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Abstract: We review recent articles that focus on the main issues identified in high-
frequency financial data analysis. The issues to be addressed include nonstationarity,
low signal-to-noise ratios, asynchronous data, imbalanced data, and intraday seasonal-
ity. We focus on the research articles and survey papers published since 2020 on recent
developments and new ideas that address the issues, while commonly used approaches
in the literature are also reviewed. The methods for addressing the issues are mainly
classified into two groups: data preprocessing methods and quantitative methods. The
latter include various statistical, econometric, and machine learning methods. We also
provide easy-to-read charts and tables to summarize all the surveyed methods and articles.
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1. Introduction

With the emergence of great computing power with deep neural networks and easy
access to high-quality ultra-high-frequency financial data, the analysis of high-frequency
financial data has become more popular for many researchers and practitioners. Incor-
porating high-frequency financial data analysis into traditional statistical and financial
econometric analysis can be very helpful to better understand the financial market. In the
literature, many techniques have been developed to analyze financial data that are of
lower frequency, such as daily and monthly data. However, high-frequency financial
data have unique characteristics, and traditional statistical, econometric, and shallow ma-
chine learning methods may not adequately suit the needs of analyzing high-frequency
financial data.

In recent years, numerous studies have been conducted to address the challenges
posed by high-frequency financial data. A notable trend in this area is the application of
deep learning techniques to tackle critical issues such as nonstationarity and low signal-
to-noise ratios. For instance, studies such as [1-3] have successfully leveraged deep learn-
ing approaches to overcome significant obstacles in forecasting high-frequency returns.
Nevertheless, deep learning methods are often criticized for their inherent “black-box”
nature, which complicates detailed data preprocessing and interpretability. Consequently,
alternative approaches, including signal decomposition, feature engineering, sequence
reconstruction, and various mathematical and statistical techniques, merit a closer exami-
nation of the processing of high-frequency financial data. Although the existing body of
literature on mathematical and machine learning applications in financial data is extensive
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(see Appendix A) , a critical gap remains: no comprehensive review has systematically
synthesized all available methodologies to address the core challenges associated with
high-frequency financial data.

This study aims to fill this gap by organizing and synthesizing the classical and
advanced methodologies documented in the literature. We provide a valuable resource for
academics, industry professionals, and market participants interested in high-frequency
financial data modeling and time series forecasting. By presenting a holistic perspective,
this work not only highlights existing approaches but also identifies potential extensions to
broader applications in time series analysis.

In our research, we used Google Scholar as the primary database due to its authorita-
tive and comprehensive coverage. Keywords used for the search included “high-frequency
financial data”, “intraday financial data”, and“financial data modeling”, among others.
To ensure the reliability and relevance of the search results, we focused on articles pub-
lished in reputable peer-reviewed journals. An initial screening based on titles and abstracts
yielded a preliminary dataset of 485 articles. Subsequently, we conducted a manual filter-
ing process to ensure that the studies specifically addressed data that are sampled more
frequently than daily intervals, with particular attention to critical issues in high-frequency
financial data. This refinement process reduced the dataset to 165 articles. Finally, we
performed a detailed review of these selected articles, categorizing them according to the
major issues addressed and the proposed solutions. Detailed procedures are outlined in
Figure 1.

[ Database H Keyword Search H Initial Collection H Manual Filtering H In-Depth Review ]

Figure 1. Flowchart depicting the process of article collection, screening, and categorization.

Overall, we have thoroughly surveyed 151 articles and 14 survey papers, mainly on
forecasting using high-frequency financial data, as shown in Table A1l. Figure 2 presents
the distribution of articles in different years of publication. Meanwhile, it depicts the
distribution of cited articles categorized by market types, primary issues, and various
forecasting targets, respectively.

#of cited articles
5 & 8B

@

8

#0f cited articles
83 8 3 8
of cited articles
588853883
#0f cited articles
5 8 8 &

==
stock futures forex crypto NS LS AD oT price return  up/down volatility  other VaR/ES volume
market categories major issues forecasting tar gests

Figure 2. The distribution of referenced articles by publication year (first row). The second row illus-
trates the distribution of cited articles categorized by market categories, major issues, and forecasting
targets presented from left to right, respectively. NS, LS, AD, and OT denote nonstationarity, low
signal-to-noise ratio, asynchronous data, and other high-frequency financial data issues, respectively.
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Figure 3 presents a Sankey diagram that illustrates the relationships between three key
categories: major issues, data types, and solutions. The height of each flow corresponds
to the relative frequency of connections between these categories, providing a clear visu-
alization of their interdependencies. Our analysis identified 91 instances addressing the
challenge of low signal-to-noise ratio (LS), 64 focusing on nonstationarity, 21 tackling asyn-
chronous data issues, and 12 cases discussing other challenges in high-frequency financial
data. Among the data types examined, trade and quote data (TAQ) emerged as the most
frequently used, with approximately 152 proposed solutions leveraging TAQ-based analy-
sis. Furthermore, the diagram highlights various solutions designed to address these major
issues. The most commonly employed approaches include noise reduction techniques,
feature engineering (e.g., new feature preparation, label preparation, etc.), alternative data
integration, and dimensionality reduction. This comprehensive mapping underscores the
critical role of TAQ data and the various strategies developed to overcome challenges in
high-frequency financial data analysis.

Major Issues Data Types Solutions

data-cleaning: 1
CImissing data approach: 6
Cother method: 4

paring and sychronization: 6
pre-averaging: 1
refresh time algorithm: 5
/j alternative data: 11
/ new features preparation: 17

data compression: 10

dimension reduction: 13
ensemble: 6
[ ]iabel preparations: 13

LS: 91 y p . noise reduction: 15

Clpenalized methods and regularization: 7
_———==regularizations: 1
“[Jsequence modeling: 10
wavelet: 5
[ adaptive methods: 6
= attention mechanism: 1
= bar preparations: 2
Cdata aggregation: 4
[Odifferencing: 7
=including more data: 3
==including more dimensions: 2
==including more features: 2
I modeling multiple orders of mements: 4
SImultiple frequencies modeling: 4

\ = normalization: 3
=regime-switch: 3
N signal decomposition: 4

Olimbalanced data: 6
Olintraday seasonality: 6

Figure 3. The Sankey diagram illustrates the relationships among major issues, data types, and solu-
tions within the context of high-frequency financial data. The first column represents major issues,
including asynchronous data (AD), low signal-to-noise ratio (LS), nonstationarity (NS), and other
high-frequency financial data challenges (OT). The central column corresponds to data types, encom-
passing TAQ, LOB, and MBD—three common types of high-frequency financial data. Additionally,
the category “NA” indicates cases where the data type was not specified in the surveyed papers.
For a detailed discussion of high-frequency data types, refer to Section 2. The final column represents
the solutions identified for addressing these challenges. The numbers in the diagram indicate the
frequency of instances in which specific issues, data types, or solutions were encountered or applied.

The organization of the survey paper is the following. We first provide an overview
of the primary types of high-frequency financial data, their distinctive characteristics,
and the predominant utilization trends associated with each data type in Section 2. We
then summarize the major issues for high-frequency financial data analysis and discuss
the accompanying articles in Section 3. For each major issue, we conduct a comprehensive
survey of the papers that have attempted to tackle the issue: Section 3.1 for the issue of
nonstationarity, Section 3.2 for the issue of low signal-to-noise ratios, Section 3.3 for the
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issue of asynchronous data, and Section 3.4 for other issues such as imbalanced data and
intraday seasonality. Our survey on other relevant survey papers is in Section 4. Finally,
we will conclude the article in Section 5 by providing some discussions on the current state
of the literature and open questions that are worth further exploration.

2. High-Frequency Financial Data

High-frequency financial data refers to financial market data that are recorded and
updated at short time intervals such as nanoseconds, microseconds, milliseconds, and sec-
onds. In this survey, we only include articles that deal with financial data recorded with
a higher frequency than daily data. During the whole process of trading financial assets
in the modern era, numerous data have been generated such as orders placed and orders
executed, and Table 1 is an example of three main types of high-frequency financial data.
The following, we define types of data:

*  Message book data (MBD): They are the most granular high-frequency financial data
that provide a detailed record of every order event from an exchange. These events
include order submission, modification, cancellation, execution, etc. Each event is
timestamped at up to nanosecond level.

e Limit order book data (LOB): They consist of all outstanding buy and sell limit orders
at each price level and are updated whenever there is an event that leads to a change
of the limit order book. Depending on how limit orders are organized, there can be
market-by-price (MBP) data or market-by-order (MBO) data [4]. Table 1 provides
an example of the limit order book data with 10 levels on both the bid and the
ask sides. The number of levels can be less than or more than 10, and we refer to
https:/ /lobsterdata.com/ (accessed on 20 January 2025) for details on the construction
of LOB data.

* Trade and quote data (TAQ): They include information on every executed trade,
including the price, volume, time of the transaction, the best bid and ask prices, and the
corresponding filled volumes quantity /volumes. Table 1 provides an example of TAQ
data, and the condition column indicates trade or quote conditions such as odd lots,
regular, trades during extended hours, and the market opening price. The commonly
used time bars with OHLCYV are often constructed from these TAQ data.

According to our review of the literature, most proposed solutions utilize TAQ data,
employing them in various forms such as prices (e.g., [5-7]), returns (e.g., [8-10]), volatility
and covariance matrices (e.g., [11-13]), technical indicators (e.g., [14-16]), and even 2D
images (e.g., [17]) such as as input features for modeling future financial variations.

Limit order book (LOB) data have emerged as a valuable resource for deep learning
models. Numerous studies utilize the top ten levels of ask and bid prices and associated
volumes as input features, employing convolutional layers or transformer autoencoders
for automated feature extraction instead of relying on manually constructed representa-
tions. Notable examples include [1,3,18,19], among others. Another prominent manually
engineered feature derived from LOB data is the order flow imbalance (OFI), a technical
indicator that quantifies demand discrepancies between the bid and ask sides. Studies
such as [3,20] have utilized OFIs as input features to improve the predictive accuracy of
return forecasts.

For message book data (MBD) data, to the best of our knowledge, there are only two
studies that incorporate MBD as an input feature to enhance modeling performance. In
these studies, ref. [1,21], both employ CNN layers to extract features from MBO data. More
details on the applications of these three types of high-frequency financial data can be
found in Table A1.
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Table 1. Example of message book data (MBD), limit order book data (LOB), and trade and quote
data (TAQ).

Example of Message Book Data (MBD)

Date Time Stamps  Order Number  Event Type Ticker Price Quantity ~ Excanhge
2018-06-21  04:00:00.095 3018 ADD BID AAPL 160.00 7 ARCA
2018-06-21  04:00:00.096 3017 ADD ASK AAPL 230.00 35 ARCA
2018—.06—21 20:00:60.071 248481533 DELETE ASK AAPL O 0 NASiDAQ

Example of Limit Order Book Data (LOB)

Date Time Stamps Ask Price 1 Ask Size 1 Bid Price1 Bid Size 1 Bid Size 10
2018-06-21  09:00:00.004 585.94 200 585.33 18 300
2018-06-21  04:00:00.001 585.94 200 585.33 18 200
2018—66-21 15:59:59.913 577'.67 360 577‘.54 4i0 160

Example of Trade and Quote Data (TAQ)

Date Time Stamps Event Type Ticker Price Quantity  Excanhge Conditions
2018-06-21  04:00:00.070 QUOTE BID AAPL 228.00 50 ARCA 00000001
2018-06-21  04:00:00.070  QUOTE ASK AAPL 230.00 100 ARCA 00000001
2018-0621  19:5959754 QUOTEASK  AAPL 185.31 200  NASDAQ 00000001

3. Major Issues and Solutions

In this section, we conduct a comprehensive review of research articles to address
common issues of analyzing high-frequency financial data. The following are the major
issues covered: nonstationarity (NS), low signal-to-noise ratio (LS), asynchronous data
(AD), and others (OT), including imbalanced data and intraday seasonality.

