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Abstract

This paper proposes an agentic Al System to predict stock market direction via machine learning and technical
indicators on financial time-series data. It incorporates a model adaptive selection technique for enhancing the
model performance in forecasting. Prompt: Al-backed stock prediction and forecasting systems rely on
sophisticated algorithms and machine learning to analyze market trends and make informed investment decisions.
Keywords: Agentic Al, Stock Market Prediction, Machine Learning, Technical Indicators, Time-Series

Analysis.
I.  INTRODUCTION
A. Background of the Research
Financial markets generate large amounts of time-
series data that cannot be possible to analyzed using
only traditional statistical methods. Recent
developments in machine learning have enhanced
stock market prediction, through the discovery of
intricate patterns in historical data [1]. The majority
of them are passive predictors with no active
decision-making abilities [2]. Agentic Artificial
Intelligence introduces intelligent agents that
analyze market conditions, select suitable models,
and generate forecasts.
B. Problem Statement
Conventional stock prediction systems are usually
frail in adjusting to altered market situations and
offer few autonomous choices [3]. This study
examines the improvement in stock direction
prediction accuracy using Agentic AI, machine
learning, and technical indicators.
C. Research Objectives
=> To detect important technical signals that
affect stock market direction and price
movement.
=> To build machine learning models on
predicting the direction of the stock price
behind historical market data.
= To create an Agentic Al system that could
autonomously analyze the financial data
and create predictions.
=> To contrast the predictive capabilities of
Agentic AI and the traditional machine
learning methods.
D. Novel Contribution
Design an Agentic Al system, that can
independently examine the situation on the stock
exchange and make forecasts. Combines technical
signals, statistics and machine learning in the same
decision-support  architecture. ~Compares the
performance of autonomous agents with machine
learning prediction models of the past. Offers useful
information on the way intelligent financial agent

can aid investment choices and market predictions
within evolving economic conditions.
II. RELATED WORK

A. Stock market prediction and financial market
efficiency

Stock market prediction remains an important
research area in finance, economics, and statistics
because it affects investors and financial institutions
[4]. The classical financial models, mainly the
Efficient Market Hypothesis (EMH) indicates that
stock prices are rich and thus predicting them based
on the information is not easy [5]. Yet, empirical
analysis of price movements over the years has
proved that historical price movements, trading
volume as well as investor sentiment commonly
hold patterns which can be utilized to make
predictions [6]. According to [7], the techniques
have resorted to more statistical way, like
autoregressive, moving averages and time-series

models in establishing relationships in market data.
m -

Fig. 1: Stock market prediction

Greater access to high-frequency financial data has
encouraged the development of data-driven
forecasting methods [8]. Stock price movements are
therefore not linear in most cases, which is hard to
find using the traditional statistical techniques. More
recent data suggests that financial theory can be used
together with computational intelligence to enhance
prediction performance [9]. In spite of these
developments, it has been difficult to make a
prediction of the direction of the stock market due to
market fluctuation, uncertainty and nature of a
dynamic economic system.

B. Predicting Stock Analysis using Technical
Indicators

223 Anish Immadi 223-229



Journal of Computational Analysis and Applications

Technical indicators are important in financial
forecasting since they can convert the raw data of
the market into measurable variables that could be
used to model prediction [10]. These indicators are
used for historical price, volume, and trading data to
evaluate market trends and investment
opportunities. Typical indicators are Moving
Averages (MA), Relative Strength Index (RSI),
Moving Average Convergence Divergence
(MACD), Bollinger Bands and Stochastic
Oscillators [11].
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Fig. 2: Predicting Stock Analysis using
Technical Indicators

Technical indicators have a convenient input as far
as momentum and volatility, and trend direction are
concerned [12]. The moving averages are used to
determine the long-term trends in the market
whereas the RSI is used to indicate overbought and
oversold markets. MACD is extensively used to
identify changes in momentum and reversal of
trends [13]. A number of studies have indicated that
the combination of many variables is better in
predicting as opposed to one predictive measure.
These indicators have been adopted in machine
learning, being used as input features to predictive
models, because of their statistical significance [14].
Technical indicators, however, have their
limitations as well. They might not be equally
effective in various market environments,
industries, and periods.

