International Journal of Emerging Trends in Computer Science and Information Technology

A d

ISSN: 3050-9246 | https://doi.org/10.63282/3050-9246.1JETCSIT-V711P154
Eureka Vision Publication | Volume 7, Issue 1, 383-390 2026

Original Article

Deep Learning Frameworks for Financial Time-Series
Forecasting and Investment Risk Assessment

Received On: 19/12/2025 Revised On: 18/01/2026
Abstract - Financial time-series forecasting is a vital
approach to the planning of investments, optimization of a
portfolio, market analysis and financial risk management.
Non-linear behavior of financial markets, fluctuating
volatility, market uncertainty and complex temporal
influences, however, restrict the usefulness of the traditional
methods of statistical forecasting. This research article
introduces a deep learning model of time-series financial
forecasting and risk analysis of investments through the
combination of Long Short-Term Memory (LSTM) networks,
Gated Recurrent Units (GRUs), and Convolutional Neural
Networks (CNNs). The framework works out through
historical stock prices, trading volumes, technical indicators
and the measures of market volatility to determine temporal
patterns and future price movements. Moreover, the
mechanisms of risk assessment include volatility estimation,
maximum drawdown and Value at risk (VaR) to assess
possible losses in the investments in different market
circumstances. To compare the forecasting accuracy, model
generalization, computational efficiency and risk estimation
potentials across various deep learning architectures, a
comparative analytical approach is suggested. The
framework also facilitates the adaptive portfolio decisions
because it is based on the integration of predictive outputs
with risk-sensitive investment decisions. The mechanisms of
explainability can further illuminate important market
indicators and model forecasts and enhance transparency in
financial decisions. The offered strategy is a unifying base of
the smart financial prediction and risk-sensitive investment
management that assists investors and financial analysts in
making smart choices in the shifting and unpredictable market
conditions.

Keywords - Deep Learning, Financial Time-Series
Forecasting, LSTM, GRU, Investment Risk Assessment, Value
at Risk, Portfolio Optimization.

1. Introduction

Financial time-series forecasting is now a significant
research topic due to its uses in the investment planning
process, investment portfolio management, financial markets
trends analysis and financial risk analysis. The price of stocks,
their volumes, and market indexes are characterized by
intricate temporal interdependence, non-linear conditions, and
fluctuations due to economic circumstances, investor mood
and activity, performance of companies and foreign events.
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Proper predictions of the variables can help investors and
other financial institutions to make decisions and determine
the possible market potential and exposure to capital losses.
Nevertheless, the dynamic and unpredictable character of
financial markets makes forecasting a tricky affair, especially
when historical trends are modified much in reaction to the
sudden and unexpected changes in the market. As a result,
sophisticated methods of computation that can learn
complicated patterns using historical observations have drawn
the attention of numerous studies.

Conventional statistical methods (autoregressive models
and other time-series based prediction methods) offer
standardized methods of finding temporal relationships of
financial information. However, they might not be effective in
portraying nonlinear dependence, as well as intricate
interactions, in changing market conditions. Deep learning has
become a viable alternative due to the fact that neural
networks are capable of learning hierarchical representations
as well as temporal patterns of voluminous sequences of data.
Regarding this, Sezer et al. [1] conducted a systematic review
of the use of deep learning in financial time-series prediction,
looking at the advances in the field over the years 2005-2019.
Their review has formed a significant basis to comprehend the
development of the deep learning methods of predicting
finances and provided emphasis on the increased applicability
of data-driven financial market analysis methods. This kind of
development encourages further research in architectures with
a temporal dependency, non-linear price dynamics, and
various types of financial inputs.

In recent years, the number of models that can be used in
financial forecasting has grown due to the latest developments
in deep learning models. Zhang et al. [2] conducted a review
of the change in deep learning models of financial time-series
price forecasting with specific reference to progress in this
area created in 2020-2022. Their survey forms a pertinent
foundation on the development of the forecasting
architectures and the ongoing evolution of the techniques of
the financial price behavior modelling. Specifically, Long
Short-Term Memory (LSTM) networks and Gated Recurrent
Units (GRUs) have recurrent architectures that are
implemented to model sequential dependencies during
learning. Convolutional Neural Networks (CNNSs) in turn are
capable of finding local patterns and relationships within input
sequences. A combination of these architectures could provide
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complementary features of analyzing historical prices, trading
volumes, technical indicators and variables related to
volatility. Still, the effectiveness of models is determined by
data properties, prediction times, and choice of inputs and
criteria to evaluate competing techniques.

