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ARTICLE INFO ABSTRACT 

 The prediction of stock price volatility is thought to be one of the most 
fascinating and important study topics in the financial sector.  Deep 
learning (DL) uses cutting-edge computing technology to analyze data, 
particularly in the discipline of finance, to deliver insightful analysis.  Due 
to the advantages of sequential learning, the LSTM network has 
demonstrated notable performance when it comes to time series 
prediction.  It might be very difficult for a researcher to build and choose 
the best computationally optimal LSTM network for stock market 
forecasting.  The model's ability to learn is impacted by multiple 
hyperparameters that it must control due to the nature of the data. In 
addition, several earlier research used heuristics based on trial and error to 
guess these parameters, which may not always result in the best network.  
Furthermore, the hyper-parameter values have a significant impact on 
LSTM model accuracy.  To increase the efficiency and precision of the stock 
prediction method, an improved salp swarm optimization (ISSA) algorithm 
is used in this research to find satisfactory LSTM model parameters.  The 
ISSA approach uses partial opposition-based learning (POBL) to enhance 
the population diversity and avoid local optima problems.  To verify the 
ability of the proposed ISSA-LSTM prediction method, four different stock 
market datasets are considered for experiments.  The experimental results 
confirmed that the developed optimized ISSA-LSTM approaches produced 
high prediction accuracy and fast convergence rate.   

Keywords:Long-short term memory; Salp swarm optimization; Partial 
opposition-based learning; Stock price prediction; Financial analysis 

 
1. Introduction 

 
The stock market is a marketplace where company shares and derivatives can be exchanged at set prices. The 
stock market is one of the fastest-growing divisions of any country, driven by supply and demand for shares. 
These days, a large number of people work directly or indirectly in this industry.  As a result, keeping up with 
industry developments becomes essential. [1].  Predictions of stock prices get more and more interesting as 
the stock market moves. However, because stocks can fluctuate greatly in value, it can be difficult to predict 
stock values.  Frequently, the stock market is a noisy, chaotic, non-parametric, non-linear system [2].  Moving 
averages (MA), exponential moving averages (EMA), and autoregressive integrated moving averages 
(ARIMA) are three statistical techniques that have been used to forecast stock prices in the past.  However, 
statistical approaches are not performing well because of complex, noisy data that may not be sufficient for 
complex nonlinear models and because they are unable to handle the discontinuity of stock market data [3].   

 
Deep learning approaches are therefore sophisticated machine learning approach that has the learning ability 
and the propensity to capture complicated non-linear models.   The difficulties brought on by the complexity 
of financial time series can be resolved due to deep learning's strong data processing capabilities.  
Consequently, there are many opportunities for deep learning and finance.  RNNs are effective for time series 
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and other sequential data. They can identify long-term trends and temporal relationships in previous stock 
prices. RNNs are frequently used for stock price prediction, and one of the most well-known methods is 
LSTM.  LSTM networks are a preferred option for stock price prediction due to their capacity to recognize 
long-term relationships in sequential data.  Traditional RNNs have the vanishing gradient problem, which is 
fixed by LSTM, enabling them to successfully learn from lengthy data sequences.  LSTM is especially helpful 
for tasks like stock price prediction when historical data greatly affects forecasts made in the future.  The core 
of our study is an optimized LSTM network that integrates SI-based optimization techniques because it 
overcomes the processing limitations of heuristic estimates of architectural hyperparameters based on trial 
and error.   
 
The SSA is an optimization method inspired by nature that takes signals from the group behavior of salps, 
and ocean animals that resemble jellyfish. To solve numerous optimization issues, SSA, a relatively new 
addition to the field of SI and optimization techniques, was developed.  In comparison to other well-known 
techniques, SSA outperformed them on a variety of tasks, demonstrating its superiority.  SSA also offers a 
variety of additional qualities, including flexibility and simplicity.  Additionally, SSA showed its capacity to 
address both large- and small-scale issues and distinguished itself by its adaptability and highly stochastic 
character.  However, SSA faces two problems such as population diversity and local optimum. 
 
Numerous research in the literature has utilized the opposition-based learning (OBL) approach [4] to 
enhance various optimization techniques such as GA[5], artificial bee colony (ABC) [6], PSO[7], BCO[8], and 
SSA[9].  It was shown by an OBL that it may enhance these algorithms' population diversity and convergence 
rate.  Nevertheless, OBL selects the best solutions and finds the worst options for every solution throughout 
each iteration; as a result, the search algorithm will get more complex [10].   This study, which was inspired 
by the concept of OBL, proposes a partial OBL called POBL, an enhanced OBL.  The POBL is designed to 
compute partial opposite points of an estimate rather than only looking at the opposing point of a candidate.  
POBL is used to improve the SSA approach by initializing the population and updating position to enhance 
population diversity, and convergence rate and reduce the complexity.   So, the original SSA algorithm's 
characteristics are carried over into the suggested ISSA.  According to the suggested enhancements, ISSA is 
superior to the original SSA for its capacity to strike a balance between exploitation and exploration and avoid 
local optima.  The proposed ISSA approach is used to fine-tune the hyperparameters of the LSTM approach 
for predicting stock prices.  Contributions of research are as follows;  

• The current study's new stock price prediction algorithm is based on an optimized LSTM.   

