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Abstract. These days, the financial world is driven more and more by data, so
predictive analytics has become increasingly important for navigating modern markets.
This is especially true for places like Kazakhstan, where the stock exchange is expanding
rapidly and the country’s becoming more integrated into global finance. In this review,
recent developments in machine learning models for stock market forecasting are
examined, with particular attention to their potential applications in Kazakhstan. The
most common models - such as widespread use of LSTM networks - the types of data
utilized, and the main evaluation metrics reported in the literature are summarized. Most
studies tend to focus on complex models and large amounts of high-frequency data.
However, in markets like Kazakhstan, hybrid, multi-scale models that also incorporate
local sentiment and fundamental company data may offer the best approach. Ultimately,
the key challenges involve ensuring high data quality and model transparency, as well as
adapting global technological advances to fit local market realities. Through these efforts,
stronger financial systems can be established to support more informed decision-making.
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AnHoTanus. Ka3ipri Tana Kap bl aeMi Jiepekrepre OapraH cailblH Toyeni 60-
JBIN KeJe/ll, COHABIKTAH OOJKaM/Ibl aHAJIMTHKA 3aMaHayd HApBIKTap/bl Tajjayja sKoHe
Oafmapnayaa MaHbI3/Ibl pesl arkapajbl. byn ocipece KOp HapbIFbl KapKbIHIbI JaMblll,
»ahaHJBIK KapKbl XKYyleciHe MHTerpalusany yAepici Kymeiin kene katkan Kazakcran
YLLIiH 03eKTi. byJ1 momyna Kop HapblFbIH OOJKayFa apHaJIFaH MalIMHAJIBIK OKBITY MOJIEIb-
JIepiHIH COHFBI d3ipieMernepi KapacThlpbulbll, oidapabl KazakcTtanna KongaHydblH oley-
eTTI MYMKIHJIIKTEpiHE epeKIlle Ha3ap aydapbliajbl. OneduerTepae KeHiHeH KOJaHblIa-
TBIH MoOJelNbep, aran aiitkanna LSTM xeninepi, maigjanaHbliaTelH JepekTep TypIiepi
KOHE Herisri 0aranay KepCeTKIIITepi *KMHAKTaJbI TajJaHaabl. 3epTTeylepaiH 0achiM
Oeuiri Kyp/esi MOJEJIbJep MEH KOFaphbl KHUUIIKTI JepeKTEpAiH YIKeH KoJeMiH maijaa-
HyFa OarpITTanFaH. Anaiina KasakcTan CHSKTBI HapbIKTap YIIIH JKEPriuliKTI HapBIKTHIK
KOHUI-KYH/Il KoHE KOMITAHUUIAp/bIH 1presii KOpPCEeTKIITEepiH eCKepeTiH TMOpUITi, Kell-
MaciTabThl MOJENbJCp THIMJI Tocil Oosybl MyMKiH. JKanmbel anFaHja, HEri3ri Mmace-
Jenep AepeKTepiH >KOFapbl carnachl MEH MOJENbACPAIH alIbIKThIFbIH KAMTAaMAachI3 €Ty,
COHJIali-aK >kahaHABIK TEXHOJOTHSIIBIK JKETICTIKTEP/Il KEePriTKTI HAPBIK JKaFAaiiapbiHa
Oelfimaeymen OaitnanbicThl. OCbl OAFBITTAFbl KYMBICTAP/bl JAMBITY apKbLIbl HEFYPIIBIM
TYPaKThl Kap>Kbl )KYHECIH KaJIBIITACTBIPHIIN, HET13/I€IreH MelIiMaep KaObliiayFa Koujaay
KepceTyre 001abl.

Tyiiinai ce3aep: Kop HapbIFbIH 60Ky, OOKAMABI MOJIEIBCY, MAILIMHAJIBIK OKbI-
TY, JaMyLIbl HAPBIKTAP
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AHHoTanus. B HacTosmiee BpeMst UHAHCOBBIN MUP BCE OOJIBIIIE OPUEHTUPYETCS
Ha JIaHHBIE, TIOATOMY IPOTHO3HAsI aHAJTUTHKA MPHOOpeTaeT BcE Ooubliee 3HAYCHUE IS
aHalu3a U TOHMMAaHUS COBPEMEHHBIX (PMHAHCOBBIX PHIHKOB. JTO O0COOEHHO aKTyaJbHO
JUIs TaKuX CTpaH, kak Kazaxcras, riae (OHIOBBIN PBIHOK CTPEMHUTEIHHO Pa3BHBACTCS, a
CTpaHa CTaHOBUTCS BCE OoJiee MHTETPUPOBAHHOW B IMOOATBHYIO (PHHAHCOBYIO CHCTEMY.
B manHoM 0030pe paccMaTpHBaIOTCS MOCIEAHUE TOCTHKEHUS B 00NacTH Mozeneil ma-
IMIMHHOTO 00yYEeHHs JJIsl IPOTHO3UPOBAHUS (DOHIOBOTO PHIHKA C 0COOBIM BHUMAaHUEM K MX
NOTEHIIMATbHOMY TIprMeHeHnto B Kazaxcrane. O6o0matorcs Hanbolee pacpocTpaHEH-
HBIE€ MOJZIENIY, B YaCTHOCTH IINPOKOe NpuMeHeHue cereit LSTM, TUIbI HCIonib3yeMbIX JaH-
HBIX, a TaK’)KE OCHOBHBIE TIOKA3aTeIN OLEHKH, IPEICTABICHHbIE B HAYYHOU JIUTEpaATypeE.
BonbmmHCTBO MCClieIoBaH COCPEIOTOYCHO HA CIIOKHBIX MOJIEIAX M OOIBIINX 00bEMax
BBICOKOUACTOTHBIX JaHHBIX. OHAKO JJISl TAKMX PBIHKOB, Kak Kazaxcran, Hanbomee mep-
CTHEKTUBHBIM MOJXOAOM MOTYT OBITh THOPUAHBIE MHOTOYPOBHEBBIE MOJICIH, YUUTHIBAIO-
IIME TAKKE JIOKAbHBIE HACTPOCHHS YYaCTHUKOB PHIHKA M ()yHJAMEHTAIbHbIC TOKA3aTeNN
KOMIaHWH. B KOHEUHOM HMTOTe KITIOUEBBIMHU 33/1a4aMHU OCTAIOTCS 00ECII€YeHNE BBICOKOTO
KaueCcTBa JAHHBIX U MPO3PAYHOCTH MOJIENICH, a TAKXKE aJanTalus I100aJbHbIX TEXHOIOTH-
YECKUX JOCTIKECHHI K 0COOCHHOCTSIM JIOKAJIbHBIX PHIHOYHBIX YCIOBUH. Peanu3anus stux
MIOAXO/IOB TTIO3BOJIUT CPOPMHUPOBATH OOJIee yCTOWYNBYIO (PMHAHCOBYIO CHCTEMY U o0ectie-
YUTh NPUHATHE O0ee 000CHOBAHHBIX PEIICHUI.

