al. (2015), showcasing how
DRL can tackle the challenges of financial tra-
ding environments [17].

AIMS AND OBIJECTIVES

The overarching aim of this systematic review is
to comprehensively investigate and synthesize the
existing body of literature on technological ad-
vancements in financial trading. In pursuit of this
aim and to guide the systematic exploration of
the multifaceted relationship between technolo-
gy and financial trading strategy, the specific ob-
jectives are as follows:

1. Trace the evolution of technological advan-
cements in financial trading;

2. Assess the quality of existing research;

3. Identify Research Gaps and Propose Futu-
re Directions.
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For achieving these tasks, the PRISMA 2020
standard, and an innovative Four-Quadrant Theo-
ry were used.

1. PRISMA 2020 STANDARD
FOR SYSTEMATIC SCOPING REVIEW

A scoping review is a type of knowledge synthesis
that uses a systematic and iterative approach to
identify and synthesize an existing or emerging
body of literature on a given topic [18]. It is use-
ful to map the literature on evolving or emerging
topics and to identify gaps [19]. The primary ob-
jective of this systematic review is to comprehen-
sively analyze and synthesize scientific publica-
tions related to technology development in finan-
cial trading (FT) within the context of financial
markets. To ensure a rigorous and scientifically va-
lid approach, we adopted the PRISMA 2020 stan-
dard for conducting the systematic literature re-
view (SLR) [9]. PRISMA is widely recognized for
providing evidence-based guidelines to enhance
the reporting and quality of systematic reviews.
The review process comprises a 27-item checklist
and a four-phase flow process that includes the fol-
lowing stages [20]: Identification, Screening, Eli-
gibility and Inclusion.

Systematic reviews go beyond traditional li-
terature reviews to encompass systematic, struc-
tured, and explicitly described steps of gather-
ing and analyzing relevant existing knowledge
[21—23]. To scientifically design the systematic
review, the specific steps we have taken are as
follows:

Step 1: Identifying the research question.

Defining the scientific range of the research
question is a vital first step. A too-broad range
will dramatically increase the number of papers
for consideration, and a too-narrow range may
compromise the breadth and depth of the review
research.

Step 2: Identifying relevant studies.

Build the search strategy — keywords, Sub-
ject Headings, databases — and further refine the
strategy based on the papers found.
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Step 3: Selecting Studies to Be Included in
the Review.

Define the inclusion and exclusion criteria, and
finally determine the target studies. The actual
screening of papers should consist of reading not
only the title of the paper, but the abstract as
well. If an abstract is not available, a full-text re-
view of the paper is required.

Step 4: Charting the Data.

Develops the data extraction form based on
the review articles database. The main cate-
gories of information will be listed, which are
author, source, year, citations, research object
and main results. These categories are vital for
financial trading technology study and are usu-
ally popularly applied in scientific scoping re-
view research [24, 25]. In addition, some tech-
nological categories are also considered in this
systematic review.

Step 5: Collating, Summarizing, and Repor-
ting the Results.

Once the data have been extracted from all
papers, numerical and thematic analyses are con-
ducted. The findings from the numerical analysis
will be presented in a table to showcase the most
salient aspects of the review.

To capture a comprehensive range of studies
related to financial trading technology, we con-
ducted an extensive search across the reputable

Table 1. Inclusion and Exclusion Criteria

academic database: Scopus (Version 2023,/08) [26].
We utilized relevant keywords commonly asso-
ciated with technological advancements in finan-
cial trading, such as ‘algorithm’, ‘model’, ‘predic-
tion” and ‘forecasting’. These carefully chosen key-
words allowed us to focus exclusively on studies
directly related to financial trading technology,
avoiding unrelated topics. The initial search co-
des we set according to the topic relevance are as
follows [26]:

TITLE-ABS ( financial AND market AND tra-
ding AND ( algorithm OR model OR prediction
OR forecasting) ) AND PUBYEAR > 2012 AND
PUBYEAR < 2024 AND ( LIMIT-TO ( SRC-
TYPE, “p” ) OR LIMIT-TO ( SRCTYPE, %" ) )
AND ( LIMIT-TO ( OA, “all” ) ) AND ( LIMIT-
TO (DOCTYPE, “ar”)) AND ( LIMIT-TO
( LANGUAGE , “English” ) ) AND ( LIMIT-TO
( PUBSTAGE , “final” ) )

At the same time, to ensure the effective inc-
lusion and exclusion of relevant studies within the
review, and further promote transparency and ac-
curacy in the findings, we established specific inc-
lusion criteria (IC) to guide the selection of stu-
dies, which are detailed as follows:

IC1: Availability Online: This review consi-
dered only sources that were digitally available
online, excluding works that were not published
electronically.

Inclusion criteria

Exclusion criteria

Publications during 2013—2023 (August) (IC5)
Publications in English (IC2)

Publications as Journal articles (IC4)
Publications in non-predatory journals (IC6)

Publications available online (IC1)
sertations (1C3)

les, keywords, abstracts (Not an IC)

Publications before 2013 (IC5)

Publications not in English

Non-peer-reviewed publications, e.g., preprint and dissertations
Publications in predatory journals

Publications unavailable online

Empirical research output except for preprints and dis- | Non-empirical research outputs, e.g., conceptual papers

‘Trading’ searching outputs, e.g., exemplified in their tit- | Non-‘Trading’ searching outputs

Source: generalization by the authors.
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IC2: Language of Publication: The inclusion
was limited to studies published in English, as the
research team was proficient in this language.

IC3: Original Empirical Research: To ensure
the reliability of findings, only studies based on
original empirical research, including qualitative
and quantitative approaches, were considered for
inclusion.

IC4: Peer-Reviewed Publications: The review
focused solely on peer-reviewed publications —
journal articles while excluding dissertations and
preprint papers.

IC5: Time Frame: The search was confined to
articles published between 2013 and 2023 (befo-
re August) to capture the period coinciding with
the widespread adoption and growth of algorith-
mic trading and financial artificial intelligence
technology.

IC6: Quality Criteria: In adherence to scien-
tific rigor, quality criteria were applied to exclude
studies published in predatory journals, ensuring
the credibility and validity of the selected sources.

The exclusion criteria are basically the coun-
ter side of the inclusion criteria. To intuitively pre-
sent all the criteria, all our inclusion and exclu-
sion criteria are shown in Table 1.

2. THE COORDINATE SYSTEM
AND FOUR-QUADRANT THEORY
OF MODERN FINANCIAL
TRADING TECHNOLOGY

The financial landscape has been continually re-
shaped by technological advancements, propel-
ling trading strategies to new levels of sophistica-
tion. As algorithmic trading, artificial intelligence,
and machine learning have gained prominence, it
has become evident that a comprehensive frame-
work is necessary to understand the dynamic in-
terplay between technology and trading strategy.

To conduct in-depth research on the progress
of financial trading technology, we raise two im-
portant non-performance characteristics in empi-
rical research on financial trading, namely: Ma-
chine technology and Trading Strategy. Machine
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technology represents the advanced level and
complexity of machine technology in financial tra-
ding technology. Trading Strategy represents the
advanced level and complexity of trading strate-
gies in financial trading technology.

To fulfill this methodology, during the review
study process, we evaluated the level of Machine
technology and Trading Strategy for each empiri-
cal study of more than 100 articles in the databa-
se and manually assigned a score from 1 to 4.

The score of Machine technology level is cal-
culated based on the following factors:

1. Technology type (for example DL, RL, DRL,
and other models), advancement, and innovation;

2. Model automation and self-upgrading pro-
cess;

3. Algorithm complexity (computing power
required);

4. Others (advanced models and theories from
other academic fields).

Here, we rate the traditional econometrical
models and algorithm trading technologies rate
at 2 points (such as ARIMA, technical indicators,
and Monte-Carlo simulation) and rate the advan-
ced 2-point models and classic models of ML and
DL (SVM, RE CNN, DNN, RNN) at 3 points. The
improved ML/DL models and new models (such
as RL, DRL, and advanced models from other sub-
jects) are rated 4 points.