3.1. Nonstationarity (NS)

The nonstationarity issue discussed here has a loose definition, and we aim to indicate
the issue as the phenomenon that any results obtained from one period of time cannot be
generalized into another period of time. This is probably one of the most difficult issues
with financial data analysis.

Efforts for addressing the issue can be mainly categorized into the following two
approaches: one is to preprocess the raw data to have more stationary data for further
analysis and the other is to use certain quantitative methods to tackle the problem directly.
Here, we use the term quantitative method to indicate any method related to econometrics,
statistics, machine learning, etc.

3.1.1. Data Preprocessing for Nonstationarity

Figure 4 is an overview of the data preprocessing approach to address the nonstation-
arity issue and their accompanying articles. The following are methods used to address
high-frequency financial data analysis issues:
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log-returns [25] [26] [27]
CIDRs [23] [24]

VMD [39] [42] [43]

[ information driven bars [32]

EMD [39] [40] [41]

WT [9] [35] [36] [37] [38]

volume bars [31]

Differencing

Data Aggregation

Other

Bar Preparations Normalizations Signal Decomposition

weighted mean [28]

rolling window [33] WFO [44] [45]

( technical indicators [15] [16] [29] [30] ]

RSM [45]

normalizations layer [34]

[ normalized by # of ticks [1] [ sequence reconstruction [46] [47]

Figure 4. Data preprocessing methods for addressing nonstationarity in high-frequency finan-
cial data [1,9,15,16,22-47].

Differencing: Differencing is a commonly used traditional method to address non-
stationarity in financial time series. The process entails calculating the increment
between two successive or nonsuccessive observations in the temporal sequence so
that the increments of the time series are more stationary than the original time series.
There are numerous papers on using this technique, and here we only list a very few
of them as follows: [22] preprocessed the features using differencing to make them
stationary before they were included in time series forecasting models. Refs. [23,24]
calculated cumulative intraday returns (CIDRs) by the difference of logarithmic prices
at the beginning (CIDR; = In p; — In p;) to generate a more stationary functional time
series. More commonly, returns are calculated using two successive logarithmic prices
(returns; = In p; — In p;_4) in predetermined time intervals (e.g., 5 min), as shown by
studies such as [25-27] and others.

Data aggregation: The problem of nonstationarity was addressed in [28] by aggregat-
ing the intraday sequence into a daily series using a weighted mean, and the authors
suggested a linear regression approach that aggregates intraday high-frequency data
into daily data. Meanwhile, they provided a data-driven technique to select the weight
to achieve a reduced sum of asymptotic variance for parameter estimators. The sug-
gested methods have the advantage of not being limited to certain parametric forms
and can be produced using straightforward, constrained quadratic programming.
Technical indicators play a vital role in simplifying complex market data into practical
indications. Essentially, various technical indicators are simply aggregation methods
that transform the price and volume data into relatively more stationary time series.
Ref. [48] utilized technical indicators, which capture the trend, momentum, volume,
and sentiment of the market to predict the returns of Bitcoin. Several other papers
used technical indicators to aggregate information from high-frequency financial data,
including [15,16,29,30], etc.

Bar preparations: To apply algorithms to unstructured data, we often need to ex-
tract useful information and store it in a structured manner. Most machine learning
algorithms assume that the extracted data are represented as a table. Financial pro-
fessionals often refer to each row of such tables as a “bar” and each bar contains
information such as open and closed prices [49]. Bars are sometimes referred to as
binned data. Depending on how they are formed, there are time bars, volume bars,
etc. Compared to time bars, volume bars and information-driven bars tend to be
more stationary (see [49] for a discussion on different types of bars). Ref. [31] claimed
that the measurement of volume-based transaction time is more relevant than the
use of clock time in high-frequency trading. The authors introduced a novel “bulk
volume” categorization method that combined transactions in specific time or volume
intervals. Then, the standardized price difference between each interval’s start and
end was applied to estimate the proportion of buying and selling volume. Ref. [32]
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created thirteen information-driven bars in three categories to forecast the return of
stock transactions and determine the direction of the price movement. The three
groups were associated with the stock’s trading volume, recent trading imbalance,
and measures of trading speed and cost, respectively.

Normalization: Normalization is another approach that may reduce the issue of
nonstationarity. Ref. [33] used data from the previous five days to normalize the
input characteristics related to the bid and ask prices (size) in the data from the
limit order book (LOB) to forecast fluctuations in the mid-price. Ref. [34] proposed
deep adaptive input normalization layer to adaptively normalize input time series.
The study conducted by [1] used market-by-order (MBO) data to generate normalized
price (size) or normalized price (size) changes with 100 tick sizes, which were then
used to forecast future market movements.

Signal decomposition: Through frequency domain analysis, one may find more
stationary patterns appearing at different frequencies. Such information can then
be further used for analyzing the original financial time series. Here we survey
some commonly used signal decomposition methods for financial time series analysis:
Wavelet Transformation (WT), Empirical Mode Decomposition (EMD), and Variational
Mode Decomposition (VMD).

WT: The wavelet transform is a method used to decompose a time series s(t) into low-
frequency coefficients and high-frequency coefficients, often known as smooth and
detail coefficients correspondingly [50]. For a comprehensive review of the wavelet
transform, we refer to [51,52]. These coefficients were then used as features in conjunc-
tion with backpropagation neural networks to forecast stock values. Many academic
researchers have integrated wavelet transformation (WT) with machine learning tech-
niques to address the challenges posed by nonstationary and nonlinear factors in
predicting high-frequency financial data. Ref. [35] investigated wavelet approxima-
tion methods and related computational algorithms to address the nonstationary issue
in high-frequency financial time series. The results demonstrate that using wavelet
dictionaries for data preprocessing could successfully capture concealed periodic ele-
ments, hence enabling us to achieve and enhance the capability of feature extraction.
The study by [9] showed that it is possible to accurately predict future short-term
stock returns using a dynamic recurrent neural network with wavelet transformed
features. This network takes as input the current and lagged details and smooth
coefficients obtained from a non-decimated Haar wavelet decomposition of the high
and low stock prices. Refs. [36,37] introduced a deep learning architecture that inte-
grates wavelet transformation to acquire knowledge on financial trading. Ref. [38]
utilized wavelet multiresolution analysis to tackle the “calendar effect” observed in
intraday high-frequency data, dissecting financial time series into various hierarchical
time scales.

EMD: Empirical Mode Decomposition (EMD) is an efficient method to analyze non-
linear and nonstationary financial time series data [39]. EMD is a flexible signal
decomposition technique introduced by [53] as an essential component of the Hilbert-
Huang transformation (HHT). The EMD is a data-driven approach that breaks down
a signal into a residual component and a limited number of intrinsic mode functions
(IMFs), each representing a distinct signal characteristic. The residual component
has the ability to decrease the complexity of the time series by distinguishing trends
and oscillations at various scales. This ultimately improves the accuracy of forecast-
ing at certain time intervals [40]. Ref. [41] employed complete ensemble empirical
mode decomposition alongside an adaptive noise (CEEMDAN) algorithm and the
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Savitzky-Golay (SG) filter to denoise and improve the data prior to its input into deep
neural networks.

VMD: Variational Mode Decomposition (VMD) is an approach that decomposes sig-
nals into a combination of oscillatory modes with well-defined instantaneous frequen-
cies. This method is based on variational concepts and optimization approaches [42],
and the objective of VMD is to identify the minimum specified cost function to extract
the modes. VMD is claimed to be a better method than EMD for predicting Bitcoin
prices in [39]. Both methods can decompose nonstationary and nonlinear series into
stationary components known as IMFs depending on their frequency characteristics,
and [39] used such IMFs as predictors and Bitcoin prices as the response variable in
generalized additive models. Ref. [43] employed the Kullback-Leibler divergence opti-
mized Variational Mode Decomposition (KL-VMD) technique to decompose crude oil
price data into IMFs, subsequently applying the Fuzzy Entropy technique to classify
the IMFs prior to fitting them into deep and statistical models.

Walk forward optimization method: Refs. [44,45] mentioned walk forward optimiza-
tion (WFO) method to alleviate the nonstationarity resulting from the data assessed
under distinct regimes. The WFO algorithm trains a model using limited data points
inside a designated training window. Then it evaluates the performance of the model
within a separate test window. Subsequently, both windows were moved to the right,
and the training and testing process was repeated.

Random sampling method: Ref. [45] introduced a random sampling method (RSM) to
tackle the nonstationary nature of cryptocurrency time series by sampling sequences
only observed recently and assuming that the similarity of a pair of sequences can
be characterized by the class, such as price movement directions, which they belong
to. Specifically, given the input sequence x;, the RSM sampling scheme involves the
sampling sequence of the closed interval [t — m — n, t — m], where m is the window
size of the simple moving average, and 7 is a hyperparameter that determines the
size of this interval. The authors presented experimental information on the optimal
selection of values for variables m and  in the article.

Sequence reconstruction: Ref. [46] reconstructed financial time series using a set
of representative motifs. Each motif represents a typical pattern of a segment of the
time series. Then, the derived motifs were stitched together to reconstruct the time
series. Subsequently, a convolutional neural network (CNN) model was used to extract
complex and advanced characteristics from these sequences of motifs that may have
improved ability to convey information from the original time series data. Ref. [47]
employed the EMD with adaptive noise method to decompose the original data into
multiple IMFs. Using sample entropy, they further reconstructed the IMFs into a
simplified stationary high-frequency component and a low-frequency component.

3.1.2. Quantitative Methods for Nonstationarity

Figure 5 is an overview of the quantitative methods to address the nonstationarity

issue and the accompanying articles.
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Figure 5. Quantitative methods for addressing nonstationarity in high-frequency financial
data [2,5-7,10,12,14-16,24-26,29,30,33,54-76].

MRS-HEAVY [65] RCARF [15]
MS-HAR [66] tree ensemble [68] Transformer [74]

( nonparametric regression+LSTM [76] H PFP + IDIN [5]

Multiple frequencies modeling: To tackle the problem of nonstationarity and non-
linearity in stock price time series. Ref. [7] introduced a new recurrent deep neural
network called State Frequency Memory (SFM). This network is designed to collect
multifrequency trading patterns from historical market data, enabling it to generate
accurate long- and short-term forecasts over time. SFM is similar to LSTM, but it
decomposes the hidden states of the memory cells into several frequency components.
Each component represents a certain frequency of trading patterns that influence stock
price fluctuations. Future stock prices are then forecasted by applying an inverted
Fourier transform (IFT) to a composite of these components. Ref. [26] introduced a
dynamic coupla-based periodic mixed frequency generalized autoregressive (GAS)
framework to forecast intraday risk measurements. The suggested GAS models over-
come the nonstationarity issue by accounting for many forms of dependency in asset
returns, such as long memory, periodicity, asymmetric nonlinear dependency struc-
tures, fat-tailed conditional distributions, and intraday jump processes. Ref. [54]
utilized EEMD for sequence decomposition, calculating fuzzy entropy values for the
decomposed components, which facilitates their reconstruction into high-frequency,
medium-frequency, and low-frequency components. Ref. [55] introduced the group
penalized reverse unrestricted mixed data sampling model (GP-RU-MIDAS) to effi-
ciently leverage high-dimensional and mixed-frequency data from various sources to
explain and predict high-frequency responsive variables.