KiroueBble cj10Ba: MporHo3upoBaHue (POHIOBOTO PHIHKA, TPOIHO3HOE MOJICIHPO-
BaHME, MAITMHHOE 00yUYeHHE, Pa3BUBAIOIINECS PHIHKU
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Introduction.

The exponential growth of data generation has fundamentally transformed financial
markets. By 2025, global data volumes are projected to reach 181 zettabytes, while the
big data market is expected to grow from $220.2 billion in 2023 to $401.2 billion by
2028 (Vassakis et al., 2018). This growth reflects a fundamental shift in how organizations
collect, analyze, and utilize information for decision-making. In the financial sector, the
ability to interpret and act on real-time data has evolved from a competitive advantage to
an essential capability for market participants.

For developing economies like Kazakhstan, which is experiencing rapid financial
sector growth, predictive analytics offers a transformative opportunity. The Kazakhstan
Stock Exchange (KASE) is seeing increased activity as the country’s economy integrates
more closely with global markets. In such a dynamic environment, the ability to accurately
predict financial trends could help policymakers, investors, and institutions anticipate
risks, optimize investment strategies, and support macroeconomic stability. However,
forecasting market behavior is highly complex, influenced by a multitude of interrelated
factors, including macroeconomic indicators, political events, social media sentiment, and
investor psychology (Min, 2020).

For decades, investors have relied on three core approaches to financial market
analysis: fundamental analysis, technical analysis, and sentiment analysis (Nti etal., 2019).
Fundamental analysis examines a security’s intrinsic value through economic and financial
indicators, including earnings, interest rates, and geopolitical events. This approach
assumes that prices fluctuate around intrinsic value due to market noise but eventually
revert to equilibrium (Arya, 2020). However, fundamental analysis has limitations: it is
subject to analyst judgment, relies on historical reports, and may not capture rapid market
changes (Min, 2020).

Technical analysis, in contrast, focuses on quantitative data, using historical price
movements and trading volumes to predict future price behavior. Analysts employ statistical
techniques and charting tools to detect market trends, momentum, and cycles (Nti et al.,
2019). While more objective, technical analysis has its limitations in capturing external
events or sudden sentiment shifts that can drastically affect market dynamics. That’s where
sentiment analysis comes into play, an increasingly important tool in the financial analyst’s
toolkit. It involves extracting psychological and emotional cues from unstructured textual
data such as news headlines, social media posts, and expert commentary (Singh et al.,
2022). Powered by natural language processing (NLP), sentiment analysis can reveal
investor confidence or panic before such sentiments manifest in the market. Nevertheless,
it remains supplementary rather than foundational, primarily due to the complexity of
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modeling linguistic nuances and the lack of standardized integration with quantitative
models.

Each of these methodologies provides unique insights, but none is sufficient on its
own. Therefore, there is a growing consensus that conjoint analytical frameworks, capable
of integrating fundamental, technical, and sentiment analysis, are necessary for reliable
predictions in volatile financial environments. A critical enabler of such integration is
the construction of a data lake, a centralized repository that accommodates structured
(e.g., historical prices) and unstructured data (e.g., financial news articles). Realizing
such a data ecosystem introduces its own challenges, particularly in addressing the well-
established 5V characteristics of Big Data: volume, velocity, variety, veracity, and value
(Naeem et al., 2021).

These challenges intensify with real-time analysis requirements. Processing
high-frequency stock data while simultaneously extracting sentiment from news sources
demands substantial computational resources and scalable infrastructure. Legacy batch-
oriented pipelines often lack the necessary fault tolerance and flexibility. For emerging
markets like Kazakhstan with limited local data, leveraging models and insights from
mature markets through transfer learning and adaptation becomes particularly valuable.

Given this context, the present review examines research that applies machine
learning—based predictive models to stock market forecasting. The emphasis is on
algorithms such as regression models, decision trees, ensemble methods, and deep
learning architectures, including recurrent and long short-term memory networks, which
have demonstrated potential to capture complex, nonlinear relationships in financial data.
Studies that integrate multiple paradigms into hybrid frameworks are also considered,
as such multidimensional approaches reflect the increasing need for more robust and
adaptable forecasting strategies in volatile markets. An example of such a hybrid
framework is illustrated in Figure 1, where structured historical stock data from the
Kazakhstan Stock Exchange (KASE) and unstructured financial news articles can be
combined through the real-time preprocessing pipeline before being fed into predictive
models. This type of integration demonstrates how technical data, fundamental drivers,
and sentiment information can be jointly leveraged to enhance predictive accuracy—an
approach highly relevant for emerging markets such as Kazakhstan.

This review does not attempt to provide an exhaustive account of conventional
forecasting methods that lack machine learning components, nor does it include purely
theoretical discussions without empirical validation. Instead, the focus is on research
that demonstrates practical applications and measurable predictive performance, with
particular attention to insights that may inform the development of forecasting models for
emerging financial markets such as Kazakhstan.

Materials and methods.

Predictive modeling has emerged as a central component in financial market
analysis, offering researchers and practitioners the capacity to anticipate future trends
and behaviors by identifying patterns within large volumes of historical data. As financial
markets have become increasingly data-driven and interconnected, traditional forecasting
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methods have given way to more sophisticated, data-centric approaches. The adoption
of machine learning (ML) and deep learning (DL) models, particularly in the context
of time-series analysis, has transformed the financial forecasting landscape, especially
in emerging economies such as Kazakhstan. These models offer the potential to model
complex nonlinear relationships, adapt to changing market dynamics, and incorporate
a wide range of features including textual sentiment, macroeconomic indicators, and
historical pricing data.