The score of the Trading Strategy level is cal-
culated based on the following factors:

1. Type, advancement and innovation of stra-
tegies;

2. Financial factors considered in the strategy;

3. Multi-environment adaptability of strategies;

4. Others (introduction of theories in non-fi-
nancial fields).

Here, we score 2 points for trading strategies
that use model prediction as the main means to
make profits, and 3 points for automated trading
strategies and portfolio strategies that are execu-
ted as a whole. We rated the more advanced, with
higher adaptability to multiple situations, and
considered more dimensional parameters as 4 po-
ints. In addition, it should be noted that both
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Machine technology level and Machine techno-
logy level have no direct relationship with trading
performance in empirical research on financial
trading, and only reflect the technological level of
financial trading.

Then we counted all the scores of 130 acade-
mic articles on Machine technology and Trading
Strategy under the coordinate system of Fig. 1
and obtained four quadrants with different char-
acteristics: Quadrant I: high machine technology
level, high trading strategy level. Quadrant II: low
machine technology level, high trading strategy
level Quadrant I11: Low machine technology level,
Low trading strategy level and Quadrant I'V: high
machine technology level, low trading strategy
level. Under this system, each quadrant represents
a unique intersection of these two crucial dimen-
sions. Each represents a unique type of financial
trading technology.

In subsequent research, we evaluated and sum-
marized the financial trading technology in the
selected articles, and in-depth summarized the
characteristics and main performance of the four-
quadrant financial trading technology. The Coor-
dinate System and Four-Quadrant Theory of Mo-
dern Financial Trading Technology is a conceptual
framework that seeks to provide a comprehensive
understanding of the complex interplay between
machine technology and trading strategies in the
financial trading area.

Using of the abovementioned methods let us
to get the following results.

1. Articles Review. By following the PRISMA
2020 standard, the initial search yielded 2,351 po-
tentially relevant articles published between 2013
and 2023 (before August) and underwent further
screening based on the relevance of their titles
and abstracts. Subsequently, 522 articles were ini-
tially considered for eligibility after a rigorous exa-
mination of the updated search codes. Codes are
as follows [26]:

TITLE-ABS ( financial AND market AND tra-
ding AND ( algorithm OR model OR prediction
OR forecasting AND NOT effect AND NOT phe-
nomenon AND NOT carbon AND NOT beha-
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4 High Trading Strategy

4
3
Low High "
Machine Machine
Technology ¢ Technology
1 2 3 4
Low Trading Strategy

Fig. 1. The coordinate system and four-quadrant of modern
financial trading technology

Source: generalization by the authors.

vior ) ) AND PUBYEAR >2012 AND PUBYEAR
<2024 AND ( LIMIT-TO ( SRCTYPE, “p” ) OR
LIMIT-TO ( SRCTYPE, ")) AND ( LIMIT-
TO (OA, “all” ) ) AND ( LIMIT-TO ( DOCTY-
PE, “ar”)) AND ( LIMIT-TO ( LANGUAGE,
“English” ) ) AND ( LIMIT-TO ( PUBSTAGE,
“final” ) )

To ensure methodological integrity, the full
texts of these 522 articles were thoroughly asses-
sed for relevance, resulting in 130 articles (An-
nex 1) that met the inclusion criteria and were
ultimately selected for the final review. As a re-
sult, by adhering to the PRISM A model, this sys-
tematic review guarantees a robust and unbiased
analysis of technological advancements in finan-
cial trading. The 130 selected articles provide va-
luable insights into algorithmic trading, financial
artificial intelligence, and other emerging tech-
nologies that have significantly impacted finan-
cial markets over the years.

Figure 2 shows the publication year distribu-
tion of the 130 selected articles. There is an ob-
vious fluctuating increase trend in the publica-
tion number from 2013 to 2022. The reason is due
to the widespread adoption and rapid growth of
algorithmic trading technology and financial arti-
ficial intelligence from 2013 to 2022. Whereas, the
publication amount has a sharp decrease in 2020.
The reason may be caused by the global shock of
COVID-19 in the scientific research field. Figure 2
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also shows the huge scientific research potential
of financial trading science publishing, and this
topic may remain long-term scientific popularity
in the future.

