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Abstract: Algorithmic stock trading has improved tremendously, with Reinforcement Learning (RL) algorithms being
more adaptable than classic approaches like mean reversion and momentum. However, challenges remain in adequately
depicting market events and generating suitable rewards to influence the trading decisions of an agent in a dynamic
environment. This study proposed an improved stock market trading framework termed the RMS-Driven Deep
Reinforcement Learning (DRL) model for optimal portfolio management. The research attempts to give a more
comprehensive view of the market and, as a result, enhance trading decisions by including consumer information and
incorporating news sentiments into the model, in addition to data from typical earnings reports. More specifically, three
kinds of DRL models are presented, combined with data from stock earnings reports, Max Drawdown rewards, and
sentiment indicators (RMS), known as PPO_RMS,A2C_RMS,andDDPG_RMS, respectively. Thefindings of this research
indicate that the integrated model, mainly the DDPG_RMS effectively outperforms the baseline ~DJI index in many risk-
return analyses in ratios showing better risk management, and profitability. The proposed stock trading model generates a
maximum cumulative return of 27% with a Sharpe ratio of 0.66, showing an appropriate trade-off between risk and
return. This approach, which incorporates sentiment analysis and Max Draw down rewards, significantly enhances the
model’s performance in adapting to changing market conditions. Therefore, the results emphasize the appropriateness of
integrating sentiment indices with traditional financial data to enhance a trader’s performance while also offering essential
information to aid in the development of improved trading tactics in continuously changing financial markets.
Keywords: Deep reinforcement learning (DRL), stock market trading, portfolio management, max drawdown rewards,
advantage actor- critic (A2C), deep deterministic policy gradient (DDPG), proximal policy optimization (PPO).

I. INTRODUCTION

Stock trading is the act of buying and selling a company’s shares on the stock market. The primary goal of frequent
purchases and sales is to maximize capital returns by exploiting the advantages of market volatility [1]. However, an
organization’s financial condition, internal and external situations, trends in the global market, and other relevant factors
all have an impact on stock prices, thus affecting stock trade decisions [2]. Stock market trading involves the use of
analysis, knowledge, and management of risks in an effectively conducted market. There are several methods through
which traders can assess the performance of stocks with the main ones being fundamental analysis and technical analysis
[3]. Fundamental analysis involves checking the general operational capability of a specific firm, its position in the industry
as well as the overall economic conditions to establish the value of the security. On the other hand, technical analysis
involves the analysis of the price and volume data with the view of trying to establish some indications of future prices [4].
These analyses thus assist traders on how to procedures for purchasing at the cheap and selling at the expensive. The
traders need to be more careful and flexible to look at market parameters day and night and should tweak their policies
[5]. The primary objective that any investor seeks to achieve their capacity within the financial market is to maximize
returns while minimizing risks. To achieve this objective, it is required to estimate the correct prices or value change rates
for various market assets and correctly distribute investment among the chosen ones [6]. This procedure is challenging for
humans since numerous aspects must be examined within a particular context and are always changing. Existing research
shows that human trader’s decision-making is typically influenced by emotions, resulting in lesser revenues than estimated
[7]. Stock prices fluctuate often, which makes it challenging for human traders to adapt appropriately. Thus, the focus of
the research has been to develop optimal adaptive automated trading systems that address investor’s requirements and
provide additional active capital to the global market.
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In the existing studies, several trading techniques have been designed but they are unable to perform and yield good results
over different market conditions [8]. Since the early 1990s, researchers have used artificial intelligence (Al) to analyze
investments in the stock market [9]. From the con text of Al, the concept of Algorithmic Trading (AT) is used by
researchers to improve these strategies. Depending upon instructions and rules defined by the programmer, the AT is
simply a computer program. It is observed that in comparison with human traders, these automated computer programs
take less time to assist with trading decisions. Several traditional techniques include mean reversion [10], momentum
based methods [11], and rule-discovery techniques [12]. Moreover, numerous attempts have been made towards the
development of such systems with the use of supervised learning methodologies dominating. These strategies make
models to learn predicted market patterns using predictive models such as neural networks and random forests [13].
Moreover, most of the methods that are applied under the assumption of using supervised learning principally consider
reduced prediction error risk as a target while leaving aside the threats connected with it e.g., disparities among the
forecasted prices and trading decisions [14]. They sometimes fail to capture the external conditions of the marketplace,
for instance, lack of cash and transaction costs which, in turn, narrows their applicability. Therefore, although SL techniques
have been implemented extensively, such limitations as the inability to solve both the prediction and capital allocation
problems at the same time, as well as the neglect of the constraints of the market environment, have become apparent
[15]. Many forecasting systems estimate future stock prices and create trading rules [16]. Furthermore, translating
predicted signals to trading positions is not straightforward; for example, fore casting horizons typically range from one to
several days, depending on daily data [17]. To handle risk management and portfolios, sophisticated technologies like
Reinforcement Learning (RL) are utilized in comparison with supervised learning. RL is a subfield of machine learning
where an agent has to observe the feedback it gets from the environment in which it performs actions to achieve a
maximum sum of rewards. While in supervised learning the training data is labeled, in RL the agent is active and is free to
roam within the environment and learns through ‘reinforcement’ which could be in terms of rewards for the correct
action or penalties for the wrong action [18]. In the context of Quantitative Trading (QT), firstly, supervised learning
does not suffice for the issues that relate to long-term and delayed time rewards including trades in the financial markets
[19]. In trading, future decisions are made based on the rewards that the trading agent gains in a certain period. Based on
the findings of the research, it can be stated that the RL approach is more suitable for solving decision-making problems in
the uncertain context of the financial markets [20]. Utilizing RL for algorithmic trading requires a continuous perception of
the stock market in order to make optimal trading decisions. These algorithms can self-learn and improve their policies
over time, making them appropriate for the adaptable environment of stock trading. Moreover, RL works to overcome
the problems that are associated with the SL approaches when trading financial markets by combining the two steps,
which are the price “prediction” step of the financial assets and the “allocation” step of the portfolio to maximize the
investor’s goal [21]. The stock trading agent is involved in the process of interacting with the environment which in this
case is the model to make appropriate decisions. Financial data are usually highly time-dependent, which makes the Markov
Decision Process (MDP), which is a primary object in solving RL problems, an ideal fit. Therefore, in recent studies,
several researchers have designed stock trading strategies with the use of RL algorithms. However, the major challenges in
framing problems with RL techniques are the state representation from the environment and suitable rewards [1]. Since
these elements are the major criteria to improve the performance of RL agents, for instance, a holistic view of the stock
market in state representation makes the agent more aware of different environmental variables. To address such
challenges, some studies employed daily historical records, [22] and additional variables such as news sentiments [23], as
well as data fusion methods such as a combination of candlestick charts and technical indicators [24] or combination of
sentiments and macro-economic factors [25]. The key challenge for all of these algorithms is exact comprehension of the
stock environment; the better informed an agent is regarding the stock market, the better choices it can draw.
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Although, several efforts have been made to enrich data representation, however, there are still some research gaps or
external elements that need to be modeled in the stock trading agent. Likewise, different suitable trading rewards for RL
have also been designed, but a reward function that ensures a tradeoff between both profitability and low risks and
financial losses is a major research gap to be fulfilled. Hence, in this research study, the RMS variables namely data from
earning reports as well as sentiment indices containing daily news sentiments and consumer sentiments in addition to Max
drawdown-based rewards have been modeled. In addition to daily historical data, the proposed framework also models a
variety of technical indicators. The agent can be trained by use of Deep Deterministic Policy Gradient (DDPG),
Asynchronous Advantage Actor-Critic (A2C), and Proximal Policy Optimization (PPO) algorithms are used in addition to
proposed RMS factors referred to as A2C_RMS, DDPG_RMS, and PPO_RMS. Altogether, these algorithms guarantee
potential sustainable future benefits, together with potential short-term profits, which allows the development of
strategies in the form of long-term sustainable plans. The benefits of including RMS factors include, for instance, consumer
sentiment is of much importance, especially to stock traders since it has an impact on spending, which has an impact on the
revenues of corporations and economic growth [26]. Likewise, earning reports also contain projections or outlooks at the
company’s future operations and possible difficulties that may be encountered. Similarly, the proposed variations of RL
agents that use Max Drawdown as a reward function offer a substantial benefit since the proposed reward is combined with
risk management .By combining these RMS factors with the advantages of DDPG, A2C, and PPO, these algorithms
prioritize long-term gains while still achieving potential short-term profits, allowing for the development of strategies that
guarantee sustainability in the long run. This study aims to increase the effectiveness of trading systems and decision-
making in the stock market. The main contributions of this study are as follows:
» This study proposed three variants of RL agents namely A2C, DDPG, and PPO with RMS factors modeling
» The proposed variants integrate both consumer sentiment as well as news sentiment indexes into its modeling