Karakbstan Slock
Exchange (RASE)

]
Lldlad 118 flisterical stock data
IStmictured Dala)

Karakhuan fimancial
news articles

Real-Time Sircaming Diata

Data Preprocessing
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Y

Maikel Mevement Call {Buy, Sell, Steady, .0

Fig. 1. Hybrid predictive framework for stock market forecasting in Kazakhstan.

The growing interest in ML-based financial forecasting stems from the
limitations of classical econometric methods like ARIMA or linear regression. Although
these methods have long been the standard, they often rely on strong assumptions of
stationarity, linearity, and normally distributed errors, which rarely hold in financial
time series. In contrast, predictive models based on ML can flexibly capture nonlinear
relationships and temporal dependencies without the need for extensive pre-specification.
A systematic review by Nti, Adekoya, and Weyori provides a comprehensive summary
of how ML techniques have evolved in financial forecasting, highlighting a shift from
fundamental and technical analysis toward more intelligent systems capable of self-
learning and adaptation (Nti et al., 2019).

Among the most widely adopted models for time-series prediction is the Long
Short-Term Memory (LSTM) network, a variant of the recurrent neural network (RNN)
architecture designed specifically to mitigate the vanishing gradient problem and capture
long-term dependencies. LSTM networks maintain internal memory cells that allow them
to store relevant information over extended sequences, making them especially useful
for capturing trends and seasonality in financial data. Fazeli and Houghten demonstrated
the effectiveness of LSTM for stock price forecasting, achieving low mean squared error
(MSE) scores on financial datasets across multiple markets between 2014 and 2019
(Fazeli et al., 2019). Their work showed how LSTM models outperformed standard
feedforward networks and even traditional RNNs in handling sequential financial inputs.

Despite their success, LSTM networks are not without drawbacks. The model’s
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complexity can lead to long training times and a higher risk of overfitting, especially in
markets with limited historical data or high levels of noise. To overcome this, researchers
have investigated hybrid modeling approaches that combine the strengths of multiple
algorithms. Li and Soo mentioned a hybrid model integrating ARIMA with LSTM, using
the former to capture linear patterns and the latter to model nonlinear residuals (Lee
et al., 2018). Their results indicated improved forecasting accuracy over either model
alone, especially in volatile environments like the Taiwanese stock market. However,
such hybrid models also introduce challenges in terms of hyperparameter tuning and
system interpretability.

Another promising avenue in predictive modeling involves the integration of
convolutional neural networks (CNNs) with LSTM architectures. Alonso-Monsalve et
al. applied this hybrid CNN-LSTM model to cryptocurrency markets, achieving high
forecasting accuracy on volatile assets such as Bitcoin and Ethereum (Alonso-Monsalve et
al., 2020). By using CNNss to extract spatial features from structured input representations
and LSTM to model sequential dependencies, this architecture proved highly effective
in markets characterized by high-frequency fluctuations. Nevertheless, these models
often demand large training datasets and substantial computational resources, posing
limitations for researchers or institutions operating in data-scarce or resource-constrained
environments.

While DL techniques have shown strong predictive capabilities, their black-box
nature has raised concerns regarding interpretability and trustworthiness in financial
contexts. Financial analysts and decision-makers often require explanations for model
predictions, especially in regulatory environments where transparency is critical. This
has led to renewed interest in ensemble learning methods, such as Random Forest (RF)
and Gradient Boosting (GB), which offer greater interpretability while maintaining
high performance. These models construct predictions by aggregating the outcomes of
multiple decision trees, thereby reducing variance and increasing robustness to overfitting.
Although RF and GB may not capture temporal dependencies as naturally as LSTM, they
can be extremely useful when supplemented with lagged features or applied to cross-
sectional data involving firm-specific indicators, macroeconomic signals, or sentiment
metrics.

Sentiment analysis has become an increasingly important feature in financial
forecasting, particularly in the age of social media and real-time news feeds. Numerous
studies have confirmed that investor sentiment extracted from news articles, Twitter
posts, and financial blogs can have predictive value over short time horizons. Valle-Cruz
et al. analyzed Twitter sentiment to guide investment decisions during the COVID-19
pandemic, revealing a strong correlation between public mood and market movement
(Valle-Cruz et al., 2021). Similarly, Lee and Soo employed recurrent convolutional
neural networks (RCNNs) to forecast stock trends using news data, demonstrating that
combining textual sentiment with quantitative indicators significantly boosts predictive
accuracy (Lee et al., 2018). These findings underscore the value of unstructured data in
enriching predictive models and suggest that future financial forecasting systems should
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be equipped to process both numerical and textual data.

Kazakhstan’s financial markets offer a unique testing ground for the development
and application of such predictive techniques. As a frontier market, it presents both
challenges and opportunities due to its relatively lower liquidity, limited transparency, and
evolving regulatory landscape. Sembiyeva et al. explored the use of regression and Al-
based models to forecast the green bond market in Kazakhstan, achieving strong statistical
performance and drawing attention to the role of predictive analytics in sustainable
finance (Sembiyeva et al., 2024). Their study illustrates how emerging markets can benefit
from adopting modern data science techniques, especially when local data limitations are
addressed through innovative modeling strategies.

The infrastructure supporting predictive modeling is critical for time-sensitive
financial applications. Modern distributed architectures enable real-time data ingestion
and processing, enhancing system responsiveness to sudden market shifts (Peddireddy,
2023). Vassakis et al. emphasize that predictive modeling’s utility hinges on efficient data
pipelines and computing frameworks capable of handling financial big data’s volume,
velocity, and variety (Vassakis et al., 2018).

As predictive modeling techniques continue to evolve, the intersection of big
data, machine learning, and domain-specific financial knowledge will define the next
frontier of market forecasting. The inclusion of explainable Al, better feature engineering
techniques, and real-time adaptation capabilities will further enhance the relevance of
these tools. These developments are particularly significant for policymakers, institutional
investors, and researchers operating in emerging markets like Kazakhstan, where reliable
and interpretable forecasting models can inform both economic planning and investment
strategy.