Then, Fig. 3 shows the main publication co-
untry/territory of the 130 selected articles. China
is in the first rank in this chart, which has a total of
55 publications between 2013 and 2023 (inclu-
ding Taiwan and Mainland China). This is closely
related to the rapid development of the Chinese
financial trading market in the past decade, a large
number of Chinese scholars have poured into the
field of financial trading technology research. Be-
sides, the UK and the USA also have over 10 pub-
lications between 2013 and 2023 respectively.

Furthermore, Fig. 4 shows the main subject
area of the 130 selected articles, which is mostly ac-
cording to their scientific publisher and academic
classification. We can see the high percentages of
Computer Science, Engineering, Mathematics,
Economics/Econometrics/Finance, Business/Ma-
nagement/Accounting, Material Science and Phy-
sics. This shows that financial trading technology
is a highly interdisciplinary research topic. The
integration of multiple disciplines at the same ti-
me also provides a steady stream of research out-
put for financial trading research.

In order to further fully understand the cha-
racteristics of the selected 130 research articles,
Annex 1 shows the main categories of informa-
tion, which are author, source, year, citations,
technology applied, benchmark technology and
main results. As a systematic review of technolo-
gy, we applied two technological factors as cate-
gories: technology applied and benchmark tech-
nology. Technology applied refers to the types of
the main financial trading technology applied
during the research, which includes both finan-
cial trading strategies and machine learning mo-
dels. Benchmark technology refers to the compa-
red financial trading technology during the em-
pirical financial trading application research as a
benchmark of trading performance. Benchmark
technology can be not only basic financial trading
strategies like buy & hold strategy, but also other
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machine learning models which are compared un-
der the same trading strategy.

The result of this systematic review shows fi-
nancial markets have undergone significant trans-
formations over the last decade with the help of
rapid advancements in computer science and ma-
chine learning. Algorithmic trading, machine le-
arning, and deep learning have emerged as key
technologies driving innovation in financial tra-
ding strategies and financial market efficiency. By
studying the selected 130 scientific articles, we
summarized the traits and financial effects of each
financial trading technology in detail. There are:

1. Algorithmic Trading:

Algorithmic trading involves the use of com-
puter algorithms to execute trading orders with
high speed and accuracy. Key traits of algorith-
mic trading include:

Speed: Algorithms execute trades at millise-
cond speeds, capitalizing on market inefficiencies.

Automation: Reduces human intervention,
minimizing emotional biases and enhancing
consistency.

Scalability: Algorithms can handle large volu-
mes of trades simultaneously.

With financial effects improvements:

Efficiency: Algorithmic trading has led to inc-
reased market liquidity and price efficiency.

Arbitrage Opportunities: Algorithms exploit
price discrepancies across markets, leading to mo-
re efficient price convergence.

Reduced Impact: Algorithms execute trades
with minimal market impact, reducing transac-
tion costs.

2. Machine Learning:

Machine learning involves the development
of models that can learn from data and improve
their performance over time. Traits of machine
learning in finance include:

Prediction: Models analyze historical data to
predict future price movements or market trends.

Adaptability: Machine learning models can
adapt to changing market conditions.

Feature Extraction: Algorithms automatically
extract relevant features from complex datasets.

ISSN 2409-9066. Sci. innov. 2025. 21(3)

With financial effects improvements:

Enhanced Predictions: Machine learning mo-
dels improve trading strategies by providing mo-
re accurate predictions.

Risk Management: Models assess portfolio
risks and recommend optimal risk management
strategies.

Personalization: Machine learning tailors
investment strategies to individual investor
preferences.

3. Deep Learning:

Deep learning is a subset of machine learning
that utilizes artificial neural networks to model
complex patterns. Key traits include:

Complex Patterns: Deep learning models can
capture intricate non-linear relationships in data.