C. Machine Learning in Stock Market Prediction
Machine learning is used for stock market prediction
because it can identify complex patterns in large
financial datasets. Machine learning algorithms,
unlike conventional statistical techniques, are able to
directly learn patterns based on data and keep
constantly improving their predictive capabilities by
further training [15]. Such methods as Logistic
Regression, Decision Trees, Random Forests,
Support Vector Machines, Gradient Boosting, and
Deep Learning models are popular.
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Fig. 3: Machine Learning in Stock Market
Prediction

Random Forest models are useful in handling high-
dimensional data and alleviating overfitting by using
ensemble learning [16]. On the same note, Gradient
Boosting and XGBoost have been very effective
models in predicting with a high level of accuracy
through a series of corrections on mistakes that
erroneous models make. In particular, Deep
Learning models such as Long Short-Term Memory
(LSTM) networks have proven useful in the
modelling of sequential financial data and the
identification of temporal dependencies [17].
Machine learning models do not lack challenges
despite the benefits that they offer. Financial data are
frequently full of noise, non-stationarity, and
quickly shifting market dynamics can potentially
hamper the model generalization abilities.
Overfitting is also a major issue when models get
overfit to historical trends [18]. Moreover, the
numerous algorithms can be black-box, restricting
interpretability and transparency.
D. Agentic Al in Financial Decisions
Agentic Artificial Intelligence enables autonomous
agents to observe, reason, plan, and make decisions
independently. In contrast to the classical machine
learning-based system, which is mostly used to
produce predictions, Agentic Al has the ability to
scan the environment, pick suitable strategies to use
in the analysis, perform actions, and be adaptable to
new information [19]. This functionality has drawn
a growing level of interest in the sphere of finance
where informed and fast-decision making is strongly
needed.
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Fig. 4: Agentic Al
In stock market forecasting, Agentic Al systems
have the ability to automatically collect market data,
compute technical indicators, analyze market
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conditions, reach an appropriate prediction model,
and provide investment advice [20]. These systems
combine predictive analytics with reasoning
capabilities, allowing them to adapt to changing
conditions. The combination of Agentic Al and
machine learning models is a promising way of
enhancing investment decision support systems.
Agents are able to use the results of various
algorithms and decide which response is best in that
situation in the market [21]. However, use of
Agentic Al in the financial sector has been more or
less insignificant because of fears of transparency,
accountability, explain ability as well as custody
rules and regulations.
E. Literature Gap
Current research has greatly examined technical
indicators and machine learning algorithms in
predicting stock market. Nonetheless, there is little
literature exploring how to incorporate the notion of
Agentic Al with machine-learning models in
predicting autonomous stock direction forecasting.
The majority of the studies are concerned with
predictive accuracy and not intelligent processes of
decision-making. Moreover, the number of
empirical comparisons between Agentic Al
frameworks and conventional machine learning
methods is limited, causing a gap in the research
which is the purpose of this study.

1. METHODOLOGY
A. Research Design
In this research, secondary qualitative research
design in its type uses thematic analysis method,
with the purpose of finding the search of the
integration of agentic artificial intelligence in
directing the direction of stock market direction
prediction [22]. The research is conducted not with
any primary data collection, but merely collects
research documents published in various research
articles, financial statements, and documented
empirical studies on machine learning based stock
forecasting system, technical indicator and
AGENTIC Al system. The aim is to extract
signature patterns and traits that can be encoded as
concepts and which provide insights on a set of
methods that can be applied to create a variable
predictive outline.
B. Data Collection
Secondary data comes from peer reviewed journals,
financial databases, Kaggle datasets, Bitcoin price
price analysis shows that contain OHLCV time-
series data, technical indicators RSI, MACD,
moving averages etc., and machine learning trading
strategies such as models forecasting Bitcoin price
change, as well as agent based trading models [23].
These are qualitative aspects that help understand
how well the model works, techniques used to
develop the model, and shortcomings of traditional
trading models predicting stocks.
C. Research Approach
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Secondary qualitative analysis is applied for the
financial forecasting and agentic Al systems are
analysed using thematic analysis for identifying,
analysing and interpreting patterns.Secondary texts
are analysed through a systematic thematic analysis,
identifying, analysing and interpreting patterns [24].
This process is composed of data familiarisation,
initial coding of data concepts in data adaptive
learning which include volatility concepts in data,
generating data themes which include technical
indicator concepts, machine learning performance
concepts, temporal dependency, and agency
decision-making, theme review, theme definition,
and interpretation [25]. The method-using a
structured qualitative synthesis guarantees steady
development of insights and there is an enhancement
of interpretation of the proposed stock forecasting
system.
D. Analytical Framework and Mathematical
Representation
The analytical model is founded on a financial time-
series transformation and supervised learning model
in forecasting the direction of the stock exchange
[26]. At any time ttt, the series of stock prices is
given by,
Pt = (Ot Ht, Lt,Ct, Vt),
Where Ot,Ht,Lt,Ct, is the price of the open, high,
low and close, and Vt is the volume of trading.
The prediction target is market direction, expressed
as
Technical indicators involve transformation
functions in an attempt to form.
Yt=1if Ct+1 > Ct,

otherwise Yt=0 the market moves downwards.
Yt=1 implies that there is an upward movement of
the market.