Modeling multiple orders of moments simultaneously: Generalized Autoregressive
Conditional Heteroskedasticity (GARCH) models provide great flexibility in repre-
senting higher moments, such as variance. This characteristic makes them well-suited
for analyzing nonstationary time series data. The distribution of zeros often causes
financial returns to be nonstationary. Ref. [56] introduced an ARCH/GARCHmodel
that can handle nonstationary zero processes. They developed a zero-adjusted quasi-
maximum likelihood method to estimate the model’s parameters and demonstrated
its consistency and asymptotic normality under mild assumptions. Ref. [57] pro-
posed various GARCH models on log-returns to detect intraday volatility spillover
in cryptocurrencies. Ref. [58] introduced a semiparametric scaling model to con-
sider high-frequency financial data information by normalizing the trading day into
a unit time interval. Then, to adequately use market information, a semiparametric
GARCH model was proposed to improve the estimation of volatility functions by
combining them with the various frequency volatility proxies. Ref. [25] presented
extended periodic long-memory filters based on Gegenbauer polynomials, a proper
mathematical technique for capturing repetitive patterns, to describe the time-varying
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volatility of typical GARCH models. The suggested long-memory GARCH models
can detect periodic long-range dependencies in the fluctuating volatility of intraday
financial returns.

Including more data/dimensions/features: Augmenting data or including more data
or features can enrich the representation of the underlying data-generating process,
making the model more flexible and capable of capturing a more comprehensive
range of patterns and relationships. Thus, such data preparations can help models
better adapt to changing conditions and mitigate the effect of nonstationarity. Ref. [2]
used stacked autoencoders to systematically produce more abstract and high-level
features hierarchically. Refs. [59,60] used linear, radial, and polynomial kernels of
support vector regression (SVR) to transform the data into various dimensional feature
sequences in order to capture the linear and nonlinear correlations. Ref. [61] applied
exponential moving average and Gaussian noise injection, two data augmentation
techniques, to augment high-frequency financial time series data by considering the
high SNR and momentum effect. The approach described by [62], referred to as
data-augmentation-based reinforcement learning (DARL), utilizes minute-candle data
instead of daily-candle data to train the agent. Subsequently, the agent is employed
to direct daily stock trading. Ref. [63] demonstrated that pooling stock data and
augmenting predictor space by adding market volatility as an additional predictor
often enhances the out-of-sample performance for most investigated ML models.
Ref. [64] introduced a technique to augment data using generative adversarial net-
works (GANSs) in artificial market simulations. This approach aims to address the
challenge of nonstationarity in financial time series while training machine learn-
ing models.

Regime-switch methods: Nonstationarity in time series data is often caused by
structural interruptions or changes in the underlying data generation process. Regime-
based approaches are ideal for detecting such breakdowns because they partition
the data into multiple regimes, minimizing the impact of nonstationarity. Ref. [65]
proposed a multivariate Markov regime-switch high-frequency-based volatility model
(MRS-HEAVY) to predict the covariance structures of returns of spot and futures
prices. The regime-switch characteristics allow us to handle abrupt changes in the
covariance structure of the spot and futures markets during periods of market volatility.
Ref. [66] proposed Markov switching heterogeneous autoregressive model (MS-HAR)
to forecast the volatility of high-frequency crude oil futures. In addition to capturing
regime transitions, modeling time-varying characteristics may also solve the problem
of nonstationarity. Ref. [67] utilized the time-varying parameter vector autoregressions
(TVP-VAR) approach to capture the time-varying dynamics dependencies among
energy and other ETFs’ intraday volatility. The significant advantage of the TVP-VAR
model is that there is no need for arbitrariness when choosing the rolling window
size. Besides, regime-based approaches can alter regimes to respond to changing
data circumstances. This flexibility enables the model to alter its predictions to data
structure changes, thus addressing the nonstationarity issue.

Adaptive methods: Adaptive methods are designed to constantly update and modify
their parameters based on new data, enabling them to capture and adapt to changes in
high-frequency financial data. This real-time adjustment capability enables adaptive
techniques to remain responsive to nonstationarity. Ref. [24] proposed functional
classification and dynamic prediction (FCDP) techniques to predict the cumulative
intraday returns of crude oil futures. The aim was to account for the unique features
of high-frequency data and the intricate patterns of change in the crude oil futures
market. The advantage of FCDP is seen in its ability to update dynamically. This
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model continuously incorporates new data into the prediction model, assigning more
weight to the most recent data. This feature is beneficial in improving the accuracy of
the forecast outcomes. Ref. [6] proposed an online evolving fuzzy rule-based model
to predict the trend of high-frequency financial data. This approach autonomously
constructs and eliminates its rules, adapts its parameters, and chooses inputs acquiring
knowledge from the data collected from previous and current scenarios. Despite
the frequent occurrence of abrupt changes in high-frequency trading financial data,
the suggested model has the ability to quickly adjust and align with the new trend.
Ref. [12] introduced a novel framework for representing trends and cyclical patterns
in high-frequency financial data. To better respond to constantly changing market
circumstances, the Fourier flexible form was extended to a more advanced functional
class, where the smooth trend and seasonality are allowed to change in real time and
modeled nonparametrically. The authors provide the corresponding estimators and
demonstrate that the suggested model performs well when there are sudden changes,
as well as when there are unequal variabilities and heavy tails in the data. Ref. [30]
improved the precision of stock price prediction by optimizing the parameters of an
adaptive neuro-fuzzy inference system (ANFIS), and both the genetic algorithm and
the particle swarm optimization algorithms were studied. The approach described
by [29] aims to address the instability of financial time series, such as seasonal and
irregular patterns, by using an online stochastic gradient descent algorithm (SGD) to
identify seasonal patterns and flexible sliding windows that are updated based on
detected distribution changes using stationarity. Ref. [10] introduced a new kernel-
designed SVR, which used decaying cosine waves, to account for the decaying trend
reversal process triggered by news.

Ensemble methods: Ensemble methods have several advantages, such as the capacity
of reducing model variance and misspecification, robustness, adaptation to changing
environments. By leveraging these advantages, ensemble methods can improve pre-
dictions” accuracy, stability, and robustness under the nonstationarity and dynamic
market conditions. Ref. [15] proposed recurring concepts adaptive random forests
(RCAREF) to enhance the accuracy of predicting stock prices that exhibit cyclical pat-
terns and nonstationarity. This method improves the functionality of random forest
to adapt to changing data streams. It incorporates a way to maintain and manage a
shared library of inactive trees, which retains information on how market operators
responded in similar situations. Ref. [68] used a decision tree-based ensemble tech-
nique to forecast the direction of stock closing prices. The authors highlighted that
the gradient-boosting decision tree is particularly effective in handling information
obtained from intraday and interday input characteristics. Ref. [16] introduced an
ensemble of LSTM neural networks for the purpose of predicting the classification
of the stock market. The suggested ensembles function assigns weights to individ-
ual models based on their recent performance, and enables us to effectively handle
nonstationarity in a creative manner.

Sequence modeling methods/attention mechanisms: High-frequency financial data
are often treated as a sequence of data along time and thus many traditional and
modern deep learning methods developed for sequence data are suitable for high-
frequency financial data. Ref. [69] integrated the conventional ARIMA model with the
deep learning model LSTM to predict high-frequency financial time series. The sug-
gested model addresses the nonstationary problem and the ability to describe the
nonlinear dependency of the error terms. Ref. [70] showed that the hybrid ARIMA-
ANN model outperforms individual models such as ARIMA and ANN in terms of
prediction accuracy. LSTM networks are a valuable tool for modeling and predicting
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high-frequency financial data of nonstationary behavior in the area of deep learning.
Ref. [14] examined the use of LSTM networks in forecasting future trends of stock
prices by analyzing historical price data and technical indicators. Ref. [2] integrated
wavelet transforms, stacked autoencoders, and LSTM to predict stock prices. Initially,
the raw data undergo a wavelet transform. Subsequently, the denoised data are fed
into stacked autoencoders to provide high-order features, and finally, LSTM networks
are used for forecasting. Ref. [33] constructed a sophisticated deep learning model
on a wide scale to forecast price fluctuations using the limit order book data. The de-
sign employs convolutional filters to capture the spatial structure of the limit order
books and LSTM modules to capture temporal dependencies. Ref. [71] proposed a
new hybrid wavelet deep learning model, known as Daubechies wavelet with the
bidirectional LSTM model (DB-BLSTM), to address the challenges caused by the com-
plicated periodicity and nonlinearity of high-frequency data. To tackle the issues of
nonstationarity, nonlinearity, and low SNR in high-frequency stock trading to enable
accurate and super-fast forecasting, ref. [72] developed online hybrid neural networks
by integrating LSTM, Gate Recurrent Unit (GRU), and transformers. A temporal
convolution network (TCN) is an effective tool for modeling sequence data, as it has
shown the capability to retain a longer and sufficient memory. The study by [73] used a
TCN to predict intraday trading directions using financial sequence data. The authors
concluded that the TCN outperformed traditional recurrent neural networks such as
LSTMs. Recent studies have shown the potential of transformer and informer-based
models in forecasting long-sequence time series data [77]. The attention mechanism
on both methods can effectively capture long-range connections between input and
output to enhance prediction capability and therefore tackle the nonstationarity prob-
lem in modeling high-frequency financial data. For example, ref. [74] leveraged the
transformer to predict the OHLC price of Shanghai crude oil futures. Ref. [75] utilized
an informer based on the attention mechanism to predict the intraday stock price.
Empirical results indicated that the performance of the informer-based model was
significantly better than LSTM. Ref. [5] incorporated a phase fix procedure (PFP) to
predict high-frequency financial time series. The main idea is to retrain the model by
feeding back the predictions from the previous prediction. A hybrid forecasting model
termed the increasing—decreasing linear neuron (IDIN) was developed to account for
linear and nonlinear components in price processes. Ref. [76] utilized a kernel-based
nonparametric regression model to capture nonlinear relationships between a non-
stationary target series and its lags. An LSTM model was then applied to capture
high volatility and frequent fluctuations. Empirical results showed that this hybrid
approach significantly improved forecasting accuracy.

3.2. Low Signal-to-Noise Ratios (LS)

We use the term “low signal-to-noise ratios (SNRs)” of high-frequency financial data
to actually mean that high-frequency financial returns, asset prices, and price movement
directions are very hard to predict if they are at all predictable. In short, the signal here
means factors that have some predictable power. To address the issue of low SNRs in
high-frequency financial data while improving predictability, we discuss some commonly
used and new methods below.

3.2.1. Data Preprocessing for Low Signal-to-Noise Ratios

In this section, we focus on techniques that are particularly helpful in improving
signals and predictability while reducing noise from high-frequency financial time series,
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although the data preprocessing techniques discussed in Section 3.1.1 on nonstationarity

may also be relevant to address the issue of low SNRs.

Figure 6 is an overview of the data preprocessing approach to address the problem of

low signal-to-noise ratios and the accompanying articles. The following describe methods

to address low signal-to-noise ratios:
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Figure 6. Data preprocessing methods for addressing low signal-to-noise ratios in high-frequency
financial data [1,3,9,17,20,27,28,32,33,48,60,66,68,71,78-114].