Unsupervised Learning: Deep learning can per-
form unsupervised tasks like anomaly detection.

With financial effects improvements:

Pattern Recognition: Deep learning identifies
subtle patterns that may be imperceptible to tra-
ditional methods.

Automated Feature Learning: Deep learn-
ing automatically learns relevant features from
raw data, reducing the need for manual feature
engineering.

Risk Assessment: Deep learning models assist
in risk assessment by detecting anomalies in tra-
ding behavior.

In addition, during the systematic review re-
search, we found several prominent themes and key
findings, contributing to a deeper understanding of
the evolving field of financial trading technology:

1. Innovations: We focus on the significant
advancements in algorithmic trading strategies
and machine learning technology. The articles show
the researchers explored various machine lear-
ning techniques, neural networks, deep learning
models, and reinforcement learning algorithms,
demonstrating their application in financial tra-
ding to enhance efficiency and accuracy. At the
same time, Financial trading technology innova-
tion has the following characteristics:
¢ Financial trading technology innovation is

closely integrated with the development of I'T
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technology. From algorithmic trading to Al

trading, financial transaction technology in-

novation can apply IT technology in a short
period of time.

+ In the recent decade, the speed of financial
trading technology innovation has also acce-
lerated. The reason is highly related to the
development speed of ML algorithms has be-
come faster, which is reflected in the new ML
algorithm theory and the substantial increase
in computer computing power.

¢ New technological innovations do not occupy
a dominant position in the financial market,
and traditional transaction analysis methods
are still active in the market.

2. Predictive Analytics and Forecasting: Ma-
ny studies focused on the integration of predicti-
ve analytics and forecasting methods in financial
trading. By leveraging sophisticated algorithms,
traders were able to make data-driven predic-
tions, analyze market trends, and anticipate price
movements, thereby gaining a competitive edge
in the financial markets.

3. Risk Management and Mitigation: Finan-
cial trading technology has revolutionized risk
management practices, with the help of advanced
risk assessment models and real-time monitoring
systems that have been employed to mitigate po-
tential financial risks and ensure robust risk ma-
nagement protocols. Furthermore, the enhance-
ment of the complexity-handling ability of ma-
chine learning modes enables the recognition of
intricate market patterns and behaviors.

4. Automated Trading Systems: The system-
atic review shows the prevalence and impact of
automated trading systems. These systems exe-
cute trades based on predefined algorithms, mini-
mizing human intervention and responding rapid-
ly to market changes, thus increasing the speed
and efficiency of trading.

5. Big Data and Market Analysis: Resear-
chers explored the role of big data in financial
trading and its effect on market analysis. This
review demonstrates how vast amounts of data
are processed and analyzed to gain insights into
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market behavior and identify profitable trading
opportunities.

2. The Coordinate System Four-Quadrant of Mo-
dern Financial Trading Technology. During the sys-
tematic review study, we scored all the articles
based on the scoring basis of machine technology
and trading strategy. Figure 5 shows the number of
papers for each score of machine technology and
trading strategy. Because of the high level and ad-
vanced nature of the selected article database, nei-
ther machine technology nor trading strategy has
a score of 1. Regarding the scores of machine tech-
nology, 33 articles scored 2 points, 46 articles sco-
red 3 points, and 51 articles scored 4 points. On the
other hand, the scores of trading strategy were
78 articles with a score of 2, 37 articles with a score
of 3, and 15 articles with a score of 4. There are a lot
of articles with a score of 2 for trading strategy and
a score of 3—4 for machine technology, accounting
for nearly half of all articles. At the same time, the
different number of articles and numerical distri-
bution in the matrix intuitively reflect the techni-
cal level and scientific research quality of finan-
cial transaction research to a certain extent.

After analyzing and summarizing the financial
trading technology in the selected articles, we
built the Coordinate System and a Four-Quad-
rant of financial trading technology development
which maps machine technology on the abscissa
axis and trading strategy on the ordinate axis.
And delineates four distinct quadrants, each re-
presenting a unique intersection of these two cru-
cial dimensions. Figure 6 shows the Four-Quad-
rant theory divides the technology-trading stra-
tegy space into four distinct quadrants.