approach, providing a more complete view of the stock market in addition to technical indicators and historical data
» Data from stock earnings releases is also exploited in the modeling process to create more comprehensive

representations of states in RL
« A novel Max drawdown-based reward function is also proposed guaranteeing that the trading strategy not only seeks

high profitability but also mitigates risks
The remainder of the article has been divided into different sections: Section Il presents related work, Section Il highlights
the proposed work, and Section IV gives results and discussion Section V presents comparative analysis, limitations, future
work, and conclusion. Figure 1 shows the generic overview of stock market trading using RL.

II. LITERATURE REVIEW

Financial markets are among the captivating advancements of recent years that have impacted several sectors including
commerce, education, employment, technology, and the overall economy [27]. The inherent task of detecting trends and
prices in the stock markets is very complex mainly because of the dynamic, non-linear, non-stationary, nonparametric,
noisy, and chaotic nature of the markets. Mainly, Al-based systems for stock analysis involve stock price forecasting models,
stock movement predictions, stock trading systems or portfolio optimization techniques [1],[28],[29]. From all these, the
task of stock algorithmic trading was initially approached and developed by economists and mathematicians without the
use of Al. In this regard, several methods have been developed such as mean reversion [10], momentum-based methods
[11], and rule- discovery techniques [12]. However, in such methods, expert knowledge required from the domain of
finance is crucial to determine underlying trends in the financial sector. Similarly, some TTR (Technical Trading rule)
reliant techniques have also employed. For instance, five TTR rules have been designed such as moving average, relative
strength index, momentum, etc., and findings have been reported on the Turkish stock market [30]. Likewise, some
researchers employ fuzzy- rules-based techniques to predict trading signals [31],[32]. A hybrid strategy for stock trading
that combines rough sets as well as genetic algorithms is also proposed in [33]. Data from the Korea Composite Stock
Market Index 200 (KOSPI 200) is employed to perform experimentation to report the findings. These rules-based
methods although exhibit good performance but their effectiveness is limited to generalize across a variety of situations of
stock markets. Following the aforementioned traditional trading methods, several research has used methodologies
centered around supervised machine learning and deep learning algorithms. These are algorithms that are trained on
labeled datasets, that is the feature or independent variables and their correspond ing dependent variables and
demonstrate good results not only in finance-related applications but also in other use cases [34], [35]. More explicitly,
several kinds of strategies based on stock price forecasting and stock trend predictions have been designed. For example,
in [36] and [37], the stock price prediction model is designed using LSTM (Long Short-Term Memory Networks). This
model also fused up additional information in the form of technical indicators including MFI, relative RSI, MACD, etc. In
the next step, traders utilize an investment success score calculated from the pre- diction outcomes of the model in
making trading decisions. Similarly, a hybrid approach of CNN and LSTM has been proposed [37],[38]. In this, the time
series has been framed to predict future prices with 20 days ahead. By employing a weighted multicategory generalized
eigen value support vector machine (WMGEPSVM) model is proposed in which the input of the algorithm is the stock’s
historical price data and technical indicators [38]. Their proposed model exhibits a minimal MDD value in contrast to baseline
techniques. Furthermore, RL approaches are one of the latest and third category of ML algorithms for stock market trading.
For instance, two improved trading strategies that are designed to work for states and actions of financial markets: GDQN
(Gated Deep Q- learning) and GDPG (Gated Deterministic Policy Gradient) have been proposed [8]. These strategies tie in
a new hedonic reward function that fundamentally should provide steady returns, including in a situation where market
conditions are fluctuating significantly.
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The analysis of the signals using techniques from mathematics and computer science shows that the models of GDQN and
GDPG are more effective than the Turtle trading strategy having higher predicted profitability and more stable return rates
than the current leaders based on the DRL mechanisms. Similarly, a new trading system based on the improved Deep
SARSA for algorithmic trading in volatile markets is proposed [39]. This study improves the performance stability and
convergence of the SARSA algorithm which is of special importance for risk control and daily trading portfolio
management. A novel approach namely DRL-U Trans that is a deep reinforcement learning with the transformer and U-net
for the stock trading is proposed in [40]. The transformer layers in this model learn about dynamic patterns of the market,
whereas U-net architecture integrates both long and short features through skip connections. Similarly, in [41], the authors
propose a new trading approach based on the DRL procedure through the application of the MADDQN mechanism. The
research also highlights the drawbacks of single-agent models in simulating intricate financial relations and suggests the use
of a multi-agent system to simulate various trading pat terns. An attention mechanism with the RL approach is also
designed for stock market trading to boost up the results fol lowed by validating results on stocks of S&P500 [42]. Their
proposed method exhibits good results in terms of the Sharpe ratio. Likewise, to acquire more abstract representations
and information from stock prices, a module of Cascaded Long Short-Term Memory (CLSTM-PPO Model) is also
incorporated into DRL for robust feature learning [43]. The input of this method is the fusion of daily historical records as well
as common technical indicators. Subsequently, to combine conventional techniques with the latest methods, a hybrid
model integrating concepts of rule-based expert systems along with the DRL model is proposed in [44]. This rule-based
method makes DRL agents to learn more good trading opportunities and demonstrates superior performance. A number
of studies have been conducted on how DRL can be applied to stock market trading, but some research gaps exist.
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Also, most of the current literature focuses on historical prices and technical factors but does not consider sentiment data,
especially consumer sentiments and earning reports of stocks or companies. This oversight means that trading strategies
cannot be easily adjusted in response to changing conditions, especially in unpredictable environments. Furthermore,
some models receive high theoretical scores, but when employing them in live accounts, significant issues are revealed,
which makes the investigation of the practical applicability of the models important. Therefore, the research intended to
address certain challenges, including evaluating the performance of DDPG, A2C, and PPO algorithms in different market
Environments. To integrate dynamic elements into the model, aspects like stock price information are incorporated in our
methodology, as consumer sentiment and daily new sentiments, in addition, data from earning reports and Max
drawdown is identified as having a major influence on market direction that could not have been made as part of a static
model. This will help us to make better models that would better suit both historical conditions and present tendencies in
the market, thus improving their efficiency. Last but not least the research aspect of the study is conducted with adequate
back testing and cross-validation for various market situations to assess the efficiency of the proposed strategies.