• The ISSA is used in the optimized process to identify the best LSTM parameters. 

• The ISSA uses the POBL method to enhance the population diversity and avoid local optima and 
convergence rates.   

• To assess the effectiveness, the designed prediction technique is contrasted with certain well-known BPNN, 
standard LSTM, and variant LSTM methods. 

• Results of the experiments done on four distinct financial datasets to evaluate the reliability of created 
prediction techniques  

 
The paper is ordered as follows: section 2 covers related works; Section 3 covers LSTM, SSA, OBL, POBL, and 
ISSA algorithm; Section 4 covers optimized LSTM; Section 5 covers the results analysis; and Section 6 
concludes the research work.   
 

2. Related works 
 
Researchers and analysts can better comprehend the various models and approaches that have been 
employed in the past for stock market forecasting by doing a literature study.  It offers details on the 
historical evolution of predictive models, as well as their advantages and disadvantages.  Researchers can find 
benchmark models and methodologies that have done well in prior studies by evaluating the body of existing 
literature.  This enables them to evaluate the effectiveness of their suggested models or techniques in 
comparison to industry standards. 
 
K. Liu et al. (2021) [11] developed a brand-new sentiment-based LSTM to forecast stock prices using cutting-
edge internet data sources.  Individual investors frequently get trade information from internet social media 
sites for several growing nations. Consequently, stock features pulled from social media sites are likely to 
provide useful data. We created daily social networks using data we collected from EastyMoney, China's 
largest social media site, on individuals and the stocks they followed. After that, we added the network 
variable for each stock to the conventional variables and used the LSTM to forecast the close prices of the SSE 
50 member stocks.  Y. Wang et al. (2021) [12] introduced Direct input-to-output connections (DIOCs) into 
the Elman Neural Network (ENN) for stock price prediction.  it is demonstrated that the developed ENN with 
these connections (Elman-DIOCs) performs noticeably better than the original ENN without them.  
Depending on the presence of hidden layer biases, output layer biases, and DIOCs, the author performs a 
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systematic evaluation of 8 models.  B. Yan et al. (2020 )[13] developed the CEEMD-PCA-LSTM model for 
stock markets using a revolutionary deep-learning prediction approach.  As a sequence smoothing and 
decomposition module in this model, complementary ensemble empirical mode decomposition (CEEMD) can 
step-by-step decompose the fluctuations or trends of various time series scales, producing a series of intrinsic 
mode functions (IMFs) with various characteristic scales.  The deconstructed IMF component's dimension is 
then reduced while still preserving the majority of the raw data's information, removing any unnecessary data 
and enhancing forecast response time. The closing price of the following trading day for each component is 
then predicted using high-level abstract attributes that are independently input into LSTM networks.  Finally, 
a final anticipated value is obtained by combining the predicted values of the constituent components. 
 
A. Dezhkam et al. (2022) [14] developed a new stock price prediction method using a tri-state labeling 
method to categorize the underlying patterns into up, down, and no-action groups. The load of denoising the 
dataset as a preprocessing work is lessened by the addition of a no-action state in our unique technique.  
Using ML and DL models, we experiment with the performance of our labeling system.  By using the 
Bayesian optimization approach to choose the optimal hyperparameter tuning values, the framework is 
enhanced.  The necessary trading signals are produced by the price trend prediction module.  J. Zhao et al. 
(2021) [15] developed a new method for developing stock price trend prediction models based on 
RNN/LSTM/GRU with the attention mechanism called AT-RNN-M, ATLSTM-M, and AT-GRU-M).  
According to the Authors, stock data has a long memory, meaning that changes in stock prices are tightly tied 
to past transaction data, and stock RNNs are effective at extracting characteristics from time series.  S. 
Hochreiter et al. (2018)[16], RNNs are used to forecast stock closing prices. As a unique approach to 
forecasting the closing price of the stock market, an LSTM model, a sort of RNN, is developed.  It is combined 
with stock fundamental transaction data and technical indicators. PCA is used to achieve dimension 
reduction for the technical indicators. Adaptive moment estimation (Adam) and Glorot uniform initialization 
are two optimization techniques that are used to train the model. Case studies are done on the NASDAQ, 
Apple (AAPL), and S&P 500. 
 