Noise reduction: Noise reduction may mitigate the low SNR problem by selectively
eliminating random variations and isolating the more significant patterns or sig-
nals. For instance, data cleaning procedures, filtering algorithms, and sophisticated
quantitative methods are valuable tools for identifying and removing noise com-
ponents. Ref. [78] examined several data handling techniques for high-frequency
financial data generated by the New York Stock Exchange. The author also detailed
the reasoning behind these suggested algorithms and discussed their potential conse-
quences. Subsequently, the authors provided precise methodologies for generating
the time series of interest from the raw data. Ref. [79] assumed that the returns of
each stock have two components: returns due to its own and returns from the market
(e, 7 = Tgtock T "market) @nd they used External Trend and Internal Component
Analysis (ETICA), a signal decomposition method based on independent component
analysis, to distinguish the individual trend of the stock from the overall trend of the

market, wherein they and claimed that r is more predictable. Ref. [80] suggested

that the preaveraging technique, which csite(grlfes new observations by averaging latent
observations on previous predetermined time intervals (see [115]) to estimate volatility
in the presence of noise, offers a straightforward way to eliminate microstructure noise.
This approach can mitigate the edge effect (see [115,116]) and is also robust to jumps
after suitable operations. The study conducted by [81] used an intraday periodic ad-
justment approach, based on point process theory and established by [117], to mitigate
the influence of market microstructure noise. Ref. [82] suggested the conversion of
the returns from both long and short positions into a unified value for the prediction
model so that it will filter the spike return while preserving the relative magnitude of
the returns from the long and short positions. Ref. [83] developed a feature extractor
layer that combines a temporal attention-augmented bilinear layer (TABL) and TCN
modules to extract features and remove noise from the data. Ref. [9] demonstrated
that a dynamic recurrent neural network is useful in predicting future stock returns.
This network takes as input the current and lagged details, as well as the smoothed
coefficients obtained from a nondecimated Haar wavelet decomposition of the high
and low stock prices. Mathematical transformations, including the Fourier transfor-
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mation, wavelets, and model decomposition, are often used as methods to remove
noise from financial time series. The authors of [84] used a mix of discrete wavelet
transformation (DWT), filter cycle decomposition (FCD), and variable length sampling
(VLS) to eliminate noise in raw financial time series data. Ref. [85] proposed a novel
nonlinear filtering algorithm based on the linear maximal overlap discrete wavelet
transform (MODWT) to denoise high-frequency financial data. Ref. [86] utilized BSd
(B-spline wavelet of high-order d) variant to forecast high-frequency financial time
series. BSd has the ability to break down noisy time series into many smooth signals.
The efficacy of implementing BSd is shown by contrasting it with other conventional
models, such as the Harr and Daubechies wavelet transforms. Ref. [87] proposed a
recurrently adaptive separation algorithm (RASA), which is based on the MODWT,
to filter out noise caused by abnormality, irregularity, and heterogeneity in financial
data. Variational mode decomposition (VMD) is a technique that eliminates noises
and random fluctuations in price data by breaking the data down into variational
model functions.Ref. [60] suggested combining VMD with technical analysis to antic-
ipate Bitcoin prices. Ref. [88] introduced ensemble empirical model decomposition
with adaptive noise and intrinsic sample entropy methodology to remove noise, thus
improving the predictability of financial time series.

Label preparations: The process of label preparation for high-frequency financial
data is to identify those targets that are relatively more predictable facing the issue of
low SNRs. A commonly used approach is to directly use the log returns, as shown
by [28,48,71], among others. In addition, we provide a comprehensive list of additional
techniques for target preparation in what follows.

The buy or sell indicators were created by [89] based on the desired risk-reward ratio
and the comparison of the price with a predefined risk threshold. The concept of
microprice, as described by [90], is derived from the mid-price and incorporates infor-
mation about the imbalance and bid—ask spread in limit order book data. According to
the author’s argument, the use of high-frequency data to estimate microprice is a more
accurate predictor of short-term pricing compared to the mid-price or the weighted
mid-price. For example, ref. [33] used microprice to construct feature maps to predict
price movements using data from the limit order book. Ref. [32] proposed a definition
of transaction returns based on the average return of transactions in a forward window
to reduce noise, and they defined the directions of price movement by comparing
such transaction returns with the average past returns. Refs. [1,33,83] used a mid-price
change, together with a threshold value, to generate a label of market movement.
Ref. [68] utilized a predetermined buy/sell threshold to compare anticipated values
and determine whether to purchase, sell, or maintain holdings. Ref. [103] generated
category labels by comparing the ratio of the average of the future mid-price and the
present mid-price.

New feature preparations: By introducing new features into the modeling process,
we can improve the low SNR in high-frequency financial data, thereby improving
the accuracy and robustness of forecasting models. Ref. [93] proposed three novel
modeling strategies: utilizing information from usually discarded data, combining
sampling and ensemble methods, and using functional principle component analysis
(FPCA) to incorporate long-term historical data for processing raw data and prepar-
ing input features. Ref. [94] developed additional variables, such as the investor’s
attention factor, in conjunction with temporal convolutional networks (TCNs) to fore-
cast intraday volatility. Ref. [95] extracted interactions from input characteristics to
create new features and used a sub-industry index as supplementary information
to forecast movements of stock prices. Ref. [96] used candlestick data and technical
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indicators as input characteristics to predict the movement of the stock price using a
deep neural network model. Ref. [20] developed the order imbalance (OI) indicator
and the order flow imbalance (OFI) indicator as tools to improve the accuracy of future
return predictions. Ref. [3] employed the OFI to forecast high-frequency returns using
deep learning methodologies. Ref. [97] argued that the depth of the market has an
essential impact on pricing in the limited order book market. Ref. [98] mentioned that
the inclusion of non-traded hour information significantly influences the accuracy of
volatility forecasts. Ref. [99] used financial stress indices (FSI) as additional variables
to predict volatility in oil prices. Ref. [100] utilized latent efficient returns instead
of observed returns to model high-frequency covariance dynamics to avoid market
noise. Ref. [101] proposed a novel feature identification scheme to obtain trades and
LOB features using time series segmentation and synchronizing the state of the order
book. Ref. [103] provided a comprehensive collection of manually designed features,
including econometric features, Tech and Quant features, and LOB features. These
features were used to predict mid-price movements. In addition, they performed an
experimental assessment that included directly comparing their proposed features
with other manually designed features mentioned in previous research, as well as
features obtained from an LSTM autoencoder. Unlike most studies that use historical
data only as input features, ref. [102] examined the use of the first 3/5/10 min of
stock price data from the current day and stock data from the previous day to fore-
cast the movement of stock prices on the current day. Ref. [104] first established a
correlation graph among stocks using a multi-Hawkes process. They then used an
attention-based LSTM to learn the weighting matrix that underlies the dynamic graph.
Ref. [106] showed that including microstructure noise in the two scales realized volatil-
ity significantly enhances the accuracy of volatility estimators. Ref. [17] transformed
historical volatilities data into two-dimensional pictures and then used a filterbank
CNN that includes 15 kinds of domain knowledge-based filters to extract superior
features from the resulting images. Likewise, ref. [105] transformed LOB data into
a sequence of standard images represented as 2D matrices and forecasted mid-price
fluctuations using an image-based CNN. The multiplicative component framework
was established by [107] in their study. This method takes advantage of the robust
correlation between volatility and trade volume. They used a state-space method to in-
corporate a prior framework for modeling and predicting volatility. Empirical findings
have shown that the suggested approach surpasses conventional models by offering
more extensive information and achieving superior accuracy in predicting intraday
volatility. Ref. [108] introduced positional features such as remaining time in the
current trading day and the agent’s current position, to collect contextual information,
hence enhancing the overall performance of deep reinforcement learning in intraday
trading. Ref. [109] demonstrated that dilated causal convolutional filters (DCCs) excel
at extracting critical features from intraday financial time series, and this architecture
effectively harnesses the predictive information embedded in high-frequency data
for predicting day-ahead volatility. Refs. [27,110] employed U.S. industry indices as
novel attributes to forecast stock market volatility and established that the majority of
industries provide valuable insights for estimating future aggregate market volatility
and returns.

Alternative data: Integrating alternative data in high-frequency financial data analysis
may effectively address the issues caused by low SNRs. We conducted an extensive
analysis of the alternative data used to solve this problem. Ref. [66] showcased that the
level of interest of oil investors, evaluated by the amount of Google searches, provides
additional valuable information to predict the volatility of crude oil futures. The
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MLP ensemble [120]
WT+PCA+SVM [119]

study by [111] suggested that the high-frequency crude oil futures data had valuable
information to forecast volatility in the US stock market. Ref. [112] showed that both
macroeconomic and firm-specific news had a substantial impact on the volatility levels
of intraday returns. Similarly, ref. [113] showed that macroeconomic news affects the
returns and volatility of the indices. Ref. [91] designed a machine learning system to
extract useful features from tweets as alternative information to predict stock price
movements. Ref. [114] used public sentiment on Twitter to forecast the return and
volumes of cryptocurrency prices.

3.2.2. Quantitative Methods for Low Signal-to-Noise Ratios

Figure 7 is an overview of quantitative methods to address the issue of low signal-to-

noise ratios and their accompanying articles. Following that figure, we describe more methods:
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Figure 7. Quantitative methods for addressing low signal-to-noise ratio in high-frequency finan-
cial data [13,18,19,21,23,32,61,89,118-141].

Ensemble methods: Ensemble techniques are well suited for tackling the low SNR
problem in high-frequency financial fields by combining the knowledge of numerous
weak learners to construct a more powerful and resilient prediction model. In addition
to the ensemble models discussed in the nonstationarity section, we also include
some additional models. For example, ref. [118] proposed a temporal mixture en-
semble that is capable of adaptively using information to predict both the volume
point estimate and its uncertainty. Ref. [119] introduced an ensemble method that
incorporates wavelet analysis, phase space reconstruction technique, independent
component analysis, and support vector machine to denoise high-frequency financial
data. Ref. [120] created a binary ensemble classifier using two multilayer perception
(MLP) frameworks to predict the market-making process.

Dimension reduction: Dimension reduction approaches may mitigate the problem
of low SNRs by identifying the most relevant features of the dataset. Ref. [121] uti-
lized stepwise regression to determine the most important features to predict the
stock price. Based on the principle that an optimal collection of features should
be highly informative while minimally redundant, ref. [122] combined the mini-
mum redundancy-maximum relevance (mRMR) feature selection criteria to assess
the information included in the individual features after eliminating redundancy.
Refs. [23,125,127] used (functional) principal component analysis to reduce the di-
mensionality of high-frequency financial data. Ref. [126] proposed a high-frequency
principle component analysis (PCA) method that uses a correlation matrix to handle
jumps, microstructure noise, and asynchronous observation periods in a robust man-
ner. Ref. [123] used a matrix-valued factor model to decrease the dimensionality of
high-dimensional functional time series. This was achieved using latent factors to
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represent the information contained in the data. To fight the curse of dimensionality,
ref. [124] proposed three specifications for factor models. They chose to use time
series regression (TSR) or cross-sectional regression (CSR) to determine factor load-
ings, a correlation between observed and latent variables, depending on whether the
factors are known or unknown. Alternatively, PCA was used if both factors and their
loadings were unknown. Ref. [128] utilized multivariate adaptive regression splines
(MARSPlines) to identify the key factors that influence crude oil prices. Ref. [89]
gave a numerical score to each feature based on the measurement of autocorrelations
and mutual information. Subsequently, they used a technique known as stochastic
universal sampling (SUS) to choose features based on their respective scores, with a
higher score indicating a higher probability of being selected. Ref. [129] introduced an
innovative hybrid method to reduce dimensions. First, they utilized Pearson’s correla-
tion as a simple filter to remove linearly dependent features. Then, they combined
proposed classifiers such as the K-nearest neighbor classifier (KNN) and Fuzzy KNN
with differential evolution feature selection (DEFS), a method to determine the best
parameters for each classifier proposed by [142], to select the most relevant features
to predict intraday returns. Ref. [130] employed XGBoost for feature selection and
integrated it with a deep learning approach to forecast price spread in high-frequency
pairs trading.