The effectiveness of predictive modeling in financial markets also hinges on the
selection and transformation of relevant features. Feature engineering remains a critical
component of model development, often determining whether a predictive system will
succeed or fail. In financial contexts, common features include price-based indicators such
as moving averages, relative strength index (RSI), Bollinger Bands, and various momentum
measures. These features attempt to capture technical patterns in asset behavior that may
precede price changes. However, the increasing availability of alternative data, such as
satellite imagery, ESG metrics, or geospatial data, has expanded the scope of feature
selection significantly. As observed by Gandomi and Haider, big data’s contribution to
predictive modeling is not only about volume but also about the variety and richness of
information that can now be leveraged for forecasting purposes (Gandomi et al., 2015).

The rise of big data technologies has transformed predictive modeling workflows
in finance. Modern distributed computing platforms enable faster processing of both
streaming and batch data, while NoSQL databases and cloud-based storage facilitate
ingestion of heterogeneous data types at scale. Vassakis et al. emphasize the importance of
scalable infrastructures for advanced analytics in financial applications, especially when
integrating high-velocity data streams like stock tick data, social media sentiment, and
news feeds (Vassakis et al., 2018).
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Moreover, hyperparameter optimization has become an essential part of training
predictive models. As financial markets exhibit high volatility and nonstationarity, even
small changes in model configuration can lead to significant differences in performance.
Automated machine learning (AutoML) frameworks such as Google’s AutoML or H20.ai
offer streamlined solutions by testing numerous model types and parameter combinations
to find the best-performing pipeline (Majidi et al., 2022). Nonetheless, in financial
applications, it is critical to ensure that optimization techniques do not lead to overfitting or
information leakage. Rolling window validation and walk-forward analysis are therefore
commonly used to maintain the temporal integrity of the data, as discussed by Nti et al. in
their evaluation of machine learning techniques for financial forecasting (Nti et al., 2019).

Another emerging trend is the incorporation of attention mechanisms into sequence
modeling, particularly in transformer-based models. Originally developed for natural
language processing, transformers have been increasingly applied to time-series forecasting
due to their ability to model long-range dependencies without relying on sequential
recurrence. Models like BERT and its time-series derivatives have shown promise in
capturing complex temporal relationships in financial datasets. The attention mechanism
allows the model to focus on relevant time points or data features dynamically, improving
interpretability and potentially enhancing predictive power. While still a nascent area in
financial modeling, the use of transformers is likely to grow, especially as more financial
institutions invest in large-scale Al research.

While accuracy remains a core metric for model evaluation, other considerations
such as robustness, adaptability, and explainability are becoming increasingly important.
In practical settings, a highly accurate model that fails during regime changes or market
shocks may be of little value. This has led to growing interest in adaptive modeling
techniques that can adjust their parameters or structure in response to changing market
dynamics. Reinforcement learning (RL) offers one such approach, where models learn to
optimize a reward function based on feedback from the environment. For example, Carta
et al. proposed a hybrid model for intelligent stock trading based on deep Q-learning,
exemplifying how RL can be applied to decision-making in financial contexts, with the
model learning from market responses to improve trading strategies over time (Carta et
al., 2021).

The trade-off between model complexity and interpretability remains a central
tension in financial predictive modeling. While deep learning architectures often yield
superior performance, they can be opaque and difficult to interpret. This poses a problem
not only for end users seeking to understand model outputs but also for regulatory bodies
demanding transparency. Explainable Al (XAI) techniques such as SHAP (SHapley
Additive exPlanations) and LIME (Local Interpretable Model-Agnostic Explanations) are
therefore gaining traction. These tools provide post-hoc explanations of model predictions,
allowing analysts to identify which features were most influential in a given decision.
Sembiyeva et al., in their analysis of Kazakhstan’s green bond market, emphasized the
importance of model transparency, particularly in policy-oriented financial research where
stakeholder trust is paramount (Sembiyeva et al., 2024).
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The reliability of predictive modeling also depends on data quality and preprocessing
techniques. Financial datasets often contain missing values, outliers, or inconsistencies
that can severely impair model performance if not properly handled. Data normalization,
smoothing, imputation, and anomaly detection are all critical preprocessing steps. Batini
and Scannapieco propose a multi-dimensional data quality framework that includes
accuracy, completeness, consistency, and timeliness, which can be tailored to financial
datasets for rigorous quality assurance (Batini et al., 2016). For emerging financial systems
such as Kazakhstan’s, where digitization is still expanding, establishing high-quality data
pipelines from the outset is crucial for long-term success in predictive analytics. Moreover,
when working with textual data such as financial news or social media, natural language
processing (NLP) techniques must be employed to clean, tokenize, and vectorize text
inputs. Word embedding models like GloVe or FastText convert text into dense numerical
representations, allowing predictive models to ingest and analyze linguistic information.
Pencheva et al. demonstrated the utility of NLP for sentiment-driven forecasting, using
news-based feature engineering to improve model accuracy in cryptocurrency markets
(Pencheva et al., 2020).

Ensemble learning remains one of the most effective ways to improve predictive
performance while managing model variance. By combining multiple models, each with
its own strengths and weaknesses, ensemble methods can often outperform any single
predictor. Techniques like bagging, boosting, and stacking allow modelers to aggregate
results in a structured way. In financial modeling, stacking is particularly useful when
combining models that specialize in different data modalities, such as combining an LSTM
for price data with a random forest for fundamental indicators. Valle-Cruz et al. highlighted
the benefits of model stacking in their COVID-19 investment prediction study, where
they fused sentiment analysis models with quantitative regressors to achieve more stable
forecasts (Valle-Cruz et al., 2021).