L. Zheng et al. (2021) [17] have presented a hybrid prediction model that combines PCA and RNN to better 
forecast share prices for the aerospace industry sector and fully comprehend the influence of different factors 
on stock prices.    The created model may function as an intelligent agent in an autonomous stock prediction 
system, allowing the financial sector to quickly decide on their economic plans and commercial ventures 
based on anticipated future share prices, increasing return on investment.  Z. Berradi et al. (2019) [18] 
provided a PCA and simple RNN (SRNN)-based feature selection-based stock price prediction approach.  The 
purpose of the work is to select the finest number of inputs from the eight characteristics using PCA, then 
apply the model SRNN to forecast the price of 29 days.  F. Yang et al. (2021) [19] developed a prediction 
method using a neural network to enhance the performance based on the enhanced PSO.  To enhance the 
global ability and the local search ability of PSO, the adaptive inertial weight is proposed.   The proposed 
method is predicated on the notion of avoiding particles as much as possible from entering the same local 
solution and constantly maintaining the particles with a specified variety.  S. Luo et al. (2020)[20] suggested 
a rapid sub-step Grid Search (SGS) method to optimize the parameters of the LSTM, which is used for time 
series analysis.  This method led to improved efficiency and reduced prediction errors.  J. Rasheed et al. 
(2020) [21] developed a new stock prediction method utilizing DL-based approaches.   The one-dimensional 
convolutional neural network (1D-CNN) and the LSTM are two widely used techniques that were looked at.  
PCA was also used to examine the impact of dimensionality reduction on the prediction accuracy of both 1D-
CNN and LSTM.  Each approach underwent two distinct tests, one using PCA and the other not using PCA. 
 

3. Research methods 
 

The following subsection discusses the fundamentals of the research method used in this study such as 
LSTM, SSA, OBL, POBL, and ISSA. 
 
3.1 LSTM 
LSTMs are distinct from conventional feed-forward models in that they have feedback connections [22]. The 
key to LSTM is an overview of a gating unit system that keeps prior information over the cell state unit's 
internal memory unit while incorporating numerous "gates" to allow the network to learn continually, i.e., 
when to forget previous knowledge or update cell state with current input.  The internal memory, which 
stores all previous data up to the present, is controlled by three "gates".  The internal memory unit's internal 
input gate controls how much fresh data is stored inside which is determined as follows,  

 

𝑔𝑖
𝑡 = 𝜎(∑ 𝑈𝑖,𝑗

𝑡 𝑥𝑗
𝑡

𝑗 + ∑ 𝑊𝑖,𝑗
𝑔

ℎ𝑗
𝑡−1

𝑗 + 𝑏𝑖
𝑔

)                                                                      (1) 

 
𝜎is the activation function (sigmoid).  𝑥𝑡  is the input vector.  ℎ𝑡 is the present hidden layer vector, which 
contains all LSTM cells' output.  𝑏𝑔, 𝑈𝑔, and 𝑤𝑔 are the input gate's bias, weights of input, and recurrent, 
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correspondingly.  The internal memory unit's internal memory unit is designated as the forget gate unit, 
which controls how much information from earlier times should be stored there which is determined as 
follows,  

 

𝑓𝑖
𝑡 = 𝜎(∑ 𝑈𝑖,𝑗

𝑓
𝑥𝑗

𝑡
𝑗 + ∑ 𝑊𝑖,𝑗

𝑓
ℎ𝑗

𝑡−1
𝑗 + 𝑏𝑖

𝑓
)                                                                            (2) 

 

𝜎 – is a sigmoid function that ranges from 0 and 1.   𝑏𝑓, 𝑈𝑓, and 𝑤𝑓  are the bias, weights, and recurrent 
values, correspondingly.  The LSTM cell's internal state unit 𝑆𝑖

𝑡, which contains a conditional self-loop weight 

𝑓𝑖
𝑡, is updated, as follows: 

 
𝑆𝑖

𝑡 = 𝑓𝑖
𝑡𝑆𝑖

𝑡−1 + 𝑔𝑖
𝑡𝜎(∑ 𝑈𝑖,𝑗𝑥𝑗

𝑡
𝑗 + ∑ 𝑊𝑖,𝑗ℎ𝑗

𝑡−1
𝑗 + 𝑏𝑖)                                                        (3) 

 
Where 𝑏 is the bias, 𝑤 is the weights of input, and 𝑈 is the recurrent.  The cell state information measured by 
the forget gate at the most recent moment is on the right side of the equation above, and the input measured 
by the input gate is on the second fragment.   The output gate controls the internal memory unit to produce 
and give the necessary data, which can be provided by: 
 