Comparative evaluation is thus a critical set of
considerations when choosing appropriate deep learning
architectures to forecast financial phenomena. Research
conducted by Aryal et al. [3] on multi-step financial time-
series prediction studies the results of deep learning models in
comparison with each other. Multi-step forecasting is
particularly essential in investment problems since often
financial judgments need estimates longer than the following
purchase period. The predictive errors may also build up with
longer horizons and may diminish the utility of the forecasts
to be used in allocating portfolio and in investment planning.
A comparison of models in various forecasting horizons and
situations may assist to explain their advantages and
weaknesses. Moreover, to ensure reliable comparisons,
consistency in preparing the data and, adequately choosing
training/testing partitions and measures to evaluate the data
that state the desired purpose of the forecasts are required.
These are crucial in getting a scheme where predictive
accuracy may be enhanced alongside risk evaluation
orientation on the investment aspect.

In addition to the choice of architectural design, financial
forecasting must consider how predictions can be effectively
translated into practical use. Aldhyani and Alzahrani [4]
proposed a model of stabilizing and predicting the prices of a
stock market with deep learning algorithms and added to the
study of systematic, algorithmic-enabled financial
forecasting. Equally, Lu et al. [5] applied CNN-LSTM model
to predict stock prices, which demonstrates the possibility to
apply both convolutional and recurrent learning mechanisms.
These works give a ground to further discussion of hybrid
deep learning models that may localize in terms of time
features and model temporal relationships. The potential
financial implications of an investment decision cannot,
however, be totally defined by just the forecast of future
prices. Two investments which are supposed to have equal
returns can have very different volatility, exposure to down
side and maximum downside loss. Risk assessment measures
should therefore be included to complement forecasting
mechanisms in order to make more informed investment
decisions.

To fulfill this need, this paper suggests a hybrid deep-
learning architecture to learn financial time-series
successively and to assess investment risk. The structure will
look at the LSTM, GRU, and CNN-based models of applying
them to past data of financial movements and predict the
future trends of prices. Its risk assessment element includes
volatility estimation, Value of risk (VaR) and maximum
drawdown to discuss various facets of possible loss in the
investment. Performance, generalization of models and risk
estimation are discussed as similar but different evaluation
goals. Another aspect incorporated in the framework is how
the predictive output and risk indicators can be used to make

risk-helpful portfolio decisions. This study seeks to establish
a systematic framework of intelligent financial analysis that
evaluates investment risks, using deep learning-based
prediction and forecasting, in the face of unpredictable
markets. The general aim is to assist in a more detailed
evaluation of financial forecasting systems, to go beyond price
forecasting to decision support that will look at the expected
market behavior and the likely downside risk.

2. Related Work

Financial time-series forecasting research  has
increasingly abandoned traditional statistical methods, in
favor of deep learning models that can learn nonlinear
predictors and sophisticated temporal interdependencies.
Current literature has been exploring deep neural networks in
price prediction of stocks, stock price forecasting with multi
variables, cryptocurrency, and price prediction in commodity.
This section discusses fifteen related studies, in the mentioned
order of citations, their contributions to the field of financial
forecasting, and why they are important in the determination
of investment risk.

In their article, Sezer et al. [1] carry out a systematic
literature review of the current state of financial time-series
forecasting using deep learning and cover studies that were
published in 2005-2019. Their research also structured
advances in neural network-based financial forecasting and
set a platform to comprehend changing data-driven
forecasting strategies. The review identifies the importance of
learning temporal patterns through observations within the
market over past years and reports context on the possibilities
of investigating various neural network configurations. Zhang
et al. [2] then conducted a review of deep learning models of
financial time-series price forecasting with the current focus
on 2020-2022 developments. Their research indicates further
development of the forecasting technique and the necessity to
explore more recently developed architectures, modelling
techniques, and its applicability to dynamic financial data.