Risk management is another critical area where predictive modeling plays a pivotal
role. Predicting future asset returns is just one part of financial decision-making; equally
important is assessing the likelihood and impact of adverse outcomes. Value-at-Risk
(VaR), Conditional Value-at-Risk (CVaR), and expected shortfall are widely used metrics,
and predictive models are increasingly being used to forecast these risk measures under
various market scenarios. Bayesian neural networks (BNNs) are gaining popularity for
this purpose because they offer probabilistic outputs, allowing for better quantification of
uncertainty. Saba and Babajide’s review of artificial intelligence applications in banking
highlighted how Al models can provide early warnings of liquidity or credit risks, enabling
proactive risk mitigation (Madu-Saba et al., 2024).

In the context of Kazakhstan and other frontier markets, predictive modeling offers
significant potential to overcome traditional barriers to financial development. These
markets often lack high-frequency trading infrastructure, large institutional investor bases,
or extensive historical data. Nonetheless, by using transfer learning or pretraining models
on data from more developed markets and fine-tuning them on local data, it is possible to
build reliable predictive systems even in data-scarce environments. Furthermore, predictive
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models can help attract foreign investment by improving market transparency and
reducing information asymmetry, aligning with broader economic development goals.

The rapid evolution of hardware acceleration technologies, such as GPUs and
TPUs, has further empowered the use of deep learning models for financial forecasting.
These technologies allow for faster training of large-scale models, facilitating
experimentation with deeper architectures and larger datasets. As processing power
becomes increasingly accessible via cloud services, even resource-intensive models
like transformers and deep LSTMs are now within reach for academic and industrial
researchers. According to Costa et al., the combination of cloud computing and Al
enables the democratization of advanced analytics, allowing institutions from emerging
economies to access tools that were previously restricted to major financial centers (Costa
et al., 2024). This technological democratization is particularly relevant for countries
like Kazakhstan, where financial systems are undergoing digital transformation and can
leapfrog legacy infrastructure.

In addition to market prices and volumes, sentiment data derived from social
media and news articles has become a vital input for predictive modeling. The rationale
lies in the behavioral finance theory, which posits that investor sentiment significantly
influences asset prices. Tools such as VADER, TextBlob, and BERT-based sentiment
classifiers are used to quantify textual data into sentiment scores. These scores can then
be incorporated into predictive models as explanatory variables. For instance, a surge in
positive sentiment around a stock may signal upcoming price increases, particularly in
markets where retail investors dominate trading volumes. Nasir et al. provided evidence
that sentiment-based variables improved forecasting accuracy in the cryptocurrency
market, highlighting the importance of non-traditional data sources in modeling financial
behavior (Nasir et al., 2019).

Another promising direction involves graph-based machine learning techniques,
particularly graph neural networks (GNNs), which model relationships between entities
such as firms, assets, or market indices. Financial systems are inherently networked,
with intricate connections between market participants, sectors, and geographies. GNNs
allow for the encoding of these relationships into the model architecture itself, enabling
the prediction of cascading effects in systemic risk analysis or supply chain disruptions.
Asnoted by Ghosh et al., such techniques offer a more nuanced understanding of financial
contagion and interdependencies, which are especially relevant in globally integrated
markets (Ghosh et al., 2014). While still emerging, these models offer a pathway to more
holistic and interconnected forecasting frameworks.

Model evaluation in predictive analytics also extends beyond traditional error
metrics such as MAE, RMSE, or R2 In financial contexts, metrics must reflect the
economic utility of the prediction. For example, a model might achieve a high R? but still
perform poorly when translated into trading decisions due to high transaction costs or
poor timing. Therefore, profit-based evaluation metrics such as Sharpe ratio, maximum
drawdown, and cumulative returns are frequently used to assess model effectiveness
in a real-world context. Dash and Dash demonstrated this approach in their financial
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forecasting models by integrating predictive accuracy with portfolio performance
simulations, thus aligning evaluation more closely with investor goals (Dash et al., 2016).

Moreover, economic cycles and structural breaks present significant challenges
to predictive modeling. Financial time series are nonstationary, meaning their statistical
properties can change over time due to macroeconomic events, regulatory shifts, or
technological innovations. These regime shifts can invalidate model assumptions or
learned patterns, leading to forecast degradation. To mitigate this, regime-switching
models, such as Markov-switching autoregressive models or hidden Markov models
(HMMs), have been employed to capture distinct market states and adjust predictions
accordingly. Alternatively, ensemble models can incorporate regime-specific predictors
and dynamically allocate weights depending on the prevailing conditions. As Guresen
et al. highlighted in their work comparing ANN and SVM for stock price prediction,
the adaptability of a model to changing conditions is as crucial as its baseline accuracy
(Guresen et al., 2011).

Transfer learning has emerged as another tool for enhancing model generalization,
especially in data-scarce environments. By pretraining models on large, related datasets
and fine-tuning them on the target data, transfer learning enables better performance when
labeled examples are limited. This approach is particularly useful in financial applications
where specific markets may not have sufficient historical data for training from scratch.
For instance, a model trained on global equity markets can be fine-tuned for local market
conditions in Kazakhstan, thereby accelerating development and improving accuracy. Cao
et al. have shown the benefits of transfer learning in improving forecasting for illiquid and
emerging markets by leveraging broader data resources (Cao et al., 2023).

In risk-sensitive domains like finance, interpretability and trust are paramount,
especially when predictive models are used to guide regulatory or high-stakes decisions.
Black-box models, despite their predictive power, often face resistance from stakeholders
who need clear justifications for recommendations. Techniques such as counterfactual
explanations, decision trees extracted from neural networks, and rule-based surrogate
models offer partial solutions by providing simplified versions of complex models. In
response, institutions are increasingly embedding explainability audits into their model
development lifecycle, ensuring accountability and compliance with emerging Al
governance frameworks.

The convergence of predictive modeling and economic forecasting is further
exemplified by macro-financial modeling efforts that combine traditional econometric
models with machine learning. Hybrid models may incorporate ARIMA or vector
autoregression (VAR) as components of broader machine learning pipelines, benefiting
from the interpretability of classical models and the flexibility of Al. Azqueta-Gavaldon et
al. proposed models where economic indicators such as GDP, interest rates, and inflation
are fused with real-time market data to predict macro-level financial trends, demonstrating
that machine learning can complement, rather than replace, economic intuition (Azqueta-
Gavaldon, 2017). This synergy is essential for central banks and policy institutions in
Kazakhstan and similar economies, where forward-looking indicators are crucial for
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planning and stability.