ℎ𝑗
𝑡 = 𝑡𝑎𝑛ℎ( 𝑆𝑖

𝑡)𝑂𝑖
𝑡                                                                                                                            (4) 

 
𝑂𝑖

𝑡 = 𝜎(∑ 𝑈𝑖,𝑗
0 𝑥𝑗

𝑡
𝑗 + ∑ 𝑊𝑖,𝑗

0 ℎ𝑗
𝑡−1

𝑗 + 𝑏𝑖
0)                                                                               (5) 

 
Where, 𝑏0is the output bias, 𝑈0 is the inputs, and 𝑤0 is the connection weights.  The LSTM unit's output 
serves as a hidden layer in the RNN. 
 
3.2 Salp swarm optimization  

 
SSA, created by Mirjalili et al. in 2017 [23], is a topical optimization algorithm to be developed.   Algorithm 1 
shows the steps of SSA.  In their nature, SSA behaves like Salps.  Salps are a large mammal species of the 
Salpidae family.  Salps have translucent bodies that resemble jellyfish and barrel-shaped bodies.  
Additionally, salp moves resemble jellyfish's method of movement. The salps' swarming behavior is the most 
intriguing strategy; in the deep waters, the salps construct a chain known as the salp chain by swarming 
together.  The population is initially split into the leader and followers’ groups to mathematically model the 
salp chains. The salp at the front of the chain is the leader, while the other salps are referred to as followers.  
As their name suggests, these salps have a leader who directs the swarm while the followers follow the leader 
either directly or indirectly.  Consequently, a two-dimensional matrix named 𝑥 is used to hold the positions of 
all salps.  Additionally, it may be deduced that the swarm is aiming for a food supply with the designation𝐹 in 
the search space.  The update on the leader's position is as follows,  

 

𝑋𝑗
1 = {

𝐹𝑗 + 𝑐1((𝑢𝑏𝑗 − 𝑙𝑏𝑗)𝑐2 + 𝑙𝑏𝑗) 𝑐3 ≥ 0

𝐹𝑗 + 𝑐1((𝑢𝑏𝑗 − 𝑙𝑏𝑗)𝑐2 + 𝑙𝑏𝑗) 𝑐3 < 0
                                                              (6) 

 
Where 𝑋𝑗

1 – represents the leader position.  𝐹𝑗 – represents the food source position, 𝑢𝑏𝑗 is the upper bound 

and 𝑙𝑏𝑗 is the lower bound, 𝑐1,𝑐2, and 𝑐3 are random numbers.  The coefficient 𝑐1 is the most significant in SSA 

for balancing exploration and exploitation which is as follows: 
 

𝑐1 = 2𝑒−(
4𝑡

L
)

2

                                                                                                                              (7) 
 

Where𝑙 and 𝐿  are present and maximum iterations.  The 𝑐2 and 𝑐3 are uniformly produced random numbers 
between [0, 1].  Updating the followers' positions: 
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𝑋𝑗

𝑖 =
1

2
(𝑋𝑗

𝑖 + 𝑋𝑗
𝑖−1)                                                                                                                      (8) 

Where 𝑖 ≥ 2 and  𝑋𝑗
𝑖 represent the position of 𝑖𝑡ℎ follower salp in 𝑗𝑡ℎ  dimension. 

 
3.3 Opposition-Based Learning  

The OBL intelligence method was developed by H R Tizhoosh to obtain an estimate that is the opposite of the 
present estimate to enhance the effectiveness of the offered solution [24].  Population-based optimization 
methods often start by generating a collection of solutions.  Using previous information or a random 
generator, the population may be created.  The optimization approach is then used to update the populations.  
However, if there is no prior knowledge of the answer, the supplied solution cannot converge to a global 
solution.  Additionally, the convergence of the global solution requires extra calculation time.  Numerous 
research has been conducted using the advantages of the OBL for initializing and updating the population to 
overcome these drawbacks.  The OBL has gained popularity as a method for improving the efficiency of many 
machine learning algorithms in recent years.  According to reports, the OBL can increase population variety 
and boost the efficiency of worldwide searches.   For example, numerous SI optimizations [25-30] and ANN 
[31, 32] methods use the OBL to enhance their convergence rate.  An approach for creating optimization 
methods that look in the opposite direction of the existing solution is provided by the OBL algorithm.  The 
best of the two solutions is picked as the current option after being compared to the alternative.  This OBL 
technique produces a solution that is nearer to the ideal solution with rapid convergence.  The next 
subsections explain the OBL method. 
 
a) Opposite number   

Assume, 𝑥 is the real number.  It falls within the range of 𝑚and 𝑛: 𝑥 ∈ [𝑚, 𝑛].  The opposite value  𝑥is given by 
𝑥́.  The opposite solution 𝑥́is defined as follows,  
 