Xt = f(Pt),
Where Xt uses RSI, MACD and moving averages
(MA) using the crude price data.
The machine learning model learns to understand
what the mapping is:
Y t=g(Xt;0), where g is the predictive algorithm and
model parameters will be the value of 0. The

accuracy is defined as:
TP+TN

TP+TN+FP+FN’
The number of True Positives, True Negatives, False

Positives and False Negatives are denoted by TP,
TN, FP and FN, respectively. The latter structure
permits interpretable and data-driven forecasting of
the stock direction, and permits structured
prediction, which includes engineered indicators of
finance, and supervised learning as a tool of market
trend forecasting where the conditions do change.
D. Agentic Al Integration
The agentic layer has the benefit of automatizing the
decision making process through automatic
detection of models to be used based on their
performance. Each model evaluation is in the form
of a utility usage.

Ui = aAi — BLI,
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Utilities defined by (Ui), accuracies defined by
(Ai), loss defined by (Li) and o,p are weighting
factors. For adjusting to the different market
conditions the model that is an optimum is

E. Proposed AI Framework
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Fig. 5: Proposed AI Framework

The study proposes an Agentic Al framework that
enhances traditional predictive systems with
autonomous decision-making capabilities. The
architecture is made up of a Data Collection Agent,
a Feature Engineering Agent, a Market Analysis
Agent, a Prediction Agent, and Recommendation
Agent. Every agent has his or her specialized
functions and works together in creating predictions
in the stock market. The Market Analysis Agent
checks the existing conditions of the market and
chooses the most appropriate machine learning
model. The Recommendation Agent generates
either a buy or hold, or sell advice depending on the
confidence levels of the prediction. This
autonomous architecture fulfills flexibility and gives
smart financial decision support.
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Fig. 6: Workflow Diagram
The process starts by gathering historical stock
information,  preprocessing, and  generating
technical indicators. Attributes are picked, and
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model machines are trained. The Agentic Al layer is
to review predictions and develop autonomous buy,
hold or sell recommendations and wrap up with a
performance analysis.
G. Validity and Reliability
Multiple secondary sources are used with the
reliability ensured by using triangulation. The
findings obtained in research are cross verified with
the findings obtained from the literature and
financial study in order to have thematic
consistency. A range of data and peer reviewed
research is used to minimise bias. There is no
primary experimentation done but methodological
rigor is ensured by working out the themes and
carrying out mathematically-based modelling logic.
H. Ethical Considerations
This research is based on secondary data sources
that have been obtained from academic and financial
reputable sources and won't be misused and biased.
They do not stand to gain.There is no information at
stake that can be identified or sensitive. Use of
model and interpretation is appropriate. The results
highlight the potential for Al to be used responsibly
in financial forecasting and decision-making
processes  within  computational tools and
algorithms.

IV.  EXPERIMENTAL RESULTS
The secondary qualitative analysis, using thematic
approach, delineates four themes that shed light on
the modeling of financial time series, machine
learning, and agentic artificial intelligence in the
financial direction prediction. These themes are
based on studies that have passed peer-review,
financial analytics research and replications of the
applications of machine learning systems in trading.
The patterns of traditional and autonomous Al are
analyzed along with predictive methodologies,
patterns  of  agentic  decision-making and
comparative performance of traditional and
autonomous Al systems.
Theme 1: Detection of Technical Signals
Influencing Stock Market Direction
The first theme focuses on some of the important
technical indications that are the drivers behind
stock price changes and directional indications.
There are many indicators of valuation of a financial
asset that are derived from the price of a financial
asset, and this fact has consistently been picked out
in the literature. Momentum, volatility and trend
reversals are major features that technical indicators
like Moving Averages (MA), Relative Strength
Index (RSI), Moving Average Convergence
Divergence (MACD) and Bollinger Bands can be
used to identify.
A moving average over the past x periods that
minimizes the short-term price fluctuations and
assists in finding long-term trends is given by the
simple moving average which is defined as:
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1
MAt = —Z Ct—i
n

i=0

where Ct represents the closing price at time t, and n
is the time window. Overbought and oversold
conditions are detected by RSI and are often a signal
of potential reversals. Using MACD is based on the
theory of momentum shifts being identified when
the EWASs converge or diverge.
There are some evidences in literature showing that
using a combination of indicators is better to get a
reliable signal since individual indicators may create
noise on volatile markets. Some of the drawbacks to
overcome, however, are lag effects and false signals.
The aim of this theme is to ensure that technical
indicators have a vital role in predictive modelling
as a foundation to interpret market data and create
useful financial signals.
Theme 2: Machine Learning Models for
Predicting Stock Price Direction
The second theme focuses on using machine
learning models based on past information
contained in financial time-series to forecast the
direction of future stock prices. The supervised
learning models like Logistic Regression, Random
Forest, Support Vector Machines (SVM) networks
and deep learning models like Long Short-Term
Memory (LSTM) networks are found to be popular
models used in financial forecasting studies.
In general, the predictive mapping is given by:

Y Nt = f(Xt;0)
Where Xt defines feature vectors using technical
indicators, 0 represents the model parameters, and
Yt is the direction of the market that is predicted.
Traditional models such as Logistic Regression are
simple and can give interpretation but fail in
providing interpretation when market behavior is
non-linear. Random  Forest, = Mean-Square
averaging, Voting models can also be used to create
ensemble models that increase the robustness of the
model, and the boosting techniques, such as
XGBoost, can be done by repeatedly correcting on
every error to increase the model accuracy. For long-
term market trends, deep learning models like
LSTM are used to model the time-series data, which
supports sequential modelling.Long-term market
trends are modeled using deep learning models like
LSTM which supports modelling in sequences in
time series data.
However, there are also some drawbacks associated
with providing these predictive performance
metrics, such as the general issue of fitting
performances too strongly to the market, its
volatility, and low enough generalisation at times of
market extremes. However, despite the challenges,
machine learning is still one of the most essential
predictive tools to the stock market's post-modern
science. For creating autonomous financial
prediction systems with Agentic Al systems.To
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build independent financial forecasting systems
using Agentic Al systems.
Theme 3: Agentic AI Systems for Autonomous
Financial Prediction
The third theme is on the development of agentic
Artificial Intelligence (Al) systems that can make
autonomous choices in financial forecasting.
Agentic systems are not just programmed to learn,
but they are allowed to continuously learn, assess
and adapt based on the feedback that they receive
from the environment.
An agentic Al evaluates a number of different
models by a utility function:

Ui = aAi— fLi
Where the utility Ui corresponds to the utility of
model i and Al is the accuracy of the model, the loss
Li for model i and weights o, for the model. The
best model is picked by the agent from:

This is an adaptive one that can switch models
according to the varying market conditions. It can be
seen from literature that agentic Al facilitates self-
optimization features, which allow the systems to re-
train models, tweak hyperparameters and choose
optimal strategies without human involvement.
Reinforcement learning agents improve decision-
making by learning trading strategies based on the
rewards. There are however, computational
complexity, unstable markets, lack of transparency
in the process of making decisions, etc., which are
reported. With these constraints, agentic Al marks a
remarkable step towards developing self-learning,
independent financial intelligence systems.

Theme 4: Comparison Between Agentic Al and
Traditional Machine Learning Models

The fourth theme focuses on the comparative
performance of traditional machine learning models
and agentic Al systems in the context of stock
market prediction. It is well documented in literature
that traditional models work well in stable markets,
but do not adapt quickly in periods of market
volatility or other structural changes in markets.
The traditional models are based on training which
is static, once trained, their parameters are fixed and
cannot be changed without changing the model
manually. While human agents are trained once, Al
agents are constantly improving and adapting, as
they self-evaluate and fine-tune their performance.
First of all, empirical analysis shows that models
like LSTM and Random Forest can accurately
predict historical data, but are not effective in
predicting the movement of the market during real
time. Agentically, with the help of loops of feedback
and the rational process of model selection in the
presence of utility functions, this is solved.

Overall, it can be inferred that there is a trade-off
between stability and adaptability. While traditional
machine learning can give structured and
interpretable forecasts, agentic Al can give
dynamically self-learning forecasting. The fusion of
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the two seems to be the most promising avenue to
pursue in the future, for financial prediction systems.
Discussion
Discussion highlights that the qualitative findings
combined technical indicators, in conjunction with
machine learning models and agentic Al, yield more
accurate stock predictions and have the ability to
adapt. Agentic systems are dynamic decision
making systems compared to traditional optimized
model systems that are stable and interpretable. But
there are difficulties to overcome, like computation
complexity and volatility of markets. Financial
forecasting systems can best be operated as hybrids.

V.  CONCLUSION AND FUTURE WORK
The research finds that the combination of agentic
Al with machine learning and technical indicators is
found to be useful in the direction prediction of the
financial market. Agentic systems are more
adaptable than traditional models which offer stable
bases. Even though it may be complicated and
sensitive to volatility, in a financial context with
changing nature, a hybrid option will still increase
the accuracy of forecasting, material robustness and
decision making efficiency.
Future Work
Future research work needs to concentrate on
rendering agentic Al more explainable, lower the
computation cost, and incorporate continual streams
of data. The deep learning models can be fine-tuned
with reinforcement learning models to benefit the
accuracy. Additional data sets and macroeconomic
data can enhance robustness further and allow for
more reliable, scalable and adaptive stock market
prediction systems.
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