Data compression: Data compression is a method used to decrease the size of data by
encoding them in more efficient forms while maintaining crucial information. This
includes eliminating noise, extracting significant features, and reducing computa-
tional complexity. Thus, apart from the papers specifically addressing “dimension
reduction” and “filter, noise reduction”, this collection includes other works that
use some techniques of data compression. Ref. [18] introduced a novel approach to
transform raw LOB data into probability vectors. This conversion allows for com-
pressing raw tick data while preserving crucial information necessary for modeling
neural networks. The DeepScalper architecture, a reinforcement learning method
proposed by [131], aims to capture short-lived intraday trading opportunities. An in-
novative aspect of their study is the use of the encoder approach to generate market
representations. These representations are derived from micro embeddings, which
include historical limit order book data and private observations, as well as macro
embeddings, which include OHLCV data and technical indicators. The technique
suggested by [132] integrates ResNet [143] with the variable-wise attention mechanism
to address multicollinearity, resource constraints on computing hardware, and the
problem of vanishing gradients in RNN series while analyzing complicated high-
frequency financial data. Ref. [133] used tensor representations to compress the LOB
data and introduced multilinear methods to predict the directions of the mid-price
movement. Ref. [61] proposed a technique called self-supervised learning to extract
feature representations from unlabeled financial data using data augmentation and
neural network-based encoders. This method aims to overcome the bias caused by
manually crafted features. Ref. [134] proposed a novel temporal-aware neural bag-
of-features (BoF) model to convert 144 value feature vectors into a temporal BoF
(T-BoF) histogram with only 32 values. The proposed model used the radial basis
function and accumulation layers to capture both the short- and long-term dynamics
of time series. Ref. [135] integrated the concept of bilinear projection and an attention
mechanism to enhance the layer’s ability to identify and concentrate on important
temporal information to predict changes in financial time series. Initially, an attention
technique was utilized to erase the impact of unimportant features. The authors then
extracted higher-level feature representations after the bias shift and nonlinearity trans-
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formation through bilinear projections. Ref. [21] utilized four-state representation to
cover the inherent information of the market microstructures of the limit order books.
Ref. [136] used order encoding methods to create input embeddings that represent all
relevant features (e.g., market type, price, time, etc.) to predict the movement of the
mid-price. In their experiment, convolutional neural networks (CNNs) combined with
average pooling techniques were proposed to improve the prediction power. Ref. [19]
utilized a bottlenecked transformer autoencoder to acquire concise and informative
representations of limit order book patterns for subsequent anomaly identification in
high-frequency markets.

*  Penalized methods and regularization: Penalized approaches and regularization
techniques are useful in mitigating the problem of low SNRs in high-frequency finan-
cial data by managing the complexity of the models and avoiding overfitting. Ref. [23]
used penalized least squares and function-on-function linear regression as dynamic
approaches to improve the accuracy of predicting cumulative intraday returns (CIDRs).
Ref. [32] utilized penalized linear regression to reduce the impact of less informative
variables by pushing their coefficients toward zero when forecasting high-frequency
stock returns. Ref. [137] introduced a compensating term in the objective function to
penalize data on the wrong side of the hyperplane when applying SVM to analyze
the dynamics of the limit order book. Ref. [135] combined dropout and max norm
as regularization techniques to improve the generalization capacity of networks in
analyzing the data from the limit order book. The study conducted by [138] assessed
the performance of different artificial intelligence models, such as Support Vector
Regression (SVR), Gaussian Poisson regression (GPR), regression tree (RT), K-nearest
neighbors (KNN), Feedforward Neural Network (FFNN), Bayesian Regularized Neu-
ral Network (BRNN), and Radjial Basis Function Neural Network (RBFNN), to predict
high-frequency Bitcoin price series. Bayesian optimizations were utilized to fine-tune
key parameters in the proposed models. Ref. [13] proposed regularization approach
(L1, Ly, and Frobenius) to estimate the volatility matrix of high-frequency stock re-
turns with the aim of achieving lower prediction errors. The study conducted by [139]
used the Lasso method to select important features. Ref. [140] proposed a hybrid
self-organizing map (SOM), which uses K-means clustering to cluster stocks and uses
SVR to predict future price and volatility. The regularization term was applied in SVR
to control the function’s capacity. Ref. [141] showcased the capacity of RNN to capture
the nonlinear correlation between short-term price movements and a spatio-temporal
representation of the limit order book. The regularization penalty was applied on the
loss function to find the optimal parameters.

3.3. Asynchronous Data (AD)

High-frequency financial data are recorded in irregularly spaced time. However, most
well-developed methods are created for regularly temporally spaced and synchronous data.
There are different ways to handle the common problem of asynchronous high-frequency
financial data. The commonly used method is to specify a sequence of evenly spaced time
points such as each minute and then use the available data that are right before the specified
time point as the data for this specified time point. Although easy to handle, this method
may not accurately reflect the actual time at which the trades were executed. There are
several methods studied in the literature, and we summarize them as follows.

Figure 8 is an overview of the data preprocessing and quantitative approaches to
address the issue of asynchronous data and their accompanying articles.
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Figure 8. Data preprocessing and quantitative methods for addressing asynchronous issue in high-
frequency financial data [11,78,80,93,100,124,144-160].

3.3.1. Data Preprocessing for Asynchronous Data

Data cleaning: Ref. [144] has a detailed procedure for cleaning TAQ data. Ref. [145]
introduced the adaptive cleaning method for filtering high-frequency financial data.
This method employs a sequential approach to clean a time series and continually
update its knowledge base in real time while simultaneously learning from the data.
Ref. [78] examined the challenges related to gathering and managing high-frequency
financial data from the NYSE. The authors illustrated typical issues associated with
data errors and explained how they can be addressed using fundamental outlier iden-
tification techniques. Ref. [146] developed a multiple-stage algorithm for identifying
and removing outliers in high-frequency financial data.

Refresh time sampling: The algorithm was first proposed by [148] and included
in the R package [149] highfrequency 1.0.1. The concept involves coordinating
nonsynchronized transactions for many securities by selecting the most recent trades in
each security after new trades appeared in all stocks. This approach successfully deals
with the Epps effect [161], where the sample correlation tends to exhibit a significant
bias toward zero as the sampling interval decreases. Following [149], we illustrate how
the refresh time sampling algorithm works in Figure 9. Ref. [147] utilized the refresh
time algorithm to synchronize irregularly spaced time series data. As an extension
of refresh time sampling, ref. [150] proposed the “pairwise-refresh” and “all-refresh”
schemes to handle nonsynchronized trading. Refs. [124,151] used the preaveraging
approach with a refresh time to address the issue of microstructure asynchrony.

assetA 4 1>2—> 3 4> 5 64 1 2 4 5 6
assetB o 1 2 34567 8 4 1 2 3 7 8
assetC 123 — 4> 5 6>7 8> 1 3 4 6 8
I I I I I I I I I | I I | I
1 3 5 7 9 11 13 1 3 5 7 9 11 13

Figure 9. Refresh time algorithm visualization. The x axis denotes the time interval. The dashed

vertical lines reflect the occurrence of trading in assets A, B, and C. The numbers indicate the sequence

of transactions, with 1 being the initial trade, 2 the second trade, and so forth. The right arrows show

the timestamp at which the observations are shifted.

3.3.2. Quantitative Methods for Asynchronous Data

Pairing and synchronization methods: Ref. [152] addressed the issue of asynchronic-
ity on several measures of association using copulas. The pairing method used in
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the paper is similar to the refresh time sampling method, and, in addition, the trad-
ing time of the reference ticker is kept in their method. The paper proposed some
improved estimators for the dependence measures of asynchronous financial data
and shows that ignoring the asynchronous issue may generate serious problems in
assessing the dependence in terms of correlations and Kendall’s 7. Ref. [93] employed
within-window features to enrich the information contained in binned data while
reducing data synchronicity issues. The Generalized Synchronization approach sug-
gested by [162] aims to synchronize high-frequency financial data to avoid the Epps
effect. This approach is based on the concept of generalized sampling time, in which
an arbitrary observation is selected within a certain time period. Ref. [80] implemented
the generalized synchronization approach to address the issue of nonsynchronicity.
Ref. [153] provided the optimal sampling frequency that achieves a balance between
bias and other kinds of random errors, such as asynchronous trading, microstructure
noise, and temporal discretization. Ref. [148] used the minimizing the tuple span
technique (MINSPAN), a data collection approach aimed at reducing the tuple span,
to improve the synchronization of financial data.

*  Missing data approach: Refs. [100,154] treated the asynchronicity problem as a miss-
ing data problem that can be easily handled by Kalman filters. The benefit of the
method is that the data are not partially discarded; therefore, all the information
in the data is kept. Ref. [155] applied the Kalman-filter-filling method to analyze
emerging markets stocks. Ref. [11] adopted a Bayesian dynamic linear model in which
asynchronous trading and microstructure noises are interpreted as missing obser-
vations and measurement errors, respectively, in an otherwise synchronous series.
Ref. [156] modeled noisy and asynchronous high-frequency asset prices in a state-
space framework with missing data. Then, a covariance matrix of the latent states was
subsequently estimated utilizing the Kalman smoother and expectation maximization
(KEM) method. Ref. [157] extended the KEM algorithm to price models that include
jumps. They developed a Kalman Expectation Conditional Maximization (KECM)
algorithm to estimate the unknown covariance and identify jumps.

¢ Preaveraging: Preaveraging refers to calculating the weighted average of returns
within a predetermined time window. Ref. [158] extensively examined the process of
selecting the weight function and the length of the time window. In addition, ref. [158]
used the modulated realized covariance (MRC) estimate to represent the covariance of
financial asset returns. This estimator utilizes preaveraging to produce the asymptotic
distribution, taking into account asynchronous trading and microstructure noises.
Meanwhile, the authors improved the Hayashi-Yoshida (HY) estimator by using
preaveraging. This estimator has a significant benefit by retaining information that is
generally discarded during a synchronization process.

*  Other methods: Ref. [159] proposed a “realized” regression based on a time-varying
factor model to estimate the spot beta from asynchronous and noisy high-frequency
and high-dimensional data. Ref. [160] investigated an innovative methodology that
merges low-frequency dynamic models with high-frequency volatility matrix estima-
tion to address the challenges associated with asynchronization and high-dimensional
problems in estimating large volatility matrix.

3.4. Others Issues (OT)
3.4.1. Imbalanced Data
A major topic in high-frequency financial data analysis is predicting the direction of

the price movement of financial assets, and it is often a classification question in machine
learning. Depending on the performance of the financial market and how one defines the
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price movement directions such as upward, level, and downward, the numbers of observa-
tions among different price movement directions could be very imbalanced. For example,
if the stock market performs well during the study period, then there would be many
more data labeled upward than downward. However, machine learning algorithms tend
to generate bias towards certain classes when trained on datasets with imbalanced class
distributions, particularly when the sample size of a given class far outweighs the others.
We have compiled a list of solutions as follows to address this problem:

*  SMOTE, oversampling, undersampling: In the literature, many methods have been
studied to deal with imbalanced labels for classification questions, but only a few
articles address such an issue in the field of quantitative finance. Ref. [122] used the ran-
dom undersampling and synthetic minority oversampling technique (SMOTE) [163] to
mitigate the problem of class imbalance when forecasting the upward and downward
movements of the intraday stock market. Ref. [164] utilized the SMOTE in conjunc-
tion with a fuzzy approximative classifier to forecast movement in several financial
domains, such as the stock index. To overcome the imbalance issue on forecasting
foreign exchange jump movements, ref. [165] first used the SMOTE to oversample the
minority classes. Subsequently, they employed a random undersampling technique
on the majority class to achieve equal class sizes in the training sets.

¢  Threshold: Using carefully selected thresholds to create a more balanced training set
is a widely used method to address the problem of class imbalance in classification
that predicts price movement using TAQ or limit order book data, such as [1,33,83],
and others.

* Interval-valued fuzzy rule-based classification systems: Ref. [164] proposed a system
that uses fuzzy rules with interval values to model and forecast financial applications.
The suggested solution addresses the issue of financially imbalanced assets by re-
moving the need for preprocessing or resampling methods and thus ensures that no
unintentional noises are introduced into the data during the learning process.

*  SVM preprocessor: Ref. [166] applied the support vector machine (SVM) to address
the issue of class imbalance. The concept involves using the SVM as a preprocessor,
where the predictions made by the trained SVM are used to substitute the actual
values of the training data. Ref. [167] used the proposed preprocessor SVM to create a
balanced dataset, mitigating the significant learning biases associated with unbalanced
training sets and thus improving the detection of intraday stock price manipulation.