𝑥́ = 𝑚 + 𝑛 − 𝑥                                                                                                            (9) 
 

The opposite value is assumed as follows, let 𝑥 = (𝑥1, 𝑥2, . . . . , 𝑥𝐷) be a data sample in 𝐷- dimensional space.  
𝑥1, 𝑥2, . . . . , 𝑥𝐷 ∈ 𝑅 and𝑥𝑖[𝑚𝑖 , 𝑛𝑖]  ∀𝑖 ∈ {1,2, . . . 𝐷}   Hence, the opposite number is defined by 𝑥́𝑖 , . . . . 𝑥́𝐷in 𝐷 - 
dimensional space, 
 

𝑥́𝑖 = 𝑚𝑖 + 𝑛𝑖 − 𝑥𝑖 , 𝑖 = 1,2, . . . . , 𝐷                                                                                     (10) 
 

b) Opposition-based optimization    

Let 𝑓(𝑥) be the function and 𝑔(. )is a proper evaluation function.  If 𝑥 ∈ [𝑎, 𝑏] is a random opening value and 𝑥́ 
is an opposite point of 𝑥.  Calculate 𝑓(𝑥)and 𝑓(𝑥́)in every iteration.  The process of learning stays with 𝑥if 
𝑔(𝑓(𝑥) ≥ 𝑔(𝑓(𝑥́), otherwise with 𝑥́.    According to the provided algorithm, the evaluation function 𝑔(. ) is 
denoted.  It may have functions for weight, fitness, and error. 
 
3.4 POBL 

The POBL is a new form of the OBL approach developed by Z. Hu et al. (2014) for enhancing population 
diversity and avoiding local optima for adaptive differential evolution [33].  An exact opposite point contains 
the opposites of the original values for each dimension.  The partial opposite points may be defined as follows 

if 𝑃𝑋́is the set of partial opposing points of a given point 𝑋 in 𝐷-dimensional space: 

Algorithm 1: SSA  

Salp 𝑥𝑖(𝑖 = 1,2, … , , n)  population initialization   

  While (condition is not satisfied) 

Determine each search agent's fitness  

F= best search agent 

Update the value of   𝑐1 

For each salp 

If (i= =1) 

Reposition the leading salp 

Else 

 Reposition the follower salp 

End if 

   End for 

Salps position should be adjusted based on the upper and lower boundaries of the variables 

End while 

Return F 
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𝑃𝑋1́ = [

𝑃𝑋́1
1

𝑃𝑋́2
1

𝑃𝑋́3
1

]

𝐷×1

= [

𝑥1 𝑥́2 …
𝑥́𝑖 𝑥2 …
⋮ ⋮ ⋱

𝑥́𝐷

𝑥́𝐷

⋮
𝑥́1 𝑥́2 …𝑥𝐷

]

𝐷×𝐷

                                                                    (11) 

The level of partial opposition is indicated by the superscript 1 in 𝑃𝑋́.  Because each point only includes one 
original number in one dimension, the partial opposing points mentioned above are of order or degree one. 
Therefore, there are 𝐷 number of partial opposing points to a point 𝑋 in 𝑋 dimensional space. 
 
3.5 ISSA based on POBL  

The proposed ISSA method has two steps such as (i) opposition-based initialization, and (ii) generation 
jumping.  These steps are discussed as follows,  

 
Opposition-based initialization  

The position of each leader salp is initialized as follows, 
 

𝑋𝑗
1(𝑡)|(𝑡=0) = 𝑋𝑗

𝑚𝑖𝑛 + (𝑋𝑗
𝑚𝑎𝑥 − 𝑋𝑗

𝑚𝑖𝑛). 𝑟𝑖𝑗
𝑢(𝑡)|(𝑡=0)                                            (12) 

 
𝑟𝑖𝑗

𝑢(𝑡)|(𝑡=0) - stands for the evenly distributed random number between 0 and 1.  After initialization of leader 

position 𝑋𝑗
1(𝑡)|(𝑡=0) and follower position 𝑋𝑗

𝑖(𝑡)|(𝑡=0) of 𝑖𝑡ℎ salp, the opposite of positions is calculated.  The 

original and its opposite swarm are then used to choose the best 𝑁𝑃 number of places with speeds.  
 
a) Generation jumping 

The jth element 𝑥𝑖𝑗́ (𝑡) of opposite position 𝑥𝑖́(𝑡) of 𝑖𝑡ℎ salp is described in the search space as follows: 