The framework of the Four-Quadrant theory
is as follows:

1. Quadrant I: Autonomous intelligent tra-
ding (high machine technology level, high trading
strategy level).

This quadrant represents the future develop-
ment trend of financial trading technology. The
autonomous intelligent trading system has po-
werful machine learning and deep learning capa-
bilities, and can independently formulate comp-
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lex trading strategies, adapt to market changes
and continuously optimize strategies.

Autonomous intelligent trading, as the tra-
ding method with the highest level of technology
and strategy in the Four-Quadrant theory, its re-
searches and applications usually have the hi-
ghest difficulties and complexity. As an example,
a study in our article database (No. 67 from An-
nex 1) has introduced a novel decision support
system for automated stock trading based on
deep reinforcement learning that observes both
past and future trends of stock prices whether
single and multi-step ahead as an observing state
to make the optimal trading decisions of buying,
selling, and holding the stocks [27].

2. Quadrant II: Intelligent assisted trading
(low machine technology level, high trading stra-
tegy level).

In this quadrant, artificial intelligence is used
to assist human trading decisions. Through the
analysis of large amounts of historical data, Al
can provide insights and recommendations, but
trading strategies are still dominated by traders.
The researchers of Intelligent assisted trading are
usually financial research and application experts
in the field, and often use advanced financial
quantitative trading strategies in their research.

3. Quadrant III: Traditional modern trading
(Low machine technology level, Low trading stra-
tegy level).

In this quadrant, trading also takes use of the
advantages of machine learning technology. Tra-
ders make decisions based on their experience and
market insight, and the application of technology
is relatively limited. Methods such as traditional
stock and futures trading dominate this quadrant.

Traditional modern trading on the one hand
includes fundamental analysis and technical ana-
lysis, and on the other hand, it also includes the
application of primary machine learning tools,
such as regression models, time series analysis, etc.
Algorithmic trading has grown rapidly inspired
by the help of these tools. Whereas, now this type
of new research has also declined, and at the tech-
nological level Traditional modern trading re-
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Fig. 6. Four-quadrant of modern financial trading technology

Source: created by the authors.

search is gradually being replaced by a large num-
ber of Mechanical trading research institutes.

4. Quadrant IV: Mechanical trading (high ma-
chine technology level, low trading strategy level).

Mechanical trading uses preset rules and al-
gorithms to automatically execute transactions,
reducing the interference of human factors. This
trading method emphasizes technical analysis and
the use of market signals, but the trading strategy
is relatively simple and cannot fully cope with the
complexity of the market.

Mechanical trading usually relies on forecas-
ting and executing simple financial trading sche-
mes. In our article database, more than half of the
research types are more biased toward Mechanical
trading, and they rely on simple forecasting stra-
tegies to make financial trading through advanced
ML/AT applications. As an interdisciplinary tech-
nology, financial transaction technology has re-
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ceived contributions from mathematics, physics,
computer and engineering scholars on the one
hand, and has attracted extensive attention from
these not-finance scholars on the other hand.

A large number of financial transaction research
based on not-finance theory emerged in 2013—
2023. In addition to most of the research on various
ML/AI forecasting models, there is also some
transfer research based on theories of other scien-
tific disciplines. As an example, a study in our arti-
cle database (No. 28 from Annex 1) builds a predic-
tion model in trading in the financial Forex market.
The prediction model is based on the deviations
from the closed string/pattern form (PMBCS),
which is from the string theory in Physics [28].

The Four-Quadrant Theory provides a com-
prehensive framework for analyzing the intersec-
tion of machine technology and trading strategy.
By categorizing interactions into four distinct
quadrants, this theory enhances our understan-
ding of the complex financial trading technology
applications. It highlights the diversity of inte-
ractions within this space and emphasizes the role
of human expertise in harnessing the potential of
technology. With the continuous evolution of tech-
nology and financial markets, trading technology
will innovate in different quadrants, bringing
new opportunities and challenges to the future of
financial markets. Through further exploring of
the four-quadrant theory, the development of fi-
nancial trading technology will be more intelli-
gent and diversified, and data-driven decision-
making and powerful artificial intelligence systems
may become the core of transactions. In addition,
the theory is also conducive to scientific research
on the relationship between financial trading tech-
nical level and trading performance.