1. PROPOSED METHODOLOGY ARCHITECTURE
In this section, a detailed description of the functionality of the proposed RL agent is provided step by step. A conceptual
framework that illustrates the proposed work is illustrated in Figure 2.
A. Background Of RL
Reinforcement learning (RL), which is a subfield of machine learning, has strong learning agents that aim to acquire as
much cumulative reward as possible from an environment. For instance, In 2015, Alpha Go proved to be much superior to
the Human professional players [45]. As for RL, it provides for effective learning in terms of objectives set along with
rational choice-making. In other words, RL is a process in which agents adjust their policies through trial and error in an
environment. The environment is generally described as the Markov Decision Process (MDP), defined as S,A,T,R and y
where S stands for the state, A is the actions, T for state transition, R for award and vy as the discount factor.
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The return refers to the aggregate of the number of future rewards over the discount factor y whereby ye (0,1]. The
agent improves actions that produce favorable outcomes and avoids those that result in undesired outcomes through the
process of trial and error with a view to achieving the best outcomes. In RL, the common classification of methods
involves value based, policy-based and the actor-critic. While value-based techniques involve estimating the value of
actions, policy based techniques directly aim for the optimization of policies. Actor-critic methods are a combination of
value-based and policy-based methods. In RL, to solve any problem, it is mandatory to define states, rewards, actions, and
environment according to the design and for achieving certain objectives. In algorithmic trading, states are not directly
given but are derived from a series of observations. To handle this problem, the model is extended and an observation
probability P(ob|s,a) is incorporated to make what we know as the Partially Observable MDP model.
B. Markov Decision Process (MDP) Formulation
The Markov Decision Process (MDP) is a model of stochastic processes and random variables that dictate the transition
of state to state with regard to certain assumptions and probabilistic laws. It is necessary to define RL and MDPs as
perfect for it since the latter is mathematically well grounded. By so doing, the agent corresponds to the decision maker
or learner while the environment is the world the agent exists in. In the particular time step t € {1,2,3,..., T}, the learning
agent comes across the environment. In this work, the MDP framework has been used in stock market trading to emulate
a real-life trading environment.
1) States Modeling
The ability to depict the state of the environment is critical to agents’ learning of the best policies. In the stock market,
the agent’s environment is determined by the current stock market environment. The choice of the right inputs is critical
in helping traders gain insight into the market as well as formulating trading rules. Similar to the trading decisions where
investors may consider more factors, the proposed RL agent also includes multiple factors within its observation space.
The states of the proposed RL agent involve the daily historical stock information including the opening price (opt), the
highest price within the day (hit), the lowest price within the day (lot) and closing price (clt) as well as the trade volumes
(tvt) all of which are denoted as opt, hit ,lot clt ,tvt € Rn+. In particular, opt stands for the initial stock’s price in the
certain time, hit and lot define the maximum and minimum price in the time t, clt is the price before the market closes,
while tvt is the total number of shares traded within the particular session. Also, using ‘t’ to refer to the time step, b t €
R+ represents the balance at any time step and the available by the vector h t € Zn+. In addition to these, some technical
indicators (described below including MACD, CCI, DMI, RSI, and Turbulence), and data from earning reports, consumer
sentiment indices, and daily news sentiment (described below) have also been modeled into the states of RL. All these
indicators are combined through concatenation along with time steps of days and provided as input to the states of all
three variants of proposed DRL models namely A2C_RMS, DDPG_RMS, and PPO_RMS respectively.
Figure 3 shows the training and testing setup a: Technical Indicators When making trading decisions, investors frequently
use technical factors Ti, which are heuristic and mathematical computations based on past stock data. Some of the
technical indicators that this study computed are as follows: 1. Moving Average Convergence Divergence (MACD) In
technical analysis, it is one of the most used indicators enabling to use of changes in intensity, direction, and duration of
stock price patterns [46]. It is sometimes referred to as a “moving averages indicator” or commonly known as a
“momentum indicator”. We have determined the MACD for every stock in a portfolio represented as Mp € Rt+ where t
is the total number of stocks. It can be computed using an equation (1):