 
𝑥𝑖𝑗́ (𝑡) = 𝑎𝑗(𝑡) + 𝑏𝑗(𝑡) − 𝛼𝑖𝑗(𝑡). 𝑥𝑖𝑗(𝑡)                                                            (13) 

 
Where [𝑎𝑗(𝑡), 𝑏𝑗(𝑡)] is the dynamic search space series whichare derived as follows: 

 

𝑎𝑗(𝑡) = {
𝑚𝑖𝑛
∀𝑖

𝑥𝑖𝑗(𝑡)}                                                                                             (14) 

 

𝑏𝑗(𝑡) = {
𝑚𝑎𝑥

∀𝑖
𝑥𝑖𝑗(𝑡)}                                                                                             (15) 

 
𝛼𝑖𝑗(𝑡) is the dynamic tightening feature for 𝑖𝑡ℎ  salp in 𝑗𝑡ℎdimension which is used to increase the 

convergence rate and efficiently escape from local minima leading to enhancing the ability of global 
searching. 𝛼𝑖𝑗is defined as follows: 

Algorithm 2: ISSA algorithm based on POBL 

Salp 𝑥𝑖(𝑖 = 1,2, … , , n)  population initialization   

Calculate the salp opposite population 𝑥́𝑖𝑙(𝑖 = 1,2, … , , n) 

Select the n fittest salps from {𝑥 ∪   𝑥́𝑖𝑙} which is considered as the initial population of SSA  

While (condition is not satisfied) 

Determine each search agent's fitness  

F=the best search agent 

Update the value of   𝑐1 

For each salp  

 Calculate the opposite 𝑥́𝑖𝑙  of the present position and  

Calculate the partial position of each salp 

Calculate its fitness values and compare the present position and its partial  opposite position of salp  

Select the fittest position as the present position then update the position of both leader  and followers  

For each salp (𝒙𝒊) 

If (i= =1) 

Reposition the leading salp 

Else 

  Reposition the follower salp 

End if 

      End for 

Salps position should be adjusted based on the upper and lower boundaries of the variables 

End while 

Return F 
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𝛼𝑖𝑗(𝑡) = 1 − 𝜂. 𝑟𝑖𝑗

𝑐 (𝑡)                                                                                               (16) 

 
Where 𝑟𝑖𝑗

𝑐 (𝑡) is the Cauchy factor that distributes a random number. The Cauchy density function is defined 

by 

𝑓(𝑥) =
1

𝜋
.

𝑠

𝑠2+𝑥2 ,   − ∞ < 𝑥 < ∞                                                                                     (17) 

 
Where S - represents the scale parameter.  The Cauchy distributed function is well-defined as follows: 

 

𝐹𝑠(𝑥) =
1

2
+ (

1

𝜋
) 𝑎𝑟𝑐𝑡𝑎𝑛 (

𝑥

𝑠
)                                                                                              (18) 

 
𝜂 = 𝛽 × 𝜂 .  The initial value of  𝜂  is 1.0 and 𝛽 is a uniformly distributed random value that ranges between 
0.01 and 0.9.  Three partial opposition positions of various orders are generated after the computation of the 
opposing position 𝑖𝑡ℎsalp.  From the original, opposite, and partially opposite positions, the best NP number 
of solutions is computed as follows: 

𝑘 = ⌈𝑟𝑎𝑛𝑑() × (𝐷 − 1)⌉                                                                                              (19) 
 

Where 1 < 𝑘 < 𝐷 since 𝑘 = 0 represents the complete opposite and 𝑘 = 𝐷 represents the original position.  
𝑟𝑎𝑛𝑑()  is a uniformly distributed random value that ranges between 0 and 1.  For k times, the indices 𝑙(1 ≤
𝑙 ≤ 𝐷) of the original values 𝑥𝑖𝑙(𝑡) in the partial opposite positions are considered as follows: 

𝑙 = ⌈𝑟𝑎𝑛𝑑() × 𝐷⌉                                                                                                             (20) 
 

The 𝑖𝑡ℎ element of the opposite vector the 𝑥𝑖𝑙(𝑡) of the original vector 𝑥𝑖(𝑡) replaces the 𝑥́𝑖(𝑡) to derive the 

partial opposite vector 𝑝𝜒́𝑖
𝑘(𝑡) as follows: 

𝑥́𝑖𝑙(𝑡) = 𝑥𝑖𝑙(𝑡)                                                                                                                          (21) 
              