The findings from this systematic review have
significant implications for the future of research
and practice in financial trading technology, at
the same time, it reflected in the following aspects
which need to be discussed further:

1. Data Quality and Ethical Considerations:
Accurate and clean data is essential for the suc-
cess of these technologies. Similarly, as financial
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trading technology becomes more sophisticated,
researchers and practitioners must require of sci-
ence ethics related to algorithmic decision-ma-
king, fairness and research transparency.

2. Overfitting: Models may perform well on
historical data but fail in live trading due to over-
fitting. The overfitting problem often occurs in
the backtesting phase of financial trading models,
and the backtesting results without applicability
make the model unprofitable in real-world tra-
ding. This is a critical technical issue in the finan-
cial trading technology area, and we will focus on
this issue in subsequent research.

3. Market Regulation and Oversight: Policy-
makers and regulatory bodies should continu-
ously review and update existing regulations to
keep pace with the evolving landscape of finan-
cial trading technology and ensure market stabi-
lity and investor protection.

In conclusion, this systematic review offers va-
luable insights into the technological advance-
ments in financial trading, encompassing algorith-
mic trading, machine learning, predictive analytics,
and other emerging technologies. The identified
themes and implications provide a foundation for
further research and practical applications, contri-
buting to the continued growth and development
of financial markets in an increasingly technologi-
cally driven landscape. Furthermore, we innova-
tively propose a Four-Quadrant theory of modern
financial trading technology based on 2 dimensions’
total of 8 factors. The theory offers a structured ap-
proach to understanding the interaction between
machine technology and trading strategies, by di-
viding these interactions into four quadrants. As
both technology and financial markets evolve, in-
novations within each quadrant will shape new op-
portunities and challenges for the future of trading.
At the same time, it emphasizes the importance of
human expertise in leveraging technological ad-
vancements. For directions of future studies, the
following may need to be paid special attention:

1. Hybrid Technology and Continued Techno-
logical Advancements: The combining of algorith-
mic, machine learning and deep learning tech-
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niques for synergistic benefits shows a good prac-
tice performance. Besides, future research should
focus on exploring and evaluating the potential of
emerging technologies, such as large language mo-
del (LLM), quantum computing and blockchain
to improve trading efliciency, risk management,
and adaptability to market conditions.

2. Application of the Four-Quadrant Theory:
The proposed Four-Quadrant Theory provides a
framework for categorizing financial trading tech-
nologies based on machine technology and tra-
ding strategies. Future research should continue to
expand on this theory, exploring each quadrant’s
potential in real-world applications, particularly
focusing on Quadrant I (high machine technolo-
gy, high trading strategy) as it represents the
cutting-edge development of autonomous intelli-
gent trading systems.
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TEXHOJIOTTYHI IOCATHEHHA Y ®IHAHCOBOMY TPEMIVHTY:
CUCTEMATUYHUIMI OLIA JIITEPATYPU

Beryn. Tpancdopmartiiiti mepeTBOpeHHs KapAMHAIBLHO 3MiHIIH (DIHAHCOBI PUHKU, 1110 3yMOBJIIOE HEOOXIIHICTb IIEPEOITiHIO-
BaHHSI IOTOYHKX 3HAHD | MAllOYTHIX TEH/IEHIIiT BUKOPUCTAHHS TEXHOJIOTIN y (hiHAHCOBOMY TPEUIUHTY.

IIpo6aemaTuka. Bukopuctanis pisHOMAHITTSI TEXHOIOTTUHUX AOCATHEHD Y (hiHAHCOBOMY TPEHIMHTY BUMAra€ X CTPyK-
TypU3aIlii 3a71e5KHO Bi/ PiBHI MAITUHHOI TEXHOJIOTI1 Ta PiBHS TOPTOBOI CTpaTerii.