As financial systems become more digitized, predictive modeling techniques are
also playing a growing role in fraud detection and anti-money laundering (AML) efforts.
By analyzing transaction patterns, user behavior, and contextual signals, models can
identify anomalous activity in real time. Techniques such as clustering, isolation forests,
and neural network-based autoencoders are commonly employed to detect deviations
from expected norms. Hernandez et al. applied machine learning algorithms to detect
suspicious banking activities and achieved higher accuracy than traditional rule-based
systems, illustrating the potential for Al-driven compliance mechanisms (Hernandez
et al., 2024). In Kazakhstan, where digital banking and e-commerce are expanding
rapidly, integrating such predictive systems into national financial infrastructure can
significantly enhance trust and operational security.

The integration of real-time data streams is reshaping financial forecasting. With
high-frequency trading proliferation, online learning techniques and streaming analytics
enable dynamic adjustments to market changes. According to Fischer and Krauss,
ensemble learning models that continually adapt to new market conditions perform
substantially better than static models in highly volatile environments (Fischer et al.,
2018). This capability is vital for markets in transition, such as those in Central Asia,
where macroeconomic indicators can shift quickly due to policy changes or external
shocks.

Moreover, the role of feature engineering remains critical in financial predictive
modeling despite the rise of end-to-end learning systems. Crafting meaningful features
from raw data, such as moving averages, volatility indicators, sentiment scores, or event
flags, significantly enhances model performance. Even in deep learning contexts, hybrid
approaches combining raw data with engineered features often yield superior results.
Feature importance ranking techniques, such as SHAP and LIME, improve performance
while offering transparency regarding prediction drivers. Zheng et al. demonstrate
how integrating domain knowledge into feature engineering provides robustness and
mitigates overfitting in financial neural networks (Zheng et al., 2021).

Furthermore, predictive models are increasingly being evaluated for their fairness
and potential for bias, particularly in credit scoring and lending decisions. Machine
learning models trained on historical data may inadvertently learn patterns that reflect
existing inequalities or systemic biases. For instance, if past lending practices were
discriminatory, a model may learn to replicate those patterns unless corrective measures
are taken. Techniques such as adversarial debiasing, reweighing, and fairness-constrained
optimization are now being applied to mitigate bias and ensure equitable predictions.
In high-stakes contexts, such as access to capital or insurance pricing, fairness-aware
models are not only a regulatory requirement but also a strategic imperative for fostering
inclusive financial systems. Khandani et al. discuss the importance of designing credit
risk models that balance predictive accuracy with fairness constraints (Khandani et al.,
2010).

Another important frontier in predictive modeling is the fusion of structured
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and unstructured data. Financial data is not confined to rows and columns; it also exists
in the form of earnings call transcripts, CEO interviews, satellite images of retail parking
lots, and customer reviews. Natural Language Processing (NLP) models, especially
transformer-based architectures like BERT and RoBERTa, are now being used to extract
actionable insights from textual data. These models can classify sentiment, detect topics,
or even predict market movements based on linguistic patterns. Chen et al. demonstrated
that incorporating insights from news headlines into financial models significantly
improved short-term prediction accuracy for stock indices (Chen et al., 2024). This fusion
of data types enhances situational awareness and enables a richer understanding of market
behavior, especially during periods of uncertainty or crisis.

Model retraining and lifecycle management are key components of sustainable
predictive modeling practices. As financial markets evolve, statistical relationships between
variables may degrade, necessitating periodic updates. Model drift, where prediction
accuracy deteriorates due to changing input distributions, requires ongoing monitoring
and validation. Continuous integration and deployment (CI/CD) pipelines, often referred
to as MLOps, facilitate automated retraining, version control, and model deployment.
According to Zbikowski, MLOps frameworks ensure both scalability and consistency in
model performance across time and use cases (Zbikowski, 2015).

The use of ensemble learning methods also continues to expand in financial
modeling. By combining the strengths of multiple models, ensemble methods such as
bagging, boosting, and stacking help reduce variance, bias, and improve generalizability.
Random Forests, Gradient Boosting Machines (like XGBoost and LightGBM), and
Voting Classifiers have demonstrated strong performance in predicting asset prices, credit
defaults, and customer churn. According to Patel et al., ensemble methods consistently
outperformed single-model approaches across various financial forecasting tasks,
especially when calibrated carefully with appropriate hyperparameters and feature sets
(Patel et al., 2015). These techniques are also more resilient to outliers and overfitting,
making them suitable for datasets with noisy or heterogeneous financial variables.

An important yet often underexplored aspect of predictive modeling in finance is
the psychological and behavioral interpretation of model outcomes. Predictions influence
human decisions, which in turn affect markets. This feedback loop means that models not
only reflect but also shape market realities. For instance, if a predictive model becomes
widely adopted, its recommendations may drive collective behaviors that reinforce or
invalidate its own forecasts. This is particularly evident in algorithmic trading, where
model-based strategies compete and interact in real time. Bollen et al. showed that
collective sentiment derived from social media could be used to forecast DJIA movements,
highlighting how information dissemination and behavioral response co-evolve in financial
ecosystems (Bollen et al., 2011).

Finally, the regulatory landscape around predictive analytics in finance is tightening.
As models become more influential in decision-making, regulators are demanding greater
transparency, auditability, and accountability. Frameworks such as the EU’s Al Act and the
U.S. Securities and Exchange Commission (SEC)’s guidelines on Al in trading emphasize
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the need for explainable, robust, and fair algorithms. For financial institutions operating
across jurisdictions, this creates a complex compliance environment that necessitates not
only technical but also legal and ethical considerations in model design. As noted by Li
et al., predictive modeling in finance must evolve within a governance framework that
balances innovation with responsibility (Wu et al., 2020).

As predictive modeling continues to evolve, the role of cross-disciplinary
approaches is becoming increasingly important. The convergence of finance, data science,
behavioral economics, and computer science fosters the development of innovative
models that are both technically sophisticated and practically relevant. For example, the
integration of network theory and graph analytics provides fresh perspectives on market
interconnectedness and systemic risk. By modeling financial entities, such as banks,
funds, or even individual assets, as nodes within a network, researchers can quantify
contagion effects, identify critical nodes, and simulate crisis propagation. Barabasi’s work
on complex networks has influenced financial risk management by highlighting the non-
linear dependencies inherent in market systems (Barabasi, 2016). Applying these insights
in Kazakhstan’s emerging markets offers opportunities to preempt systemic shocks through
predictive indicators derived from network properties.