MACD=N. Period _ EMA—M Period _ EMA (1)
In the above equation (1), the MACD is determined by subtracting the long-term EMA i.e. N from that of the short-term
EMA, M. An EMA is a moving average (MA) i.e. that gives greater importance and relevance to more recent data values.
2. Relative Strength Index (RSI)
Another technical tool that investors use in the financial markets is the Relative Strength Index commonly referred to as
RSI [46]. In recap, it is designed to show the past and present trends or health of a stock or market based on the last
traded prices of the current trading session. This also indicates how much the current prices have recently changed. Thus,
if the variations in price occur within the support line making a pattern with RSI, then it means that the stock has been
oversold. From this, it means that humans are able to make judgement as to purchases. Likewise, if the price moves
around the resistance level, it means it is overbought and a sale ought to be made. We have determined the RSI for every
stock in a portfolio represented as Rp € Rt+ where t is the total number of stocks. For all collections of stocks in a
portfolio represented as Rp € Rt+, initially, average gain and loss is computed:

RSI = 100—- [100/1+ Mean Gain /Mean Loss] (2)
In the above equation (2), the formula uses the mean percentage gain or loss throughout a given look-back time.
3. Commodity Channel Index (CCI)
This measure is derived from functions that involve high, low, and closing prices and moves with an oscillator that
incorporates momentum [47]. This measure illustrates the current price in relation to the mean of the prices of a given
window size of the purchasing and selling options. It also means that when this measure is zero then the current price is
higher than the mean of the previous prices. We calculated CCI for each stock in a portfolio, represented as Cp € Rt+,
where t represents the number of stocks higher than the mean of the previous prices. We calculated CCI for each stock
in a portfolio, represented as Cp € Rt+, where t represents the number of stocks.
4. Directional Movement Index (DMI)
This measure is employed to determine the trend of an asset price. It may be estimated using the high, low, and closing
prices and describes the direction as well as the intensity of trading prices [48].
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These are the directional movement lines (—DI) and (+Dl), the average directional index (ADX), the directional index
(DX), and the EMA of ADX, among others. In this research, DX has been calculated for every stock in a portfolio
represented as Cp € Rt+, where tis the total number of stocks. The following equations (3-5) are showing
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Figure 3. A pictorial representation of training and testing setup.
B: Sentiment Indices
Sentiment Indices are indicators that quantify the sentiment of news and other textual information associated with finan
cial markets [49]. These indices are frequently extracted from articles or posts from news sources or social networks that
shape people’s perceptions of the market.
1. Daily news Sentiment
Daily news sentiment is very useful for trading because it gives an opportunity to invest based on the current global mood
of the market. Markets are not only determined by the supply and demand factors but also depend on the sentiments of
the investor, which are in most cases, swayed by the news. When the news sentiment is positive the investor gains
confidence to invest, and the volume of buying increases the stock prices of the share [50]. On the other hand, negative
sentiment often leads to a selloff due to investors wanting to reduce the amount of money they are likely to lose.
2. Consumer Sentiment Consumer sentiment is defined as the outlook that con summers have about the current and
future state of the economy with personal financial prospects. It is mainly assessed by the consumer expectations
concerning future changes, their expenditure pattern, and their view on economic conditions. High consumer sentiment
also gives an indication that the consumers are optimistic about the economic status thus they will spend more on
aspects that assist in economic growth. On the other hand, low consumer confidence can be attributed to a consumer
being conservative which translates into less spending and possibly slower economic growth. Consumer sentiment is of
much importance, especially to stock traders since it has an impact on spending, which has an impact on the revenues of
corporations and economic growth [26].
3. Stock Earning Reports Stock earning reports are reports that are issued by most companies as they adopt the public
company model of oper ation and contain the balance sheets of the company for a given period of time. Common ones are
the revenues and net income, earnings per share, and the operating expenses to mention but a few. They contain a
summary of a company’s financial performance and are of vital interest to investors, analysts, and traders. Earning reports
also contain projections or outlooks for the company's future operations and possible difficulties that may be
encountered [53]. Earning reports are particularly significant in stock trading because they offer f irst- hand information
on how a company is performing in terms of stock. In this research, we have collected the con sumer sentiment to
combine with daily, technical, as well as news sentiment.
2) Trading Actions
The behavior that is exhibited by the agent when interacting with the trading environment can be expressed in action. In
this, the agent sees the fundamental, technical, and the daily data of the stock market then decides to either buy, sell or hold.
These actions a€A are represented as ae{—1,0,1}, where 0 represents purchase, 1 shows hold, and —1shows sell. Since
the actions are taken over several shares, the action space in this case is {-q,...,—1,0,1,..,q}, where symbol q
denotes the total shares. For this study, g equals 100.
1.Proposed MDD Reward
A reward in the case of stock trading most often means the yield or profit on capital. This desirable outcome is actively
achieved by traders due to the intentional acquirement and divestiture of equities. Since the principal motivation of the
traders is to ensure that they earn higher profits with minimal risks, the concept of reward is very relevant to the trader.
In this study, we have employed the max drawdown as an additional variable with portfolio values in the reward function.
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The max drawdown is the single biggest loss that a portfolio can endure from, a high point to a low point and then back
to a high before a new low point. It measures the maximum percentage loss from the highest value of an investment and
gives the investor a worst- case view of their portfolio [55].

4. State Transitions

The RL agent chooses an action from the policy given its current state and it executes this action in the market (e.g., buying
or selling a specified quantity of asset). For instance, before the agent purchases 100 shares in a company the financial
status of the company as well as the agent’s portfolio is altered through a market action. Consequently, after the action,
the RL states for the next day include shares, dollar amount of shares, balance, and trading shares. That is, if the agent
invests in stocks, the current balance is reduced by the amount invested to make such an acquisition, while the dollar
value of stocks owned in the given asset increases. After trading shares, and rebalancing the portfolio, the RL agent goes
to the next state in the state space. The state also enables the agent to have a real-time view of the environment and
one’s position in it once a particular activity has been accomplished.