Aryal et al. [3] compared performances of deep learning
models on multi-step financial time-series prediction. Their
study is also applicable due to the fact that decisions made
towards investments normally demand more than one
observation on the forecast in future time intervals. The multi-
step prediction poses further problems, where the error of
prediction can spiral up as the prediction horizons increase.
Aldhyani and Alzahrani [4] proposed a model to predict and
model stock prices based on deep learning algorithms. Their
contribution leads to the creation of the organized forecasting
systems whereby the neural network models are implemented
in predicting financial prices. Lu et al. [5] suggested a CNN-
LSTM-based eventually forecasting model of stock prices that
combines convolutional feature constructing with sequence
learning (recurring). The hybrid model demonstrates the
potential to combine various neural network models to jointly
model complementary properties of financial time-series data.

Chen et al. [6] emerged with a stock price forecasting

model that is driven by CNN-BILSTM-ECA model which
includes processing with convolutional, bidirectional
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learning, and an effective channel attention system. Their
structure constitutes a style of representing sequential patterns
with accents on informative elements. Wang et al. [7]
examined a stock closing price prediction model which relies
on CNN-BiSLSTM and this study further shows how
convolutional and bidirectional recurrent structures can be
used as a hybrid in predicting the financial market. These
investigations signify the significance of architecture design
and representation of features in modelling intricate market
behavior.

A convolutional neural network with stacked gated
recurrent unit has been used by Kang et al. [8] to predict in
cryptocurrency markets using deep learning. The
cryptocurrency price series are unique forecasting scenarios
due to their volatility and dynamic market environment. Deng
et al. [9] studied multi-step-ahead stock price index prediction
with an LSTM model with multivariate empirical mode
decomposition. Their approach lays stress on how beneficial
the disaggregation of financial observations into components
and subsequent repeated learning can be. These techniques
can be used in the cases where financial patterns contain a
large number of temporal structures that cannot be easily
modeled using a single forecasting model.

With the assistance of a deep convolutional generative
adversarial network, Staffini [10] investigated the stock price
forecasting. Generative methodologies present an alternative
way of solving traditional point-prediction problems, and also,
training of representations and patterns of data, by means of
adversarial training. To predict the price of precious metals in
a multi-step mode, Lin et al. proposed a hybrid model [11]
combining an ensemble empirical mode decomposition to an
LSTM neural network. Their addition expands the amount of
deep learning on the equities and demonstrates the possibility
to generalize the hybrid decomposition and learning through
recurrent learning to the financial series in relation to
commodities.

Cavalcante et al. [12] presented a survey of the
computational intelligence applications in the financial
markets and gave insight on the potential future directions of
research. The meaning of interrelation between smart
prediction techniques and financial decision making can be
given by their broader context. Tang et al. [13] in their review
work supported the existing knowledge on machine learning
models and financial time-series forecasting, adding to the
existing knowledge on various approaches of modelling and
modelling applications. The amalgamation of these survey
studies justifies the need to test forecasting techniques
between their data requirements, prediction objectives, and its
suitability to specific financial operations.

Wang and Wang [14] analyzed the forecasting of energy
futures and spot-price using a hybrid tool of SW-GRU,
empirical mode decomposition and misinformation

evaluation. In their analysis they show that hybrid recurrent
model may be applied in energy markets where using price
behavior may be a problem with market specific supply and
demand conditions. The use of time-series to predict the prices
of gold is the application designed by Livieris et al. [15], who
also depicted the combination of the convolutional and
recurrent networks in prediction of precious metals markets.

Overall, the literature review demonstrates that the efforts
to create deep-learning-based financial forecasting in the
realms of recurrent and convolutional architecture, their
combination, and signal decomposition tools have reached a
much higher stage. The right price forecast is, but is not a fully
developed foundation to base investment decisions. The
forecasting and volatility estimation that the current paper
proposes should directly connect to the deep learning-based
forecasting and volatility estimation, Value at risk, and
maximum drawdown analysis. This integration is supposed to
help facilitate a broader consideration of predictive behavior
and factual loss of an investment together, into a single
financial decision-support strategy.