4 The proposed ISSA-LSTM 
 
The ISSA model is employed to optimize the LSTM approach, which forecasts the price of stock indices.  
Figure 1 shows the flowchart of the proposed ISSA-LSTM approach and algorithm 2 shows the process of 
proposed ISSA-LSTM.  The number of partial opposite locations for each salp in the ISSA algorithm is chosen 
by trial and error.  Additionally, each salp's half-opposing locations' degrees or orders are chosen at random. 
By adding a control mechanism for choosing the number and degree of partial opposite positions that 
promote effective exploration and exploitation of salp in the search space, the performance of the ISSA 
algorithm may be significantly enhanced.  The initial stage of the ISSA-LSTM model is data preparation, 
which comprises dividing and normalizing data. The ISSA method is employed in the second step to look for 
the LSTM network's optimal parameters.  The stock market price outcomes are finally predicted using the 
LSTM network with the best parameters.  The core of our study is a hybrid mechanism that combines an 
LSTM network with an optimization method like ISSA. This mechanism overcomes processing limitations 
caused by a heuristic estimate of architectural hyper parameters that is dependent on trial and error. This 
technique assists us in formulating a methodical approach for creating an ideal deep-learning model through 
the automated construction of an optimized LSTM network.  To create an accurate model for intraday stock 
market forecasting, we are investigating the five most impactful hyper-parameters of this network as follows,   
 

• Time lag: the model may capture conditional relationships across subsequent periods by rejecting the 
obsolete data with the proper time lag (time steps). A dimensionality problem is exacerbated, the model 
is overfitting, and there are numerous lagged data.  
 

• Several hidden layers: A topology with either too few or too many numbers of layers cause the model 
to overfit, learns from the training data, and then fails to generalize fresh, untested data. 

 

• Number of hidden neurons: A network with a small number of neurons struggles to find the signal 
in a challenging dataset, underfitting the model. The limited amount of data in the training set prevents 
all of the hidden layer neurons from being trained, which leads to the model overfitting. Additionally, a 
network with too many neurons increases the information processing size, and having enough training 
data lengthens the training time to the point where it is impossible to train the network. 

 

• Batch size: When the gradient descent stochasticity of a network is too high or too low, it has a 
detrimental impact on the forecasting model during training. 
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• Number of epochs: The drawback of a topology with too many epochs is that it does not permit early 

stopping, which leads to overfitting of the model to the training data and aids in data memorization 
rather than learning. 
 
 
 

 
 
 

Fig. 1: Overview of the proposed prediction method 
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5 Experimental results and discussions 
 
Researchers and practitioners can assess how well various prediction models and algorithms work based on 
experimental data. They shed light on how effectively a specific model outperforms others in predicting stock 
values.  The present research work develops a new stock prediction method based on LSTM and ISSA for 
stock market prediction.  The developed ISSA-LSTM method is compared with some well-known 
conventional BPNN and variant LSTM methods such as LSTM [34], GA-LSTM [35], PSO-LSTM, IPSO-LSTM 
[36], and SSA-LSTM [37].  The models are implemented on a laptop with Intel Core i3-10510U CPU running 
at 1.8 GHz, and 8GB of RAM. MATLAB 2015R is used for development, while Windows 10 is the host 
operating system. 
 
5.1 Data collections  

 
Four stock market datasets were obtained from Yahoo [38]  such as the S&P BSE Sensex and the Nifty 50 are 
two stock indexes and Two Indian stock bank prices: State Bank of India (SBIN) and ICICI Bank (ICICI).  The 
data sets span the period from January 2015 to December 2022.  Training and testing phases are separated 
for the acquired datasets. 70% of the datasets are taken into account for training and the remaining 30% are 
reviewed for testing.  In the stock market, technical indicators are essential for assisting traders and investors 
in making wise choices. These estimates, which are based on previous price, volume, or open interest data, 
are known as indicators. They offer perceptions of market patterns, prospective turning points, and the 
general health of a stock or market. Technical indicators are heuristic or mathematical computations that are 
based on the examination of previous trading activity, notably price fluctuations of securities and trading 
volume, to complete technical analysis for predicting future price movement.  Table 1 shows the detail of 
technical indicators.   
 
The scaling is finished as follows, 

 

x̅ = (
x−min(x)

max(x)−min(x)
)                                                                                                         (22) 

 
Where, Xi, Xmin, Xmax are present, minimum and maximum values of input data samples.  After preprocessing 
datasets, the datasets split into two sets such as training and testing sets.  70 % is considered as training and 
30 % is testing sets from overall datasets.   
 

 

Algorithm 3: Proposed ISSA-LSTM 

 
Step 1: Use the Min-Max normalization method to convert the stock price into a real value between [0, 1]. The 

training and the test datasets are then formed from the historical data. 

Step 2: The population size, number of iterations, learning factor, and other required parameters are among the 

ISSA that should be initialized.  Set the epoch, batch size, and the number of nodes as the initial values for 

the LSTM parameters. 

Step 3: The ISSA method optimizes the appropriate hyperparameters in the LSTM model. 