C. DRL Stock Agents

This study employs three reinforcement learning models namely: Advantage Actor Critic (A2C), Deep Deterministic
Policy Gradient (DDPG), and Proximal Policy Gradients (PPO). The weights of these DRL agents involving neural
networks are optimized through Adam optimizer. The states are comprised of technical indicators, sentiment indices,
consumer indices and daily indicators and these features are provided as input to DRL-agents. Figure 4 shows the detalil
internal working of architecture and following is a detailed description of them:

1. Deep Deterministic Policy Gradient (DDPG)

Deep Deterministic Policy Gradient (DDPG) is used to optimize investment returns. DDPG is developed from the
Deterministic Policy Gradient (DPG) algorithm [56], which is a combination of Q-learning [57] and policy gradient
framework [58]. However, DDPG applies neural networks as the function approximators. The DDPG algorithm is
intended for the Markov Decision Process (MDP) model of the stock trading market. Q-learning is fundamentally a method
for learning about the environment
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Figure 4.Detailed internal working of rl framework for stock market trading

2. Policy Gradient Methods

Policy gradient methods are a subclass of the algorithms used in learning reinforcement that intend to find the policy that
optimizes the given function by calculating the estimator of the gradient of the policy Proximal Policy Optimization (PPO)
with Actor-Critic is one of the policy gradient methods which involves optimizing the policy by combining multiple
components: precisely, the clipped surrogate loss, the value function loss, and an entropy bonus are chosen. It in corpo
rates the notions of A2C and trust region policy optimization (TRPO), allowing numerous epochs of minibatch updates.
Algorithm (Pseudocode)

Input: Historical stock data, consumer sentiment, news sentiment, earnings reports Reward Ri incorporating portfolio
value and Max Drawdown, Action space {—q,..,—1,0,1,...,q}, DRL agents: DDPG, PPO, A2C. Replay buffer denoted as D
Output: Optimized trading strategy TS

Initialize: Portfolio value VO, balance, environment E with portfolio of stocks

For each episode i = 1,max_episodes :

Initialize: Build state sO = {50,1,50,2,......cccccevrvrerrmrrrnrnrannn, s0,m} for m stocks

For each time step t =1, ........ ,max_steps :

Action < at € {at,1, ....atm}
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Execute Trade « at buy, sell, hold
Update portfolio— Adjust balance and shares
Reward and Next state «— Rt andSt+1 Store Transition D« (st,at,rt,st+1) Sample mini batch from D
Update actor-critic networks: Using DDPG, PPO, or A2C gradient updates.
End For Evaluate portfolio performance using TS
End For Coefficients c1,c2 balance the importance of two terms that are the value function loss and entropy bonus
correspondingly.
3. Advantage Actor-Critic (A2C)
The combination of value-based and policy-based methods will lead towards actor-critic algorithms of RL. These actor-
critic methods tackle the challenges of high variance which is usually happening during the back propagation of policy-
gradient methods. Therefore, combining actor-critic techniques with generalized advantage estimation significantly
reduces the unpredictability of gradient updates. In this regard, one of the most popular algorithms of RL algorithms is
A2C which boosts up policy gradient updates. This variation in policy gradient is tackled through the inclusion of the
advantage function. This advantage function is calculated by the critic agent, instead of only approximating the value
function. The evaluation of a trading agent’s action is based not just on the positive outcomes of the action, such as selling,
buying, or holding stocks, but additionally on its possibilities for additional improvement. With this inclusion, the robust
ness of the model increases while on the other hand, the variance of policy agents is going to decrease. By using the various
data examples, the A2C model modifies the gradients using identical network architectures for all agents. Each agent
separately takes action and interacts with the stock market environment on their own. The average of all gradients from
all models is passed towards the global model and are processed by the coordinator in A2C in each iteration. This global
network is then subsequently utilized in the actor critic networks. For large data of stocks, A2C employed synchronized
gradient updates for fast execution.

IV. TECHNOLOGIES USED

1) States Modeling: The ability to depict the state of the environment is critical to agents’ learning of the best policies.
In the stock market, the agent’s environment is determined by the current stock market environment. The choice of
the right inputs is critical in helping traders gain insight into the market as well as formulating trading rules. Similar to
the trading decisions where investors may consider more factors, the proposed RL agent also includes multiple factors
within its observation space.

2) Technical Indicators: When making trading decisions, investors frequently use technical factors Ti, which are
heuristic and mathematical computations based on past stock data. Some of the technical indicators that this study
computed are as follows: 1. Moving Average Convergence Divergence (MACD) In technical analysis, it is one of the
most used indicators enabling to use of changes in intensity, direction, and duration of stock price patterns [46]. It is
sometimes referred to as a “moving averages indicator” or commonly known as a “momentum indicator”.

3) Relative Strength Index (RSI): Another technical tool that investors use in the financial markets is the Relative
Strength Index commonly referred to as RSI [46]. In recap, it is designed to show the past and present trends or
health of a stock or market based on the last traded prices of the current trading session. This also indicates how much
the current prices have recently changed. Thus, if the variations in price occur within the support line making a pattern
with RSI, then it means that the stock has been oversold.

4) Commodity Channel Index (CCI) : This measure is derived from functions that involve high, low, and closing prices
and moves with an oscillator that incorporates momentum [47]. This measure illustrates the current price in relation
to the mean of the prices of a given window size of the purchasing and selling options. It also means that when this
measure is zero then the current price is higher than the mean of the previous prices.

5) Directional Movement Index (DMI): This measure is employed to determine the trend of an asset price. It may
be estimated using the high, low, and closing prices and describes the direction as well as the intensity of trading prices
[48]. These are the directional movement lines (—DI) and (+DlI), the average directional index (ADX), the directional
index (DX), and the EMA of ADX, among others.

6) Stock Earning Reports: Stock earning reports are reports that are issued by most companies as they adopt the
public company model of operation and contain the balance sheets of the company for a given period of time.
Common ones are the revenues and net income, earnings per share, and the operating expenses to mention but a few.

7) Trading Actions: The behavior that is exhibited by the agent when interacting with the trading environment can be
expressed in action. In this, the agent sees the fundamental, technical, and the daily data of the stock market then
decides to either buy, sell or hold.