3.4.2. Intraday Seasonality

Intraday seasonality refers to patterns that emerge throughout a single trading day in
financial markets. These patterns may include different volatilities and trading activities at
specified times, such as market opening, lunchtime, and market closing. The following are
some articles that account for such intraday seasonality issues.

The multiplicative component GARCH model [168] is an appropriate approach to
address seasonality concerns in the prediction of high-frequency volatility because it allows
for the breakdown of volatility into several components, with each indicating a different
source of volatility. To account for intraday seasonality in high-frequency log-returns,
ref. [169] utilized the multiplicative component GARCH model to estimate the univariate
margin and then used a full-range tail dependence copula to capture intraday dynamic
tail dependence patterns. Similarly, ref. [170] used the multiplicative component GARCH
to forecast risk measures (e.g., VaR) on intraday foreign exchange returns. To eliminate
intraday seasonality in raw return data, ref. [171] applied the multiplicative component
GARCH model for deseasonalized returns, intraday returns divided by an estimated
seasonality term [172], to forecast the value-at-risk (VaR) using high-frequency stock data.
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Ref. [173] revealed that intraday returns of S&P 500 index Futures have the characteristics
of heteroscedasticity and time-varying autocorrelation. To overcome the aforementioned
intraday seasonality problem, they utilized a vector autoregression heteroskedasticity and
autocorrelation consistent (VARHAC) estimator, which was first proposed by [174], that
utilized vector autoregression to create a heteroskedasticity and autocorrelation covariance
matrix to estimate the realized volatility. Ref. [175] proposed self-organizing maps (SOMs)
that use neural network learning and nonlinear projections to tackle the problem of intraday
seasonality. A straightforward method for extracting intraday seasonality, utilizing a
wavelet multiscaling approach and excluding model selection parameters, was presented
in a study by [8].

4. Recent Survey Papers

This section provides an overview of the most recent survey papers (published since
2020) relevant to the analysis of high-frequency financial data. Although these surveys are
not exclusively focused on high-frequency financial data, they are arranged in decreasing
order according to the percentage of articles in each survey that focus on high-frequency
data. A comprehensive summary of these recent survey articles is presented in Table 2.

The study reviewed by [176] included a comprehensive analysis, comparison, and as-
sessment of the latest research in the field of forecasting price movements using limit order
book (LOB) data. Ref. [177] examined the importance and need for using deep neural
networks (DNNSs) to predict stock prices and trends. This article explored the suitability
of several types of DNNs to analyze temporal stock market data. Ref. [178] reviewed the
most recent machine learning, deep learning, and reinforcement learning-based techniques
in quantitative finance. They summarized the articles using different categories of stock
market data/tasks/prediction models/model performance evaluation/portfolio evalua-
tion. Ref. [179] conducted an extensive literature study on the use of deep learning (DL)
to implement financial time series forecasting. The studies were categorized according to
their intended areas, such as forecasting stocks, market indices, and foreign exchanges.
Furthermore, they were grouped according to their DL model choices, which included
Deep Multilayer Perceptron (DMLP), Recurrent Neural Network (RNN), Long-Short-Term
Memory (LSTM), Convolutional Neural Networks (CNNs), Restricted Boltzmann Machines
(RBMs), Deep Belief Networks (DBNs), Autoencoders (AEs), etc. Ref. [180] discussed var-
ious techniques for predicting stock prices that incorporate the ARIMA, LSTM, hybrid
LSTM, CNN, and hybrid CNN. This survey also discussed the constraints and accuracy of
the variant hybrid LSTMs and CNNs. Ref. [181] explored machine learning methods to pre-
dict the stock market. The primary contribution of this survey consists of a comprehensive
analysis of market data, predictors, and various machine learning methods used for stock
market predictions. Ref. [182] comprehensively surveyed scenarios where deep learning
was used in the stock market. Their primary emphasis was on publications that incorporate
the practice of backtesting. Ref. [183] provided three types of data processing methods,
including feature selection, order reduction, and feature representations, to formulate the
data before fitting the raw stock data to machine learning models. In the meantime, a com-
prehensive survey on the use of machine learning for stock market prediction has been
conducted. Ref. [184] reviewed the latest progress made in the use of machine learning
and deep learning techniques in the field of finance. The primary contributions consisted
of a detailed analysis of data characteristics and input features, validation evaluation,
and model performance. Ref. [185] provided an extensive review of the advancements
and applications of deep learning (DL) techniques, reinforcement learning (RL) and deep
reinforcement learning (DRL) in the context of information-based decision making within
the financial sector. Ref. [186] performed a thorough literature review and meta-analysis
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of machine learning algorithms used to forecast the foreign exchange market. Ref. [187]

critically examined the most recent research on machine learning in finance. The author
identified three distinct categories of ML applications: (1) the development of advanced and
innovative metrics, (2) the minimization of prediction inaccuracies, and (3) the expansion

of the conventional econometric toolkit. Ref. [188] provided a bibliographic review on

applying artificial intelligence and machine learning to predict stock and oil prices, manage

investment portfolios, and analyze behavior finance. Ref. [189] examined the application

of machine learning and text mining methodologies in the context of news-driven stock

market forecasting.

Table 2. Summary of recent survey papers.

Article Data Frequency Reviewed Models Implementation Areas Data Type
. . . Linear, Nonlinear, Multilinear, Image . -
[176] tick-by-tick, second, daily, Classification, Dimensionality Reduction, stock price changes prediction TAQ, LOB, MBO
weekly, monthly . on LOB
Neural Network, Deep Learning
CNN, Deep Q-network, RNN, LSTM, GRU,
[177] mins, daily, weekly echo state network, restricted Boltzmann stock price, trend prediction TAQ
machine, deep belief network
Statistical Method (AR, MA, ARMA,
ARIMA), Machine Learning (ML, LR, NB, DT,
. . RF, SVM, Bagging Boosting, KNN), Deep quantitative finance and the
[178] intraday and interday Learning (ANN, MLP, RNN, CNN, LSTM), stock market TAQ
Reinforcement Learning (RL-Q-Learning,
RL-Deep-Q-Learning)
stock, index, commodity,
Deep Multi-Layer Perceptron, RNN, LSTM, cryptocurrency price foreFastlng,
. . . . stock price forecasting with text
[179] mins, daily, Convolutional Neural Networks, Restricted mining techniques, volatility TAQ, Textual Data
weekly, monthly Boltzmann Machines, Deep Belief Networks P . d f’ . !
and Autoencoders orecasting, trend forecasting,
’ trend forecasting with text
mining techniques
. . ARIMA, SLTM, Hybrid LSTM, CNN, Hybrid . -
[180] mins, daily, weekly CNN, LSTM Variants stock price prediction TAQ
[181] mins, hourly, daily, weekly, Machine Learnin; stock market prediction TAQ
monthly, quarterly, yearly & p
[182] intraday and interday Deep Learning stock market prediction TAQ
ANN, SVM, Naive Bayes, Genetic
intraday, daily, weekly, Algorithms, Fuzzy Algorithms, Deep Neural = pre-processing techniques, stock
[183] monthly, quarterly Networks, Regression Algorithms, market prediction TAQ, Textual Data
Hybrid Approaches
stock markets, portfolio
. . . . . management, cryptocurrency,
[184] intraday and interday Machine Learning and Deep Learning forex markets, financial crisis, TAQ
bankruptcy and insolvency
. . Reinforcement learning, Deep Learning, . S
[185] intraday and interday Deep Reinforcement Learning decision making in finance TAQ
mins, daily, . . foreign exchange
[186] montly, quartely Machine Learning market forecasting TAQ
[187] intraday and interday Artificial Intelligence the application of ML in finance TAQ
bankruptcy prediction, stock, oil
[188] intraday and interday Artificial Intelligence and Machine Learning price prediction, portfolio TAQ
management, etc.
[189] intraday and interday Machine Learning and Text Mining news-driven stock market TAQ, Textual Data

forecasting

5. Discussion

The primary objective of this survey is to identify the critical and unique challenges
associated with high-frequency financial data and to highlight relevant studies that propose
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potential solutions, improvements, or offer insightful perspectives on addressing these
challenges. Through an extensive review of recent literature, we have observed a notable
trend toward the application of deep learning and artificial intelligence techniques for
analyzing high-frequency financial data. For a detailed introduction and discussion on
deep learning architectures, we refer readers to [179,180,190]. In addition, there is a growing
emphasis on using increasingly granular datasets, which underscores the evolving nature
of research in this domain.

The inherent complexity of high-frequency financial data, coupled with the major
challenges identified in our analysis, necessitates the adoption of more advanced com-
putational algorithms and the incorporation of higher-resolution data. Although such
advances provide promising opportunities compared to traditional methods that utilize
lower-frequency data, they also present significant challenges. Specifically, the use of
powerful algorithms and extensive datasets does not inherently translate into improved
predictive accuracy or meaningful insights. In fact, there is a risk that sophisticated black-
box models may overfit the data, resulting in suboptimal performance, particularly when
applied to out-of-sample data.

As such, it is crucial to investigate strategies for effectively leveraging these advanced
computational capabilities, algorithms, and detailed comprehensive datasets in a manner
that enhances predictive power. Our documented data preprocessing and quantitative
methods, presented in this survey, serve a dual purpose: they support advanced quanti-
tative research in high-frequency financial data by systematically collecting, categorizing,
and documenting classical and state-of-the-art methodologies, and they provide essential
tools for evaluating fair market practices. These methods enable a precise analysis of
market liquidity, volatility, and efficiency within high-frequency financial data contexts.
In addition, they facilitate detailed examinations across various types of financial data,
including stocks, cryptocurrencies, futures, and foreign exchange markets, thus improving
financial market transparency and promoting regulatory compliance. We hope that this
survey contributes to advance these efforts by providing a thorough examination of the
current landscape and identifying key areas for future research.
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Abbreviations

The following abbreviations are used in this manuscript:

AD Asynchronous data

AEs Autoencoders

ANFIS Adaptive neuro-fuzzy inference system
ANN Artificial neural network

ARCH Autoregressive conditional heteroskedasticity model
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ARIMA
ARIMA-ANN
ARIMA-LSTM
BoF

BRNN

BSd
CEEMDAN
CIDR
CNN

CSR

DARL
DB-BLSTM
DBNs
DCC

DEFS

DL

DMLP
DNN

DRL

DWT
EEMD
EMD
ETICA
FCD

FCDP
FFNN
FPCA

FSI

GANs
GARCH
GAS
GP-RU-MIDAS
GPR

GRU

HHT

HP

HY

IDIN

IFT

IMFs
KECM
KEM
KL-VMD
KNN

LOB

LP

LR

LS

LSTM

MA
MARSPlines

Autoregressive integrated moving average
Autoregressive integrated moving average with ANN
Autoregressive integrated moving average with LSTM
Bag-of-features

Bayesian regularized neural network

B-spline wavelet of high order d

Complete ensemble empirical mode decomposition with adaptive noise
Cumulative intraday returns

Convolutional neural networks

Cross-sectional regression

Data-augmentation-based reinforcement learning
Daubechies wavelet with the bidirectional LSTM mode
Deep belief networks

dilated causal convolutional filters

Differential evolution feature selection

Deep learning

Deep multi-layer perceptron

Deep neural networks

Deep reinforcement learning

Discrete wavelet transformatio

Empirical ensemble mode decomposition

Empirical mode decomposition

External trend and internal component analysis

Filter cycle decomposition

Functional classification and dynamic prediction
Feedforward neural network

Functional principal component analysis

Financial stress indices

Generative adversarial networks

Generalized autoregressive conditional heteroskedasticity
Generalized autoregressive

Group penalized reverse unrestricted mixed data sampling mode
Gaussian poisson regression

Gate recurrent unit

Hilbert-Huang transformation

High-pass filter

Hayashi-Yoshida

Increasing-decreasing linear neuro

Inverted fourier transform

Intrinsic mode functions

Kalman expectation conditional maximization
Kalman smoother and expectation maximization
Kullback-Leibler divergence optimized variational mode decomposition
K-Nearest neighbor classifie