Merta. Beebiume ysaraibHEHHS HAsIBHUX JIKEPEST PO TEXHOJOTIYHI TOCATHEHHS Y (DiHAHCOBOMY TPEHMHTY JUIst OI[iHIO-
BaHHSI IKOCTI HAYKOBUX JOCJI/IKEHb | OKPECIIEHHST TIePCIIEeKTUBHUX HATIPSAMKIB TOAJIbIINX PO3POOOK.

Marepiamm i MeToau. AHAJIITUYHE BUBYCHHS JITEPATYPHUX [KePeJl OO0 TEXHOJIOTIYHUX JIOCATHEHDb Y (hiHAaHCOBOMY
Tpeiiunry 3aiticueno Bianosiano no crangapry PRISMA 2020. Basato no pocmimpkenns 130 naykoBux crateii (3a mepios
2013—2023 pp.) mpo TexHoIorii (hiHaHCOBOTO TPEHANHTY. IHHOBAIHY TEOPi0 YOTHPHOX KBAAPAHTIB OYJI0 BUKOPUCTAHO /IS
aHaJIi3y CUHEPrii MisK MAITMHHMMU TeXHOJIOTIAMK Ta TOPrOBMMHU CTPATETisIMU, 1110 6a3y€eThesl Ha 8 hakTopax y ABOX BUMipax.

Pesyabratu. Kiowosi ¢irancoBi TeXHOTIOTIT OXOIIIIOIOTH aJITOPUTMIYHY TOPTIiBJIIO, MAalTHHE HaBYaHHS Ta TINO0KE Ha-
Byannd. Kojken 3 1uX CKJIQJIHNKIB Ma€ YHIKQJIbHI BJIACTUBOCTI: IBUAKICTD, aBTOMATN3Allisl, a/[alTUBHICTD 1 PO3Ii3HABAHH
cksaaHux mabsonis. IIi TexHosorii mokpammin eheKTUBHICTh PUHKY, YIIPABJIIHHS PU3MKAMK Ta EPCOHAII30BaHi TOPTOBi
crparerii. Teopist 4OTHPHOX KBa[PaHTIB IIPOIIOHYE CTPYKTYPOBAHUH MiJIXiJT 10 PO3YMIiHHS B3a€MO/Ii1 MiK MAITMHHUMU T€XHO-
JIOTiSIMM Ta TOPTOBUMM CTPATETisIMU 1 MOJIISI€ B3aEMO/II1 HA YOTUPU KBAJIPAHTH.

BucHosku. [nHOBaIIIIiHEe 3aCcTOCYBaHHS T€OPii YOTUPHOX KBAJPAHTIB J03BOJISIE TPUITYCTUTH, 11O MOATTBIIE OCIiIPKEHHST
MOJKe IPU3BECTH J10 OLJIBIIT PO3YMHUX, INBEPCH(DIKOBAHNX TOPIOBUX CHCTEM, JI€ TPUIHATTS PillleHb Ha OCHOBI JIAHUX 1 MITY4HO-
0 IHTEJIEKTY BIAIrpaioTh KAYOBY poJib. [iIGpuiHi TEXHOOTIT, HAyKOBa OLiHKA IIPOAYKTUBHOCTI Ta epeAoBi PO3POOKU aBTo-
HOMHUX IHTEJIEKTYaJbHUX TOPTOBUX CHCTEM € BAKJIMBUMHU JIJISI TIOZIATIBIIIOTO BUBYEHHS TEXHOJIOTiH (hiHAHCOBOTO TPEHINHTY.

Kmouoei crosa: ynpasiinas pusukamu, (piHaHCOBUIT PUHOK, (DiHAHCOBI TEXHOJIOTII, ITYYHUIH 1HTENEKT, aJITOPUTMITHA TOP-
riBJist, MAIIMHHE HABYAHHS, TIMO0KE HABYAHHSI.
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