Moreover, cloud computing and distributed systems have transformed the
scalability and accessibility of predictive modeling. High-performance computing
platforms enable training of large-scale models with vast datasets, including alternative
data sources like satellite imagery or transaction-level records, supporting more granular
and timely forecasts. Parallel processing frameworks facilitate efficient big data handling,
accelerating model training and inference. Khandani et al. emphasize that scalable
infrastructure is prerequisite for deploying advanced credit risk models requiring frequent
retraining and testing in production environments (Khandani et al., 2010). For developing
economies, leveraging cloud platforms can offset local infrastructure constraints and
accelerate predictive analytics adoption.

Uncertainty quantification is a critical yet often underappreciated component
of financial market prediction. Predictive models involve probabilistic estimates with
varying degrees of uncertainty, and communicating this uncertainty is essential for risk
management and decision-making. Bayesian methods and probabilistic programming
frameworks enable explicitmodeling of uncertainty in parameters and predictions. Gaussian
Process Regression offers both point predictions and confidence intervals, valuable for
cautious investment strategies. Monte Carlo simulations combined with predictive models
enable scenario analysis and stress testing under various market conditions. According to
Hernandez et al., incorporating uncertainty quantification improves forecast robustness
and interpretability, enabling users to better balance risk and reward (Hernandez et al.,
2024).

Ethical considerations in predictive modeling, particularly in finance, are
increasingly gaining attention. The deployment of predictive algorithms can have profound
social and economic impacts, influencing credit access, investment outcomes, and even
employment opportunities. Transparency, accountability, and the prevention of harm are
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key ethical principles that must guide model development and application. Data privacy
is a major concern, especially with sensitive financial information. Techniques such as
differential privacy and federated learning are emerging as ways to protect individual
data while still enabling effective model training. Federated learning allows models
to be trained across decentralized data sources without sharing raw data, preserving
confidentiality. Kairouz et al. provide an extensive review of privacy-preserving machine
learning techniques relevant for sensitive financial applications (Kairouz et al., 2021).
Ethical frameworks must be embedded into predictive modeling workflows to ensure that
technological progress benefits society equitably.

The emergence of explainable Al (XAI) frameworks continues to address the
challenge of balancing model complexity with interpretability. In finance, the ability to
explain why a model made a particular prediction is crucial for regulatory compliance
and stakeholder trust. Techniques such as SHAP values, counterfactual explanations, and
surrogate models offer insights into the inner workings of complex algorithms. These
explanations help detect biases, validate assumptions, and uncover causal relationships,
thereby increasing the credibility of models. Dos Santos and Da Silva underscore the role
of XAI in fostering collaboration between data scientists, domain experts, and business
users, leading to more informed and responsible decision-making (Santos et al., 2024).
The shift toward explainability also supports the integration of human expertise, enabling
hybrid intelligence systems where Al augments rather than replaces human judgment.

Another noteworthy trend is the application of reinforcement learning (RL) to
financial decision-making. Unlike traditional supervised learning, RL focuses on learning
optimal policies through interaction with the environment, making it particularly suited
for sequential decision problems such as portfolio optimization and algorithmic trading.
Deep reinforcement learning, which combines neural networks with RL, has shown
promise in learning complex trading strategies that adapt to evolving market dynamics.
Deng et al. demonstrated that deep RL agents could outperform benchmark trading
algorithms by optimizing reward functions aligned with financial goals (Deng et al., 2017).
However, challenges remain in stabilizing training, handling sparse rewards, and ensuring
interpretability, which are active areas of research.

The role of alternative data in predictive modeling cannot be overstated. Beyond
conventional financial and economic indicators, data sources such as social media
sentiment, web search trends, credit card transaction data, and even environmental sensor
data offer novel predictive signals. Integrating these diverse datasets requires sophisticated
data fusion and multi-modal learning techniques. Multi-task learning frameworks can
leverage related tasks to improve overall model performance by sharing representations.
Chen et al. showed that combining social media data with traditional market variables led
to significant improvements in short-term stock movement prediction (Chen et al., 2024).
For emerging financial markets, harnessing alternative data can compensate for limited
traditional data availability and provide competitive advantages.

Finally, the future of predictive modeling in finance is poised to benefit from
advances in quantum computing. Although still nascent, quantum machine learning
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algorithms promise exponential speedups for certain optimization and sampling problems
relevant to finance. Quantum annealing and variational quantum circuits are being explored
for portfolio optimization, risk analysis, and option pricing. While practical applications
remain experimental, early work suggests that quantum-enhanced models could tackle
problems that are currently computationally intractable (Goudarzi et al., 2023). The
intersection of quantum computing and financial predictive modeling represents a frontier
that could revolutionize the field over the coming decades.

Research methodology.

This review adopts a systematic literature synthesis approach. Studies from 2000—
2023 were collected through major databases (Scopus, Web of Science, IEEE Xplore,
and Google Scholar) using keywords such as stock market forecasting, machine learning,
deep learning, LSTM, hybrid models, sentiment analysis, and Kazakhstan stock market.
Papers were included if they presented predictive models applied to financial markets with
reported metrics. Emphasis was placed on hybrid architectures and approaches relevant to
emerging markets.

Results and discussion.

As illustrated in Figure 2, Long Short-Term Memory (LSTM) models and their
variants (including CMH-LSTM) are, by a significant margin, the most widely employed
techniques, representing the approach in nearly half of the reviewed studies. This
underscores their dominant capability and popularity in capturing complex, non-linear
sequential dependencies in financial time series data. Beyond LSTMs, regression models
and decision trees form a secondary tier of commonly used techniques, while methods like
autoencoders, reinforcement learning, and other hybrid models are currently explored in a
smaller subset of research.
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Fig. 2. Distribution of model technologies in financial market prediction studies.