Limit order book data

Low-pass filter

Linear regression

Low signal-to-noise

Long short term memory

Moving average

Multivariate adaptive regression spline
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MBD
MBO
MBP
MINSPAN
ML

MLP
MODWT
MRC
mRMR
MRS-HEAVY
MS-HAR
NS
NYSE
OFI
OHLC
OHLCV
Ol

oT

PCA

PFP
RASA
RBFNN
RBMs
RCARF
ResNet
RL

RNN
RSM

RT

SFM

SG

SGD
SMOTE
SNR
SOM
SuUS
SVM
SVR
T-BoF
TABL
TAQ
TCN
TSR
TVP-VAR
UHFD
VaR
VARHAC
VLS
VMD
WFO
WT

Message book data

Market-by-order

Market-by-price

Minimizing the tuple span

Machine learning

Multilayer perception

Maximal overlap discrete wavelet transform
Modulated realized covariance

Minimum redundancy-maximum relevance
Markov regime-switch high-frequency-based volatility mode
Markov switching heterogeneous autoregressive mode
Nonstationarity

New York Stock Exchange

Order flow imbalance

Open, High, Low, Close

Open, High, Low, Close, Volume

Order imbalance

Others

Principal component analysis

Phase fix procedure

Recurrently adaptive separation algorithm
Radial basis function neural network
Restricted boltzmann machines

Recurring concepts adaptive random forest
Residual learning neural networks
Reinforcement learning

Recurrent neural network

Random sampling method

Regression tree

State frequency memory

Savitzky-Golay filter

Stochastic gradient descent algorithm
Synthetic minority oversampling technique
Signal-to-noise ratios

Self-organizingg map

Stochastic universal sampling

Support vector machine

Support vector regression

Temporal bag-of-features

Temporal attention-augmented bilinear layer
Trade and quote data

Temporal convolution network

Time-series regression

Time-varying parameter vector autoregression
Ultra high-frequency Data

Value-at-risk

Vector autoregression heteroskedasticity and autocorrelation consisten

Variable length sampling
Variational mode decomposition
Walk forward optimization
Wavelet transformation
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Appendix A. Overview of Articles on High-Frequency Financial Data

Table Al. Summary issue-solution tables for addressing nonstationarity (NS), low signal-to-noise
(LS), asynchronous data (AD), and other issues (OT). The term “Data” refers to the data type.

Art. Market Data Input Target Methodology Issue-Solution
. . Intraday
Turkish equity market . - GAS framework, .
[155] Borsa Istanbul TAQ log price cond1t19nal State-Space Modeling AD-—missing data approach
correlation
[156] S&P 500 TAQ price covariance matrix Kalman-EM algorithm AD-missing data approach
. log price, returns, Covariance KEM, pairwise refresh, ..
[157] Simulated data TAQ jumps Matrix CARCH AD—missing data approach
[11] NYSE TAQ return covariance matrix Bayesian g};réaerlmc Linear AD—missing data approach
s e QML, Step, RT, Pol, Kern, -
[154] SPY TAQ volatility volatility MRC, GARCH-X AD—missing data approach
fixed year effects,
[159]  S&P 100 constituents. TAQ anne(jlﬁlcr;%rslent spot beta Smoothed TSRV estimator AD—other method
dummies
Shenzhen and matrix factor model, vector
[160] Shanghai Stock TAQ  log price process volatility matrix . ’ AD—other method
Exchanges autoregressive model
Foreign exchange covariance QMLE, generalized AD—pairing and
[162] future contracts TAQ log returns matrices synchronization scheme synchronization methods
. AD—pairing and
[152] Stocks TAQ log price return copula synchronization methods
Previous-tick covariance AD—pairine and
[153] MSFT, GOOG TAQ price covariance estimator, Epp effect paming
. synchronization methods
remedies, TSCV
[158] Equity data TAQ log-price covariance matrix ~ MRC estimator, HY, ARMA AD—preaveraging
. covariance Multivariate realized . .
[147] US equity TAQ return matrices Kkernels AD—refresh time alogirthm
. . volatility - . .
[150] Dow Jones index TAQ log price covariance all/pairwise refresh AD—refresh time alogirthm
. . - . stationary bootstrapping - . .
[151] simulated data TAQ  log price process volatility matrix method, MCMC simulation AD—refresh time alogirthm
historical price AD—refresh time alogirthm,
[148] IBM TAQ di fferentri)als price differentials regression paring and synchronization
method
[17] Taiwan futures TAQ images arbltragg Filterbank CNN LS—alternative data
opportunities
[113] Brazégii;r;: dl\i/ie:;man TAQ rrrecvl;c;ec;)er};?;lc return, volatility regressions LS—alternative data
[112] Dow Jones stocks TAQ riﬁ?gﬁ’nﬂlﬁ?f volatility FIEGARCH models LS—alternative data
[111] S&P 5f(1)10t;1 Cri:;de oil TAQ volatility volatility MIDAS regression model LS—alternative data
. . . Multi-Hawkes Processes, .
[104] Chinese A-share LOB  correlation graph price CALSTM LS—alternative data
directional
indicators, .
[91] S&P500 TAQ relevance tweet returns RF, FFNN, K-nearest, Naive LS—alte;‘:a;\;(tei;ii;a, label
indicators, meta prep
features
[21] Lo;zic%r;f;zck II\J/I?S% input matrices up/down CNN LS—data compression
[18] FOREX market LOB raw tick time probabilities CNN, LSTM, LSTM-CNN LS—data compression
series vector
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Table Al. Cont.

Art. Market Data Input Target Methodology Issue-Solution
[132]  S&P 500, KOSPL DJIA  TAQ prliﬁ?ﬁ:{f’ﬁleg' irf(l:lseexoéiilcltioofn ResNet18, RNN, LSTM LS—data compression
[134] g&%?g(%i;osﬁ’ LOB }o(i-ilcee‘;(;lvaosll:lﬁég up, down, static MLP, PCA, LDA, AE, BoFs LS—data compression
[19] LOBSTER LOB LOB data anom‘:ﬂy Transformer autoencoder LS—data compression
detection
Stock index and TAQ, OHLCY, 5-level . BAH, MV, TSM, MLP, GRU;, .
[131] price LGBM, DQN, variant of LS—data compression
Treasury bond LOB LOB DeepScalper
LOB, order Logistic, SVM, MLP, variant .
[136]  Tokyo Stock Exchange MBO embeddings up/down CNNs LS—data compression
. mid-price WMTR, MTR, RR, SLEN, .
[133] FI-2010 data set LOB tensor input direction BoE, N-BoF LS—data compression
NASDAQ, FI-2010 10-level ask/bid TABLs, SVM, MLP, CNN, LS—data compression,
[135] data set LOB prices/volumes up/down LST™M regularizations
[126] S&P 100 Index TAQ SPOtI?:; eiifmon eignvalue high frequency PCA LS—dimension reduction
[125] NYSE, NASDAQ TAQ latent factors VOl.atlhty’ . PCA,VAR, HAR LS—dimension reduction
correlation matrix
[139] S&P constituent TAQ cros:;zii’;lon returns Lasso, EN’APISIE’ RF, GBRT, LS—dimension reduction
Korea Composite various prices . . . . . .
[121] Stock Index TAQ and volumes prices stepwise regression, ANN LS—dimension reduction
basic features,
[130]  Taiwan stock market {%QB, LOBtiimzzsl and price spread Deep Learning models LS—dimension reduction
indicators
technical DEFS, (Fuzzy) KNN . . .
[129] S&P 500 TAQ indicators returns classifier, MLPM-FKNN LS—dimension reduction
[128] Wiland Eﬁent crude TAQ ifgizltcc?rls prices BPNN’s LS—dimension reduction
[123] Dow Jones Index TAQ latent factors return Matrix-Valued Factor Model LS—dimension reduction
. . covariance LS—dimension reduction,
[124] Dow Jones, S&P TAQ  various portfolios matrices TSR, CSR, PCA AD—refresh time sampling
liquidity
Shenzhen Stock measures and . L LS—dimension reduction,
[122] Exchange TAQ technical jumps directions SVM, ANN, RE, KNN OT-imbalanced data
indicators
time-lagged
[118] Cryptocurrency {A(S% features, volume ARMA_G_EA‘I\EIS H, GBM, LS—ensemble
transcation loggs
120] Brazilian Stock candle§t1ck,
[ Exchange TAQ technical 0,1 MLP LS—ensemble
& indicators
[119] Chinese Shanghal TAQ time series rice Ensemble De-noising, SVM LS—ensemble
Composite Index P &
[90] Bank of America, LOB b.1d/as.k microprice mathematical computation LS—Ilabel preparation
P p prep
Chevron price/size
TAQ, technical LS—Ilabel preparation,
[89] NASDAQ LOB indicators 01 GRU dimension reduction
triple trend labeling method, LS—label preparation
[92] Cryptocurrencies TAQ close price trend prediction attention-based prep ’
yP p p nsembl
CNN-LSTM model ensemble
. . Industry and . s . . LS—new feature
[110] US industry indexes TAQ market volatility Realized volatility HAR, machine learning preparations
[106] Intel and Microsoft TAQ log return volatility TSRV LS—new features

preparation
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Table Al. Cont.