3. Risk-Aware Deep Learning Architecture for
Financial  Forecasting  and Investment

Intelligence

The suggested model comprises an assembly of monetary
data pre-handling, the extraction of multivariate temporal
features, a deep learning-based prediction, the evaluation of
investment hazard, and risk-perceptive choice support beneath
a single framework. As opposed to the traditional frameworks
of forecasting that only focus on the prediction of future stock
prices, the suggested framework takes into account predictive
safety as well as the existing downside risk of investment
decisions. It is an architecture integrating Long Short-Term
Memory (LSTM), Gated Recurrent Unit (GRU), and
Convolutional Neural Network (CNN) to process the past
market data and produce predictions. The derived predictions
are evaluated alongside volatility, Value at risk (VaR) and
maximum drawdown in order to give a bigger perspective of
market behavior and market uncertainty on investment.

3.1. Financial Data Acquisition and Temporal Alignment

The initial layer gathers past monetary time-series
information of pertinent market sources. The inputs are:
opening price, closing price, daily high, daily low, trading
volume and adjusted closing price (where available). Another
category of contextual variables includes market indices,
sector indicators, and macroeconomic observations, which
might be included when such information is applicable to the
forecasting task. The structure can accommodate various
financial products, such as individual securities, exchange-
traded fund, and chosen commodities. Figure 1 illustrates the
proposed integrated framework, showing how financial data
are transformed into predictive outputs and risk-aware
investment insights.
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Figure 1. Integrated Framework for Financial Forecasting and Investment Risk Assessment

The observations are arranged in time and adjusted to a
time-based frequency of observation. During preprocessing,
duplicate records, missing observations, time discrepancies
and differences as a result of corporate activities are detected.
Adapted prices are desired where the dividends payout or
stock division may violate previous comparisons. The input
data could then be separated into training, validation and
testing in chronological order. This process assists in avoiding
any information leakage of future observation in model
conditioning and a more realistic measure of forecasting
performance.

3.2. Multivariate Feature Engineering and Market
Representation

The second layer converts raw financial observations into
informative features to work with deep learning models.
Historical returns, rolling volatility, moving averages,
momentum indicators, and characteristics of trading-volume
are  additional  price-based  features.  Return-based
representations are useful in the analysis of relative price
variation and offer inputs to the estimation of volatility and
measurement of investment risks.

The local changes in the market behavior are represented
by rolling statistical features; the directional patterns are also
represented by momentum indicators. Scaling of features is
carried out based on the parameters calculated only based on
training data and like transformations are then applied to the
validation and testing data. The chronological series is
processed by a sliding-window mechanism that transforms the
chronological series into a sequence of successive
observations. Each sequence has historical financial
characteristics during a predetermined look-back period and
is an input to the forecasting models. Depending on the
intended use of the prediction, the prediction target can be the
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3.3. Parallel Deep Learning Forecasting Engine

Level 3 is composed of three deep learning architectures
that are complementary. The individual models can take the
prepared input sequences and produce forecasts for the chosen
prediction horizon.

The LSTM branch represents the temporal dependencies
with gated memory cells. The architecture is the most
appropriate to govern the learning trends of past financial
observations, as its input and output gate control information
retention and transmission. This branch specializes in the
sequential relationship which could affect the following prices
or returns.

The GRU branch is another recurrent architecture that
uses update and reset gates. GRU has a simple gating structure
and can be used to decrease architectural complexity by
comparison to LSTM, though it still is capable of learning
temporal dependencies. That point allows the framework to
compare alternative recurrent strategies in case of consistent
data circumstances.

The CNN branch uses one-dimensional convolutional
filters on trainings of financial characteristics. These filters
recognize local trends, instantaneous variations and linking
between neighboring observations. Multiple filters may be
able to extract various temporal features prior to handing the
extracted representations to a prediction layer. Figure 2
depicts the parallel forecasting architecture, highlighting the
complementary roles of recurrent learning, convolutional
feature extraction, and optional prediction fusion.

Individun!

Forecasts

')

Figure 2. Parallel Deep Learning Architectures for Financial Time-Series Forecasting
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The training of all three branches is with uniform
chronological data partitions and congruent forecasting
targets. Their performances are initially judged in isolation, so
that their strengths and weaknesses could be known. An
optional prediction-fusion module takes the results of the
individual models and combines the outputs with weights
based on validation performance. This method will allow the
framework to explore the possibility of different architectures
to enhance consistency in forecasting without the expectation
that a group will necessarily be more successful than a single
model.