8) Proposed MDD Reward: A reward in the case of stock trading most often means the yield or profit on capital. This
desirable outcome is actively achieved by traders due to the intentional acquirement and divestiture of equities. Since
the principal motivation of the traders is to ensure that they earn higher profits with minimal risks, the concept of
reward is very relevant to the trader.

9) Deep Deterministic Policy Gradient (DDPG): Deep Deterministic Policy Gradient (DDPG) is used to optimize
investment returns. DDPG is developed from the Deterministic Policy Gradient (DPG) algorithm [56], which is a
combination of Q-learning [57] and policy gradient framework [58]. However, DDPG applies neural networks as the
function approximates. The DDPG algorithm is intended for the Markov Decision Process (MDP) model of the stock
trading market. Q- learning is fundamentally a method for learning about the environment.
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10) Data Collection: This research proposed a multi-stock trading strategy using DRL agents by utilizing Dow Jones
30 constituent stocks. For the purpose of this study, the data used was obtained from Yahoo Finance API with a
timeframe.

V. IMPLEMENTATIONS AND RESULTS
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This section discusses the dataset, the assessment criteria used for examining the model, the proposed technique’s
results, and the analysis of findings.
A. Data Collection
This research proposed a multi-stock trading strategy using DRL agents by utilizing Dow Jones 30 constituent stocks. For
the purpose of this study, the data used was obtained from Yahoo Finance API with a timeframe from January 1, 2010, to
April 01, 2024. Training data was used from January 1, 2010, through October 1, 2021, and back testing was done from
October 1, 2021, through April 01, 2024. Moreover, data from earning reports were collected from Alpha Vantage API.
B. Evaluation Metrics
In this study, different assessment measures are utilized in order to evaluate the performance of the proposed agent in
making stock trading decisions. The metrics utilized are as follows:
Cumulative Return: This is the total return that is accumulated by the time of the close of the trading day.
Sharpe Ratio: This metric assesses the performance of the agent by calculating the returns on investments in addition to
risk consideration.
Max Drawdown: This measures how sound the agent is since it determines the worst loss from the highest to the
lowest point within a period, thus the value of an agent’s portfolio at its lowest. Maximum drawdown indicates the

possibility of a downside over a certain time span. MDD = Trough value — Peak value / Peak value

Annual Return: This measure gives the amount of profit and or loss made through an investment portfolio within one
year. It is defined in equation (29)

Annual Volatility: This figure quantifies the stability of the model by computing the standard deviation of the portfolio
returns to find out how much the returns vary

Calmar Ratio: This performance measure assesses the fund performance mainly, investment firms like hedge funds or
commodities trading advisors (CTAS) in relation to annualized return and the max drawdown. It is defined below in
equation (31):

C. Results of the Proposed RMS Models and ~“DJI BASELINE Index

To validate the performance of the proposed framework comprising all DRL agents namely A2C_RMS, DDPG_RMS,
and PPO_RMS, they are initially trained and later on, their performance is accessed through back testing. Table 4 shows

. . . . Rp —R .
the results of the proposed agents in terms of different metrics. Calmar ratio = =R MDD. In the above equation, Rp
is the portfolio return, Rf is indicating the risk-free rate, while the MDD is the value of the maximum drawdown.
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Figure 7. Analysis of top five volatile stocks of DOW JONES dataset in terms of closing price, moving average and daily
returns.
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Omega Ratio: This measure gives the volatility profile of the investment strategy managed by the trading agent. This
indicator is derived by dividing the cumulative return distributions into segments with losses and gains
Tail Ratio: This measure established the risk-adjusted value of the investment by taking into consideration the downside
risk. It is a measure of the investment’s mean return over the best- performing tails (95% vs 5%).
Sortino Ratio: Like the Sharpe Ratio, the Sortino measures the risk-adjusted performance but with an additional
consideration which is that of below-target returns.

Rp —Rf /
Sortino ratio = P f Dv

Stocks
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Figure 8. Percentage of trading volume of each stock in DOW jones.

Profitable on average compared to other models showing the highest annualized return at 10% and a cumulative return of
27%outperforming PPO_RMS at 8% annualized return, and 22% cumulative returns and DDPG_RMS at 7% annualized and
19% cumulative returns. The DIl index performs a little bit less, with a yearly return of 5% and a total return of 13%. This
lower performance highlights the relative strength of the proposed model, which outperforms the baseline index. Even in
terms of risk-adjusted return based on the Sharpe ratio; A2C_RMS has a better risk-adjusted return of 0.66 in com
parison with the ~DJl baseline index having0.42.TheCalmar ratio and Omega ratio are significant in that A2C_RMS per
forms more effectively in the aspect of better risk- adjusted returns and also far more efficiently in terms of the number
of positive returns compared to other models. Following on, if the comparison has been carried out in terms of Max
drawdown, then all agent exhibits nearly equal values e.g., A2C_RMS shows —0.21788 Max drawdown. Likewise, the
proposed model of A2C_RMS also works well in terms of the Sortino ratio and Omega ratio which is about 0.96 and
1.11. More explicitly, the more closely the Sortino ratio is near to one or more, the more effective the model is in
producing returns without subjecting the portfolio to severe negative risk. In this case, a ratio of 0.96 indicates that the
A2C_RMSmodel is literally risk-neutral with respect to bad returns, which is normally beneficial for investors. Similarly,
an omega ratio of 1.11 indicates a quite significant ability of the proposed model to generate positive returns when
contrasted to losses and shows that DRL models have a good ability to make trading decisions. Subsequently, the Calmar
ratio is also good having a value of 0.48 with A2C_RMS,0.43 with PPO_RMS, and 0.36with DDPG_RMS. These values are
comparatively larger than the baseline ~DJl index having a Calmar ratio of 0.24. In the context of stability, A2C_RMS has
the best stability at 0.3323, indicating greater consistency in performance than the other DRL agents designed for stock
trading. Follow ing on, PPO_RMS is somewhat stable at 0.2647, whereas DDPG_RMS as well as the DIl Baseline Index
have lower stability scores of 0.2139 and 0.069647, respectively. This stability metric shows the consistency of models in
generating returns and it is observed that A2C_RMS has good performance not only in the case of good Sharpe, Omega
,and Calmar ratios but also in good values of stability. In a nutshell, it can be logically deduced that the A2C_RMSis more
effective in achieving the majority of the metrics under consideration. This higher performance is primarily due to the
actor-critic framework used by A2C_RMS and its advantage function. Figure 7 shows the graphs of different models
indicating their portfolio values over the testing data during back testing. The portfolio value of all proposed models
namely A2C_RMS and PPO_RMS models against the baseline DIl index during back testing provide a clear analysis of
these investment strategies at a glance. For instance, in A2C_RMS, i.e. Figure 7(a) the portfolio returns of A2C_RMS is
much larger than the baseline ~DIl index with a maximum value of 1242380. In the same way.