Art. Market Data Input Target Methodology Issue-Solution
OFIs, # of arrive/ time series regression, LS—new features
[20] BIST30 LOB canceled /initiated return hg L .
buy (sell) orders Fama—-MacBeth regression preparation
[99] Oil market TAQ realized volatility volatility variants of HAR model LS—new fefatures
preparation
. price-based . . - -
[108] foreign ex«?hange and TAQ  features, positional Financial Flec151on deep reinforcement learning LS—new fetaltures
commodity futures P making preparation
eatures
[98]  Tokyo Stock Exchange  TAQ return volatility HAR model LS—new fefatures
preparation
. . price return, . . -
[114] Cryptocurrency TAQ twitter sentiment, and trading sentiment a1j1aly51s( Granger LS—new fef':ltures
message volume causality testing, preparation
volume
Shanehai Securities technical indicators, TCN, LSTM, GARCH, LS—new features
[94] Con% osite Index TAQ inverstor attention volatility FIGARCH, ARIMA, reparation
P index HAR-RV prep
3] LOBSTER LOB OFI return CNN'+inception LSTM LS—new features
preparation
[101] Brazil Stock Exchange TAQ, trade/LOB features, High, Medium, XGBoost LS—new fe.atures
LOB segment features Low preparation
Dilated Causal LS—new features
[109] NASDAQ-100 TAQ intraday return volatility Convolutions (DCCs)-based .
preparation
neural network
[96] India stock TAQ  technical indicators up/down ANN, SVM, proposed LS—new fefitures
model preparation
[97] Australian stock LOB technical indicators buys/sells HARX, LX LS—new fe.at’ures
market preparation
[102] Shanghai Securities TAQ prei:;/édolis dalzfata’ /down decision tree, XGBoost, RF, LS—new features
50 Index X opening up/dow SVM, LSTM preparation
features
. State-Space, Kalman Filter LS—new features
[107] S&P500 TAQ return, volume volatility and Smoother, mcsGARCH preparation
[105] Stocks LOB LOB 2D images up/down CNN LS—new fe.:atures
preparation
. price, volume, LSTM, LSTM+DeepFM, LS—new features
93] Stock index TAQ technical indicators up/down ATT-CNN, MFNN, FA-CNN preparation
covariance LS—new features
[100] NYSE TAQ log price . LL, g-GAS, DCC, EWMA preparation, AD—missing
matrices
data approach
LS—new features
Dow Jones 30 features extracted preparation, AD—pairing
[93] TAQ from proposed up, down, static SVM, Enet 4 N
component stocks. methods and synchronization
method
Econometric
features, Tech and LS—new features
[103] US and Nordic stocks LOB ! 1,-1,0 MLP, CNN, LSTM preparation, label
Quant features, .
LOB features preparations
g urrencies time series data exchange rate eep learning models —noise reduction
[37] C i TAQ i ies d hang deep 1 ing model LS i ducti
[88] S&P 500 TAQ price price LSTM LS—noise reduction
WRASA, AR, ARMA, . .
[87] US DJIA 30 stocks TAQ return return ARMA-GARCH LS—noise reduction
S&P, Nasdaq, SSE and internal . .
[79] SZSE stocks TAQ returns components ETICA LS—noise reduction
S&P500, NASDAQ, S - - BSd, db3/4, Haar-RNN, . .
[86] DJIA, NYSE TAQ historical volatility volatility GARCH, ARIMA LS—noise reduction
[84] Stock indices TAQ price price ARIMA, SVR, LSTM, GRU LS—noise reduction
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. . . SVM/SVR, random forest,
[82] Stock exchange TAQ bid /ask price/size long, s.hort, XGBoost, and neural LS—noise reduction
related features holding
network
German equity . . . LLSA+ARIMA, . .
[85] market TAQ time series price MODWT4+ARIMA LS—noise reduction
[81] China stock market TAQ volume, return IVaR Copula, MCMC simulate LS—noise reduction
[41] CSI 300 Index TAQ price close price CEEMDDAN+SG, LSTM LS—noise reduction
. LS—noise reduction,
[78] NYSE TAQ raw data cleaned data data cleaning procedures AD—data cleaning
LS—noise reduction,
[80] Simulated data NA log price covariance matrix reaverging, multiscale AD—pairing and
g p p ging p g
synchronization method
[83] Nasdaq Stock Market, LOB 1?)()1;\672;1;2615/%;d up/down DeepLOB, Ls_nmi(ee r:faiiccz;osn’ fabel
FI-2010 . . P DeepLOB-Attention, DTNN prep
price and size OT—imbalanced data
[127] S&P 100 Index TAQ return covariance PCA LS—penalized methods
[140] NSE stocks TAQ price, volume price, volatility cluster and SVR LS—penahzed. met hods and
regularization
[141] S&P500 E-mini LOB records of. LOB ~1,0,1 RNN LS—penahzedv me'thods and
futures observations regularization
[137] NASDAQ LOB LOB features, up, down, static SVM LS—penalized methods and
technical indicators regularization
L previous five price . SVR, GPR, RT, kNN, LS—penalized methods and
[138] Bitcoin TAQ observations price RBFNN, FFNN, BRNN regularization
New York Stock . . . KRVM, KRVPM, PRVM, LS—penalized methods and
(131 Exchange TaQ price volatility matrix PRVPM regularization
NYSE, NASDAQ, . . . online evolving fuzzy .
[6] AMEX TAQ OHLC price high price rule-based prediction model NS—adaptive methods
. SVR with New /Radial .
[10] Chinese CSI300 Index TAQ lagged returns return Basis/Sigmoid Kernel NS—adaptive methods
oreign Exchange return volatilit ,T { —adaptive methods
[12] Foreign Exchang TAQ latility SST, rFFF, FFF NS—adapti hod
China’s financial date, normalized
[75] market TAQ open/close/low/ close price Informer, LSTM NS—attention mechanism
high volume/money
Shanghai crude oil normalized OHLC . naive, VAR, VECM, MLR, . .
[74] market TAQ data price SVR, LSTM, transformer NS—attention mechanism
[31] S&P 500 futures TAQ  technical indicators flow toxicity PIN model NS—bar preparations
imformation driven . NS—bar preparations,
[32] S&P100 TAQ bars return panel regression, RF LS—label preparation
[30] NSE TAQ technical indicators price GA-ANFIS, PSO-ANFIS NS—data aggregation,
adaptive methods
s . LSTM ensembles, Lasso LR, NS—data aggregation,
[16]  USlarge-cap stocks TAQ  technical indicators buy/sell Ridge LR ensemble
s 4. . RCARF, ARF, RCD, DWM, NS—data aggregation,
[15] S&P 500 ETF TAQ  technical indicators price AHOEFT ensemble
L. s . FF-D-ANN, SVM, RF, FW, NS—data aggregation,
[48] Bitcoin TAQ  technical indicators log return ARMAX LS—label preparations
Bayesian linear regression . .
[27] SPY, QQQ TAQ log returns return with Student’s t error NS—differencing
[22] NASDAQ TAQ open HLC LR, BPNN NS—differencing
[24] Crude oil futures TAQ CIDRs CIDRs weighted functional FPCA ~ NS—differencing, adaptive
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Shanehai Composite NS—differencing, data
[28] & Index P TAQ log return log return regression aggregation, LS—label
preparations
. FPCR + bootstrapping, NS—differencing,
23] S&P/ASX TAQ price CIDRs FPCA LS—dimension reduction
[26] S&P500 TAQ log return volatility V-MF-GAS st_ dlffere{nc1ng, m1.11t1p1e
requencies modeling
Euro/Dollar . NS—differencing, modeling
[25] exchange rate TAQ log return volatility long-memory GARCH multiple orders of mements
[40] SS&P 500 Index TAQ price price Naive, ARIMA, SVR NS—EMD
[39] Bitcoin TAQ price price GAM NS—EMD, VMD
. statistical logistic regression, SVM, NS—ensemble, LS—Ilabel
[68]  Chinastock market  TAQ indicators buy, sell, keep GBDT, RF, LSTM preparation
[64]  Tokyo Stock Exchange  TAQ historical m.arket synthetic data GANs NS—including more data
event, noise
[62] Stocks TAQ OHLC return SLM-Lab, Deep Q-Learning NS—including more data
NS—including more data,
[61] Stocks TAQ encorders up/down Self-FIS, CNN, TCN LS—data compression
Brazilian, American, technical NS—including more
(5] and Chinese stocks TAQ indicators return SVR dimensions
. NS—including more
L. technical . TI-SVR, rVMF-SVR, R . R
[60] Bitcoin TAQ indicators price TL-rVME-SVR dimensions, LS—nmse
reduction
. - - ARIMA, HAR, OLS, LASSO, NS—including more
[63] S&P500 index TAQ volatility volatility XGBoost, MLP, LSTM features
2] Stocks TAQ technical price WSAEs-LSTM, WLSTM, feattlizs_;relaltllﬁll?eg nrizir:ling
indicators LSTM, RNN !
methods
e NS—modeling multiple
[57] Cryptocurrency TAQ return volatility GARCHs orders of mements
. . Semiparametric GARCH NS—modeling multiple
[58]  Shanghai Stock Index. ~ TAQ log return volatility Model orders of mements
NS—modeling multiple
[56] NYSE, USD/EUR TAQ return volatility ARCH, GARCH orders of moments
returns .
simultaneously
investor text sentiment analysis, NS—multiple frequencies
[54] Stocks TAQ  sentiments, stock return RR-MIDAS, rolling EMD pe lrequ
. modeling
return decomposition
. . AR, LSTM, SFM recurrent NS—multiple frequencies
[71 Stocks TAQ price price network modeling
[55] Chinese stock market ~ TAQ risk factors return GP-RU-MIDAS NS—multiple frequenmes
modeling
reconstructed
. . CEEMDAN-SE, ARIMA- . .
[47] Gold futures prices TAQ components by price CNN-LSTM NS—nonstationarity
IMFs
Wavelet Multiresolution
[38] Crude oil futures TAQ time series data price Analysis, NS—nonstationarity
VAR-BEKK-GARCH
[34] NASDQA LOB 144;]3;2?:“9 up/down MLP, CNN, RNN NS—normalization
. NS—normalization,
[33] London Stock LOB 10 l.evel ask/.b1d up/down ML benchmarks, DeepLOB LS—sequence modeling,
Exchange price and size .
label preparations
normalized NS—normalization,
(] London Stock LOB, price/size/change /down LM, MLP, LSTM, Attention, LS—label preparati r,1
Exchange MBD  price/change size, up/do CNN, DeepLOB, Ensemble abe’ preparations,

side and action

OT—imbalanced data
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covariance GARCH, HEAVY, NS—regime-switch
[65] S&P 500 TAQ return structure of MRS-GARCH, m% thods
returns MRS-HEAVY
- NS—regime-switch
[67] US ETFs, energy TAQ returs volatility TVP-VAR mothods
. - NS—regime-switch,
[66] Crude oil futures TAQ return volatility MS-HAR LS—alternative data
. Hybrid model of
[76] Shan%}e)a IIrslgzithen TAQ close price return nonparametric regression NS—sequence modeling
and LSTM
[70] Stocks TAQ log price log price ﬁi&ﬁ‘g’_ﬁgﬁ’ NS—sequence modeling
Brazilian stock L. . . ARIMA, MLP, IMP, SHIF, .
[5] market index TAQ price time series price IDLN NS—sequence modeling
ARIMA, SVM, LSTM,
[69] CSI 300 index TAQ price price, return ARIMA-SVM, NS—sequence modeling
ARIMA-LSTM
. tock price .
ask/bid s Linear, XGBoost, DeepLOB, .
[72] CSI-500 LOB price/size percentage DeepAcc, LGT, O-LGT NS—sequence modeling
change
technical
[14] BM&I;E:}Y;?: stock TAQ indicators, price 0,1 LSTM, MLP, RF, Random NS—sequence modeling
& history
intraday return,
index . , , , sequence modelin
73] CS1300 ind TaQ  Tetumrelatedto 0,1 TCN, LSTM, RF NS—seq deling
closing and
opeing price
. . . wavelets+machine learning .
[71] Chinese stock index TAQ OCHLY and time log-returns methods (ANN, GRU, NS—sequence mod.ehng,
futures indicators LS-label preparation
LSTM)
[43] Crude oil TAQ e?;?:gfgzlc price Deep learning, VMD NS—signal decomposition
. rice volatilit , , —wavelet
5] Nikdeistodaretum g pri latility MA, ARCH, GARCH NS !
[50] S&P 500 TAQ price price A T ANHAG NS—wavelet
Open, Close,
[36] 5&P500, DJI, TAQ  Volume MA5,  Puy/sell/hold LSTM, RNN, RL NS—wavelet
and KOSPI200 indices MA10 action
[44] C"mm?jtﬁi’eand X 1aQ mini batch ~1,0,1 DNN NS-WFO
[45] Cryptocurrency TAQ OHLC up, down, static MLP, LSTM, RSM NS—WFO, RSM
Elman/Jordan
[9] AAPL stock TAQ log return log return neuro-wavelet net NS/LS-wavelet
liquidity,
. volatility, KNN, decision tree, SVM,
[165] Foreign exchange TAQ technical up/down RE, ANN, ARIM+AdaBoost OT—Imbalanced data
indicators
trade-
[167] Stock index TAQ  based/characteristic 1,0 RNN_blased.ensemble OT—imbalanced data
f earning
eatures
Various datasets, Fuzzy Rule-Based
[164] including financial TAQ interval values up, down, static Classi f}" . OT—imbalanced data
data assification System
[171] Stock data TAQ iﬁigisgr;:gff: VaR, CVaR CGARCH-EVT-Copula OT—intraday seasonality
[170] EUR/USD exchange TAQ return VaR, ES Multiplicative component OT—intraday seasonality

rate

GARCH
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[173] S&P 500 TAQ return volatility VARHAC OT—intraday seasonality

[8] DEM-USD, JPY-USD TAQ return return ‘/Avﬁzeslee;:;llgﬁ:};’ OT—intraday seasonality
[169] US stock TAQ Fana(;g—lg::zlrir}ts%ive tail dependence ARMA-mcsGARCH, PPPP OT—intraday seasonality

factors copula, regression
IAOM, kernel smoothing
[175] Foreign exchange TAQ return volatility Na dara?gg{/?;aifs};er; Kernel OT—intraday seasonality
method
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