Training
Set

3.4. Forecast Validation and Predictive Reliability

The fourth layer measures the performance of the
forecasting through suitable measures of errors. Mean
Absolute Error (MAE) measures the mean size of error that
has occurred during predictions whereas Root Mean Squared
Error (RMSE) emphasizes more on bigger errors. When it is
considered suitable towards the target of forecast being
considered, the coefficient of determination, often denoted by
R-squared may also be considered. Figure 3 outlines the
temporal data preparation and validation pipeline,
emphasizing chronological partitioning and leakage
prevention for reliable forecasting assessment.
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Figure 3. Temporal Data Preparation and Forecast Validation Pipeline

The evaluation of price forecast and the evaluation of
return forecasts is not the same as the error magnitude is
different along with the extent of the interpretation.
Performance is considered in various forecasting horizons, as
well as, market conditions to ascertain the homogeneity of the
predictive behavior of the models. In cases where repeated
training runs could be used, it is possible to report standard
deviations and confidence ranges to evaluate variation in
model behavior. These processes ensure that forecasting
behavior that is consistent is differentiated by improvements
that might be conditional upon a specific training run or
evaluation period.

Comparisons with appropriate baseline forecasting
methods are also taken into account in the framework. These
comparisons are useful in generating information concerning
the meaningful improvements of deep learning architectures
over simple ones. The testing observations are independent of
model selection and hyperparameter tuning to ensure the final
evaluation is independent.
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3.5. Investment Risk Quantification Module

The fifth layer is a method of estimating possible losses
in an investment, based on complementary risk indicators.
Historical volatility provides measures of variability of
financial returns over a given rolling period. Greater volatility
means that there is more variation in the observed returns, but
does not separately determine the chances or severity of
extreme losses.

Value at Risk is used to estimate the minimum amount of
loss, at a certain level of confidence, and over a defined period
of time. Consider, e.g., one-day VaR at the 95-percentile
would determine the level of loss that the past or modelled
studies of return physiology would indicate one should not
breach on about 95 percent of days under normal assumptions.
The convention of the estimation method, level of confidence
and valuation of the portfolio ought to be expressed well.
Figure 4 presents the multidimensional risk assessment model,
combining return variability, estimated loss thresholds, and
peak-to-trough declines to characterize investment exposure.
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Figure 4. Multidimensional Investment Risk Assessment Model
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Maximum drawdown is the biggest fall of a prior
portfolio peak to another trough within an evaluation period.
This indicator is especially important to investors who are
interested in maintaining their capital since it characterizes the
sharpness of a historical fall but not that returns fluctuate.

Volatility, VaR and maximum drawdown are some of the
various aspects of investment risk. Volatility quantifies
variability of returns, VaR is an estimation of a loss risk at a
chosen level of confidence, and maximum drawdown is how
large the peak-to-trough decline is recorded. The
interpretations of these indicators are not a guarantee of
investment performance in the future but are estimates based
on past observation and assumptions made in future
projections.

3.6. Risk-Aware Investment Decision Support

The last layer is an integration of forecasting investment
as well as risks to serve the purpose of investment analysis.
The returns forecasts give us data concerning the anticipated
future market movement and volatility, VaR and maximum
drawdown describe the uncertainty and the possible future
adverse exposure. These indicators allow investors to compare
alternative assets, analyzing the portfolio concentration, as
well as to see when a more conservative allocation decision
might be necessary.

The framework does not necessarily expect a positive
forecast to be considered a buy signal and a negative forecast
to be a sell signal. Rather, projections are evaluated together
with objectives of making investments, risk tolerance, and
transaction costs, and constraints of the portfolio. Indicatively,
a given asset whose anticipated rise is appealing but has high
expected VaR could be given lesser weight compared to an
identical asset with similar expectations of growth and
reduced downside risk. Any allocation strategy must be
specified clearly and evaluated based on out of sample data,
with transaction costs and pertinent portfolio constraints.