D. Comparative Analysis of Proposed Models With Different Indicators

In this experimental setup, the performance of proposed models is investigated by analyzing the impact of individual
indicators namely daily news, consumer sentiment, and data from earning Reports, and any data that is a combination of
these types. The examined concern and risk metrics include the following: the Sharpe ratio, the Calmar ratio, the Talil
ratio, the Sortino ratio, and the Omega ratio.
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The graphs shown in Figure 8 provide the results of this experimental setup. More precisely, Figure 8(a) and Figure 8(b)
show the performance of A2C_RMS models for each input data type along with these ratios. For instance,
A2C_RMS_ALL seems to have comparable performance across all the plots, showing how the model works when all the
sources of data are considered. The second graph in Figure 8 (c) and Figure 8(d) shows the results of DDPG_RMS
models over different indicators individually. This also presents the comparison of several metrics (Sharpe ratio, Calmar
ratio, Tail ratio, Sortino ratio, Omega ratio). The indicators involve news sentiment, consumer sentiment, earning reports,
and all of them at once. The results of DDPG indicate that with all indicators, the DDPG_RMS performance is
comparable. However, from the graphs, it is observed that DDPG_RMS shows more good performance if only daily news
sentiment is modeled into the state representation. This indicates that by involving this external element of news
sentiment in the state representation, DDPG_RMS can obtain a more sophisticated knowledge of market dynamics,
highlighting the interaction between sentiment- driven market behaviors and stock price performance. It is also observed
that the incorporation of other variables such as consumer sentiment and data from earnings reports is also beneficial,
but it seems to reduce the model’s ability (i.e DDPG_RMS) to efficiently analyze and make trading decisions (particularly
cumulative returns and annual returns is less as observed in Figure 8(d)), potentially due to greater noise or complexity in
the state representation. Following on, the third comparison has been made on PPO_RMS with the same experimental
settings. Figure 8 (e) and Figure 8 (f) compare the performance of different PPO_RMS using different combinations of
indicators. The performance measures include various risk-adjusted return metrics. The most common measures are the
Sharpe ratio, Calmar ratio, Tail ratio, Sortino ratio, and Omega ratio. It is observed from the results of PPO_RMS that
with a combination of all factors, the model shows good performance in terms of Sharpe ratio, Calmar ratio, and returns
(both annual and cumulative).
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Figure 8. (a)Portfolio value of proposed A2C_RMS vs baseline ~DJI index during back testing (b) Portfolio value of
proposed PPO_RMS vs baseline DIl index during back testing (c) Portfolio value of proposed DDPG_RMS vs baseline
ADIJI index during back testing.
Calmar ratio, and returns (both annual and cumulative). The observed findings show that the PPO_RMS model performs
better when the state representation includes a wide range of elements, such as daily news sentiment, consumer senti-
ment, and earnings report data. This shows that PPO_RMS is well-suited to dealing with large and diverse data inputs,
using its policy optimization approach to identify correlations and trends across multiple sources of data. Following on,
the performance in terms of portfolio value has also been analyzed such as Figure 9 shows the performance of A2C_RMS
in optimizing portfolio with different indicators, Figure 10 shows the performance of DDPG_RMS in optimizing portfolio
with different indicators and Figure 11 shows the performance of PPO_RMS in optimizing portfolio with different
indicators.
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From the analysis, it can be concluded that the A2C_RMS model (From Figure 9) shows the good value of a portfolio
over the back testing period when only news sentiment has been involved especially during the time period after 2022.
Similarly, it is observed that with only data from earning reports, the portfolio values are not as good, but on the other
hand, the consumer sentiment shows a good impact.
E. Max Draw Down Analysis of RL Agents Across Different Data Sources
Based on the Max Drawdown analysis made on the pro- posed reinforcement learning (RL) agents, it can be observed
from Table 5 that the performance of the agents depends on different data indicators. In terms of Max drawdown analysis
on different data indicators, the A2C_RMS model has consistently the least maximum drawdown, which implies that it
incurs a less extreme loss In particular; the DDPG_RMS algorithm shows a maximum drawdown value of —0.202 when all
combinations of factors were involved i.e. A2C_RMS_ALL. Similarly, a max drawdown of —0.187 is achieved when
data from earning reports are included in the state representation. It is noted that A2C_RMS and PPO_RMS are
fairly comparable; however, DDPG_RMS has minor deviations. It has been observed that the suggested RL models
have good maximum drawdown values and are more suited for real-world trading since they exhibit controlled risk.
F. Comparative Analysis With Baseline Methods Using Back testing
To verify the effectiveness of the proposed RMS_based models, we compared them to non-reinforcement learning
techniques which include the Dow Jones Industrial Average (DJIA), optimization model based on Mean-variance with
distinct objective functions [59], machine learning-based Hierarchical Risk Parity method [60], along with Critical Line
Method [61]. The results of the proposed RL framework with these baseline algorithms are provided in Figure 13(a) and
in Figure 13 (b), Mean Var (Sharpe) demonstrates Sharpe-based objectives, and Mean Var (risk) implies maximizing return
for an objective with target risk, along with Mean Var (return) implies minimizing risk for a target return. More precisely,
in Figure 13 (b), the comparative analysis has been done on the basis of Cumulative returns and Sharpe ratio, however, in
Figure 13 (b), the comparison has been done on the basis of annual returns and the Sortino ratio.
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Potential in improving the trading model. The most significant finding from this research is that combining consumer and
news sentiment in addition to earning reports considerably improves trading decision-making. This inclusion provides a
comprehensive view of the market by combining conventional financial indicators such as profits and revenue from
earnings reports, and with psychological and emotional factors derived from news sentiments that influence investor
purchasing and investment choices. The variants of DRL proposed in this work including PPO_RMS, A2C_RMS, and
DDPG_RMS underscore the benefits of including sentiment data with risk management approaches such as by including
Max Drawdown based penalty in reward function. Both these models give due importance to long-term strategic planning,
yet they are able to ensure short-term gains as well, thereby giving an edge over the conventional techniques proven by
better risk- adjusted returns and other parameters such as the Sharpe and Calmar ratios. This implies that the proposed
models are not only advantageous but that they are more robust in fluctuating markets.