To provide a comprehensive overview of the state-of-the-art predictive models in
financial forecasting, the following Table 1 summarizes key studies, their methodologies,
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and outcomes.
Table 1. Review of predictive modeling approaches in financial market forecasting

Miathods Fraquency Period Mlarket Pradictor Mistric Uzad
[Fazali & Houghten |Daily 2014-2019  [American LETH MSE
Sembiyevaetal |Yearly 2018-2022  |Kazakhstan Repression Rsauared, Statistical
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|Alonzo-honzalve  [Mdonthly 2018-201%  |Cryptocurrency CWE4LETM alidations
Lee & Soo Daily 20092018 |Taiwanese RNNA“““"LSTM MAE, RMSE
[Tzai & Wang Qruartarh- 2002 -2007  |Taiwaness DT + ANM Accuracy
. Arnerican, Aoeuracy, Statistieal
- ! - 'J. - . 3
[hiatzubara ot al Daily 2001 - 2013 Japanass Daep Autoencoder alid .
. - . Accuracy, Statistical
Singh et al Teekhy 1982-1990  |Tapanasza LETH alidations
|4 srawal et al. Daily 2016-2018  |Indian Optimal LETM Accuracy, MSE
Al Thelayaetal  |Daily 2010-2018  |Bahrain AutoSLETM: L8TM 10 RMSE, B=
autoancodar
. ] — " S&P 500, DlaepFFIE, Shallow .
IOrimoloye ot al. eekly 2010-2018 Nikkei 225 Modsls Accuracy, MAPE
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[T=1amas
— - ~ |LSThM+ Twatter FIMSE,
Michapatra =t zl. S-Minute 2018-201%  |Cryptocurrancy S entiment F1 Score
(Chan =t al. Dhaily 2004-2012  [Chinese LATH with Attention |MAE, MEE
. " . . EMMSE, MAE, PCC,
[Danur et al. Heourky 2014-2018  |Belgian WM, CHH, ResMNet Disbold-Mari
. Accuracy, Pracizion,
Fubfyol et al. Daily 19872018  [Chimese, LSTM Fecall
Arnerican
F1 Score
Falotra & Pandey  |Daily 2017-2018  |Indian Daep-ComLSTHM  |MSE, EMSE
Multi- - . .
. 015202 5 Fatio
[Floy Timeframe 2015-2021  |US & European  |Thick Data + DEL harpe
. 1073 0v60- - - Accuracy, Pracizion,
[Labiad =t al. MG 2016-2017  [Bdoroccan L3TH Recall F1 Score
Comdarz: & Fandom
A Wilhzecond  |2020-2022  |Global (HFT) Forest+Order Book  |Precision, Latency
[Bazzana D
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. . 018202 A -, MAFE
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The distribution of data frequencies, presented in Figure 3, indicates a strong
preference for higher-frequency data. Daily data is the most prevalent time frame,
forming the basis for a clear majority of the studies. High-frequency (intraday) data is also
extensively used, highlighting a significant research focus on capturing short-term market
dynamics and microstructural patterns. In contrast, longer-term horizons such as weekly,
monthly, quarterly, and yearly data are utilized less frequently, though the adoption of multi-
timeframe analysis suggests a growing interest in integrating trends from different scales.
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Fig. 3. Distribution of time frames used in market prediction research.

Figure 4 details the usage of performance metrics across the literature. The
evaluation landscape is dominated by two primary groups: accuracy-based metrics (e.g.,
Accuracy, F1-Score) and error-based metrics (e.g., MAE, MSE, RMSE). Their concurrent
high prevalence indicates that the field places a strong, dual focus on both the classification
correctness of predictive models (e.g., predicting price direction) and the precision of their
regression outputs (e.g., predicting exact price values). Statistical validation techniques and
financial metrics (e.g., Sharpe Ratio, returns) are also employed, though to a lesser extent,
suggesting that a portion of the research validates model performance through economic
significance rather than purely statistical measures.

The findings of this review reveal clear trends in predictive modeling and present
important considerations for their application in the Kazakhstan Stock Exchange (KASE).
The overwhelming dominance of LSTM-based models is justified by their strength in
analyzing sequential data, making them a prime candidate for initial forecasting efforts
in Kazakhstan (Fischer et al., 2018). However, their complexity requires caution. For a
developing market like KASE, with potentially less data volume, these models risk
overfitting (Livieris et al., 2020). A more robust approach may lie in the hybrid frameworks
that combine LSTMs with more interpretable models like decision trees.

The strong focus on high-frequency and daily data in global research aligns with
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modern, high-speed trading. Yet, for an emerging market like Kazakhstan, which is highly
sensitive to macroeconomic shifts and commodity prices, this focus may be misplaced
(Smales, 2014). The most valuable insights for investors and policymakers might instead
come from models that effectively integrate lower-frequency, fundamental data. This
suggests a promising opportunity for multi-scale models that analyze daily patterns within
the context of broader economic trends.
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Fig. 4. Usage of performance metrics across studies.

Furthermore, the near-universal reliance on accuracy and error-based metrics only
tells half the story. For a model to be truly valuable for KASE, its performance must be
measured by financial utility, such as risk-adjusted returns - not just statistical precision.
Finally, leveraging sentiment analysis on local news sources could be a particularly
powerful tool for Kazakhstan, as investor sentiment may be a stronger predictor in less
efficient markets.

Conclusion.

Predictive modeling in finance has evolved significantly from traditional statistical
methods to embrace machine learning, deep learning, and hybrid approaches. The field
continues to advance through improved data accessibility, increased computational
capabilities, and growing emphasis on ethical and regulatory considerations. For
emerging financial markets such as Kazakhstan, adopting these innovations offers
substantial opportunities for enhanced forecasting accuracy, improved risk management,
and potentially greater financial inclusion.

However, significant challenges remain. Ensuring data quality, maintaining model
transparency and fairness, and managing the reflexive impact of models on market behavior
are ongoing concerns. Future research must address these issues through interdisciplinary
approaches and strengthened collaboration among academics, industry practitioners,
and regulators. Through such efforts, predictive modeling can continue transforming the
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financial landscape, contributing to more informed, equitable, and resilient economic
systems.
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