On the whole, the developed architecture will provide a
modular route between the acquisition of financial data and
the deep learning-based forecast and the risk-conscious
investment analysis. Its main contribution is the ability to
unify several forecasting architecture with complementary
risk indicators using a common analysis platform. The
structure offers a basis to systematic comparison of model,
explicit interpretation of risk and financial decision support. It
is necessary to determine its practical efficiency using proper
datasets, the baseline comparisons, chronological validation,
and independent out of sample assessment.

4. Empirical Appraisal of Forecasting Reliability

and Investment Risk
4.1. Forecasting Capability and Model Suitability

The given framework is empirically evaluated with the
help of the analytical potential of the LSTM, GRU, and CNN
architectures in the field of financial time-series prediction.
Different properties of market data are covered by each of the
architectures. The long-term temporal dependencies LSTM is
adapted to, GRU offers a relatively small recurrent network,

and CNN reveals local patterns and short-term changes. Their
applicability varies with the attributes of financial instrument,
predictive length and the quality of the predictor variables.
Explicit empirical evaluation then needs to look at how
predictions made are consistent around various market periods
and not based on the idea that the architecture is always better.
The framework also facilitates the assessment of hybrid
predictions to find out whether the complementary model
output may be enhanced with another stable perspective of
forecasting.

4.2. Data Quality and Temporal Consistency

The accuracy of future financial estimates is heavily
reliant on the data on which they are based and its
predictability through time. The utilization of historic prices,
volumes, adjusted closing prices, and computed technical
indicators demand uniform timestamps and correct
preprocessing. There can be missing observations, unmatched
records, corporate activities and irregular trading calendar that
can affect the analysis of the model outputs. The structure
deals with these issues by aligning the chronological data,
standardization of features and training, validation and testing
distinctly. Empirically, the processes enhance the validity of
forecasting tests since they minimize information leaks, and
model building is motivated by the temporal factor of the
financial markets.

4.3. Risk Estimation and Downside Exposure

Investment risk can be assessed using the framework in
terms of volatility, Value at Risk (VaR) and maximum
drawdown. These indicators give alternative views on
financial uncertainty. Volatility is used to define return
variability, VaR approximates the potential loss level at a
given confidence level, and maximum drawdown refers to the
maximum decline in a portfolio between a high point and a
low point in the portfolio at a given period of time. Their joint
interpretation provides a more comprehensive evaluation than
price forecasting. An illustration here is a prophecy which
shows favorable movement of prices, but with a large
downside. Empirical appraisal then should refer to the
question of whether forecasting outputs are informative when
used together with the risk indicators and whether the
subsequent tests are also in line with the horizon of investment
and level of risk taken.

4.4. Comparative Assessment and Robustness

An empirical appraisal that is significant must be
compared to common baseline methods e.g. historical average
forecasts, autoregressive models or other proven forecasting
systems. Prediction errors may be evaluated by use of MAE
and RMSE, and in certain cases, supplementary data on
patterns of prediction errors might be obtained using R-
squared. The risk estimates are to be evaluated on the
assessment of calibration and consistency among various
market circumstances. The uncertainty in the findings could
be characterized by repeated model running, confidence
interval, and sensitivity analysis. Moreover, one should take
into account transaction cost and portfolio constraint in
investigating the usefulness of forecast-oriented investment
choices. Such comparisons supply a systematic ground of
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defining in what circumstances the suggested framework can
turn out to be helpful.

4.5. Practical Implications and Limitations

The suggested framework provides a combined analytical
framework of relating financial forecasting and assessment of
investment risk. Its modularity allows model comparison,
interpretation of risk (without underpinning every investment
decision with a single prediction). The predictive value of the
framework, however, cannot be determined based purely on it
architecture. It necessitates documented fiscal data, replicably
applied evaluation processes and autonomously tested
findings. In that regard, this section outlines an empirical
assessment strategy and sets no claims of documented gains
of improvements or empirically tested superiority because
there are no empirical findings reported.

5. From Predictive Intelligence to Risk-Aware

Investment Decision-Making

The forecast of finances as implied in the proposed deep
learning model is vital when it is integrated with the
estimation of the risk of investments as well. Although the
applicability of LSTM, GRU, and CNN architecture is
complementary because of their varying capabilities regarding
the modelling of financial time series, they have a different
degree of practicality based on the nature of the market,
quality of data and the forecast horizon. LSTM networks can
learn time dynamics, GRU models provide an alternative
recurrent model which is somewhat compact, and CNN
structure can identify local patterns on previous data. Their
relative evaluations can assist in understanding individual or
combined models are more suitable to particular financial
forecasting activities.