e By
g Eﬂiﬁ' NIRAE::International Journal of Innovative Research in Advanced Engineering
g=a-a = \/olume 13, Issue 05, May

A2C_RMS and ~DJI Over Time

f’bﬁfm\v‘;ﬁ

le6

1.20 -

1.15 4

1.10 4

1.05 4

1.00 1

Portfolio Value

0.95 1

0.90 4

Portfolio Value

v v
LB LS - ? L.Q'\ NS =

"oty g s f A%
S -5 2 B 42 %

Figure 10. Portfolio value of proposed A2C_RMS vs baseline DIl index during back testing with data (a) of Earning
Reports (b) news sentiment (c) Consumer sentiment.

In the past, most of the policies simply depended on historical data, and other factors but neglected consumer sentiment
index and data from earning reports. However, this study has demonstrated that there exists a lot of potential in involving
these factors which can give an extra layer of insight to the algorithms and help them to predict the market trends better
and also to respond to them better could become the foundation for a new generation of trading systems that would
function better in today’s global financial environment.
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Figure 11. Portfolio value of proposed DDPG_RMS vs baseline ~DiJl index during back testing with data (a) of Earning
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Furthermore, the study recommends that sentiment indices when combined with the earnings reports may be useful in
risk management. Max Drawdown integrated into the reward function of the proposed models captures the need for
trading strategies not to always aim at high gains but low losses as well. The combination and/or integration of these two
aspects is vital for traders and investors who want to get the most out of their profit and at the same time, minimize the
level of risks. Moreover, the proposed study is based on an intraday trading strategy in which daily stock data (i.e., end-of-
day prices and relevant indicators) is employed. The rationale is that daily data achieves an ideal balance among
granularity and stability. In comparison to high-frequency data (e.g., tick or minute-level), daily data includes substantially
less noise and better represents real market trends. In addition, high- frequency data (e.g., minute-by-minute or tick-level
data) is computationally extensive to process and requires more training time. Over fitting to short-term market signals is
risky because high-frequency models might become too dependent on microstructure noise. As a result, daily data
enables the RL agent to generalize more accurately while remaining computationally feasible. The RL-based methodology
developed in this study is feasible for managers who want to maximize daily trading choices. The day-by-day approach
provides individual investors with an automatic decision-making technique that assists in balancing returns and risk without
requiring ongoing market monitoring. The model is trans- formed into an evolving automated decision-making system that
changes with the evolving market conditions and helps managers in their portfolio decisions. The proposed RL-based
strategy is able to adapt to continual updates using new data with online learning. Furthermore, the proposed model high-
lights crucial criteria for modeling the problem of portfolio optimization, such as the importance of consumer sentiment,
the news sentiment index, and data from stock earnings reports.

o6 < of A2C variants and ~Dji Over Time - - Comparison of DDPG Variants and ~Djl Over Time

P
ar

ﬂ 134 -. .,:._ - . iy

Partfolio Value
&

Portfolio Valus
5
{E
.‘
-(
_s'
“«l

T g : r 5
P < b et A1 ¥

Date

Figure 13. Combined comparison of proposed agents (A2C, DDPG, and PPO) on different indicators namely daily news
sentiment, consumer sentiment index, and earning reports.
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Figure 14. Comparison of proposed agents (A2C, DDPG, and PPO) with baseline methods (a) Cumulative returns and
Sharpe ratio (b) Annual returns and Sortino ratio.

Those simpler methods are although show good results but they have some limitations which is why the latest studies
adopt the use of RL [62]. Several simple methods such as mean reversion [10], momentum-based methods [11], and rule-
discovery techniques [12] exist in the literature, but they have poor generalization and do not show good results in all
market conditions [62]. Some methods are based on two-step strategies such as the prediction of stock prices using
supervised ML algorithms and later on trading decisions are made based on predictions, however, there exists a major gap
between both stages [62].
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VI. CONCLUSION
Stock market trading continues to be an important part of the worldwide economy, providing the potential for financial
accumulation and diversification in a portfolio. In general, traders use financial domain knowledge and fundamental analysis
to arrive at informed trading decisions with the goal of maximizing gains in the markets. Nevertheless, trading in the stock
market is always complicated and challenging for traders because of the unanticipated characteristics of market behavior,
high- dimensional information, and the interaction of numerous elements including news sentiments, consumer sentiment,
macro economic variables, and stock micro-factors such as earnings. To address this, a novel strategy for stock market
trading based on RMS factors i.e., enriching states of the DRL model with news sentiment, consumer sentiment, earning
reports in addition to daily historical data, technical indicators, and Max drawdown rewards has been proposed. The
findings indicate that these variables helped in learning the DRL model for analyzing market movements and constructing
better trading strategies. It can be concluded that the suggested RL models (PPO_RMS, A2C_RMS, and DDPG_RMS)
outperform the DIl index as well as base line methods of trading e.g., Mean Variance Optimization. The suggested reward
function, with its Max Drawdown component, efficiently balances profitability and risk, resulting in effective trading

strategies. Compared to all models, DDPG_ RMS demonstrates good out comes by demonstrating yearly returns of 10%,

cumulative returns of 27%, Sharpe ratio of 0.66, and Sortino ratio of 0.96. In general, the addition of sentiment indices

with traditional earnings enhances the DRL-based trading models and can be termed a major step forward in trading science
by offering improved market insights and consistently high performance. Future studies will include leveraging additional
factors to improve the DRL’s state representation, such as macroeconomic indicators, event sentiments (such as
sentiments centered on political events such as elections or natural disasters events), and correlation relationships across
stocks. Furthermore, designing a better reward function, such as utilizing the Sortino ratio, is a promising future study
direction. Similarly, investigating hybrid RL models or adding ensemble learning approaches can improve stability as well as
performance.
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