An important implication of the framework is that the
usefulness of investments ca not just be evaluated based on
forecasting accuracy. The model is not only able to predict
price changes quite well, but also to explain the possibility of
significant financial losses of a certain magnitude. The
combination of volatility, Value at Risk (VaR), and maximum
drawdown, offers a more comprehensive point of view on
uncertainty and exposure to adverse events. This integration
helps in a more balanced interpretation of forecasts, especially
the cases where investors need to take into consideration both
capital protection and marketed returns. However, each of
these indicators differ in measuring risk but must not be
utilized as an alternative measure.

The framework involves a more time validation and
comparison to the analysis. The financial markets are affected
by the shifting economic conditions, investor behaviour and
some unpredicted occurrences which might limit the
predictability of the estimates obtained through past events.
Time based data partitioning, appropriate baseline comparison
and an out-of-sample testing is therefore crucial in exploring
whether or not performance forecasting is reliable in different
timeframes in the market. Transaction costs, portfolio
constraints and individual risk preferences will also be
considered before translating predictions to decision making
of the investment.

There are limitations to the framework as well as its
potential. Deep learning models require sufficient and credible
historical data, and may be vulnerable to overfitting, structural
market changes, and lack good interpretability. Besides, VaR
estimates reflects on the methodology and premise of the
distribution of returns and the historical maximum drawdown
does not impose that there should be maximum limit to the
future losses. Future studies will need to investigate a
comprehensible prediction of the future, adaptive design of
models, and the risk control of the portfolio. Overall, time
frame provided has been provided as a systematic footing in
establishing predictive intelligence with risk severe
investigation and its practical advantages await continual
validation through tests.

6. Conclusion

The current research paper was a combined deep learning
model of financial time-series prediction and estimation of
investment risk, which consists of Long Short-Term Memory
(LSTM), Gated Recurrent Unit (GRU), and Convolutional
Neural Network (CNN) architectures. The structure proposed
integrates a financial data acquisition, temporal preprocessing,
and multivariate feature engineering, predictive modelling,
forecast validation, and investment risk quantification into a
single analytical framework. Using the complementary nature
of recurrent and convolutional networks to analyze temporal
dependencies, nonlinear market behavior and local patterns in
historical financial observations, the framework offers a
platform to study these phenomena.

One of the advantages of the proposed approach is that it
features the complement of forecasting results with other
supplementary measures of investment risk, such as volatility,
Value at Risk (VaR), and maximum drawdown. Although,
future price movements or returns are estimated using the help
of forecasting models, these indicators give another view on
uncertainty of the market and possible downside. Their joint
interpretation can assist in making a more informed analysis
of investment, allocation of a portfolio and make decisions
depending on risk. The framework also focuses on
chronological data break down, relevant baseline comparisons
and independent out-of-sample evaluation in order to enhance
the dependability of financial model evaluation.

Even though it has great potential deep learning based
forecasting is limited by the quality of data, the model set-up,
forecasting periods and the evolving market conditions.
Overfitting, orthogonal changes in the structure of the market,
computational needs, and insufficient interpretability are also
noteworthy. Moreover, historical risk assessment is not sure
to safeguard extreme losses in the future. As the current
research paper formulates a combined analytical framework,
instead of reporting upon the completed quantitative research,
predictive superiority and practicality of investment gain in
the present research should be further proven by the research.

Future directions of research work should include
adaptive model selection and explainable artificial
intelligence, attention-based architectures and transformer-
based forecasting. Further research ought to be done in

389



Aritra Pal / IJETCSIT, 7(1), 383-390, 2026

portfolio-level  optimization, transaction  costs, risk
preferences and stress-testing with extreme market conditions.
VaR loss thresholds should also be assessed through the
introduction of calibration and back-testing of VaR estimates
to determine how trustworthy estimated loss thresholds are.
Altogether, it can be said that the suggested framework
provides a solid platform to relate deep learning-based
financial forecasting with an in-depth investment-risk
assessment and help to create transparent and risk-conscious
financial decision-support systems in the face of challenging
market conditions.
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