Step 3.1: LSTM network training. The MSE is the selected loss function. Update the loss function by 

repeating the training iterations. 

Step 3.2: The fitness of each salp should be evaluated, and the global and individual ideal fitness values 

should be determined. 

Step 3.3: The salp's location is continually modified during the iterative procedure by the POBL.  The salps 

will change with the partial opposite local of the current location, increasing the likelihood that 

they will seek new places. 

Step 3.4: The ideal LSTM hyperparameters are captured when the ISSA's end conditions are satisfied. If 

not, go to Step 3.1 to carry out the iteration. 

Step 4: The test dataset is used to evaluate the trained model. 

 



584                                                                      K.Kiruthika, et .al ./ Kuey, 30(8) 7642                                                 

 

 
 
5.2 Parameter settings  

A critical stage in creating a deep learning model for various objectives, such as stock market prediction, is 
setting the parameters of an LSTM network.  The performance of the model can be considerably impacted by 
proper parameter adjustment.  The following values are used for LSTM such as hidden size = 10, output size 
= 1, layer num = 1, Activation function = Relu,  Optimization function = Adam, learning rate = 0.05, betas = 
(0.9, 0.999), eps = 1 × 10−8; loss function = MSE,  maximum training epoch = 200 and error value = 0.005.   
 
 
5.3 Performance measures 

Performance measurements are essential for stock market forecasting because they offer a quantitative 
evaluation of the precision and effectiveness of predictive models. They support decision-making by assisting 
academics, investors, and traders in assessing the accuracy of their forecasts.  The performance of the 
developed method is measured with four different measures namely Root Mean Square Error (RMSE), Mean 
Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and R-Square (R2) which are defined as 
follows,    

RMSE = √
1

m
∑ (yi − ȳi)

2m
i=1                                                        (23) 

 

MAE =
1

m
∑ |(yi − ȳi)|m

i=1                                                            (24) 

 

MAPE =
100

m
∑ |

(yi−ȳi)

yi
|m

i=1                                                           (25) 

 

Table 1 : Details of technical indicators 

S. 

No 

Name of Technical 

Indicators 
Formulas 

Descriptions 

1 
Simple Moving 

Average (SMV) 
𝑀𝑉 =

𝑥1 + 𝑥2 + ⋯ + 𝑥𝑛

𝑛
 

The mean value of a particular ′𝑡′ day  

2 
10-days Moving 

Average  
𝑀𝑉10 =

𝑥1 + 𝑥2 + ⋯ + 𝑥𝑛

𝑛
 

The simple moving average's average over the 
previous 10 days 

3 Momentum 𝑀 = 𝐶𝑡 − 𝐶𝑡−4 
It calculates the amount of the stock price over 

a specified period. 

4 Stochastic K% 𝑆𝑇𝐶𝐾 =
𝐶𝑡 − 𝐿𝐿𝑡−𝑛

𝐻𝐻𝑡−𝑛 − 𝐿𝐿𝑡−𝑛

× 100 

Stochastic offers a way to determine the speed 

of price fluctuation. 𝐾%  Measures how the 

current closing price has changed about other 

prices throughout time. 

5 Stochastic D% 𝑆𝑇𝐶𝐷 =
∑ 𝐾𝑡−1%

𝑛−1
𝑖=0

𝑛
 

𝐷% requires the three days moving averages of 

K% 

6 
Relative Strength 

Index (RSI) 

= 100

−
100

1 + (∑ UPt−1
n−1
t=0 /n)/(∑ DWt=1/nn−1

t=0 )
 

It is a movement oscillator that measures the 

rate and direction of price movement on a scale 
from 0 to 100. 

7 Williams %R 𝐿𝑊 =
𝐻𝑛 − 𝐶𝑡

𝐻𝑛 − 𝐿𝑛

× 100 

It is a momentum indicator that establishes 
entry and exit points in the market by 

measuring overbought and oversold levels. It 

evaluates a stock's close about its high-low 
range for a specific amount of time 

8 

Moving Average 

Convergence 

Divergence(MACD) 

= 𝑀𝐴𝐶𝐷(𝑛)𝑡−1 +
2

𝑛 + 1
  (𝐷𝑖𝑓𝑓𝑡

− 𝑀𝐴𝐶𝐷(𝑛)𝑡−1) 

The purpose of MACD is to approximate a 

stock's future direction by matching up to its 

short- and long-term momentum. 

9 
Commodity Channel 

Index(CCI) 
𝐶𝐶𝐼 =

𝑀𝑡 − 𝑆𝑀𝑡

0.015𝐷𝑡

× 100 

It compares the current price level to the 

average price level over a specific period to 
spot emerging trends or signal severe 

situations. 

10 
Price Oscillator 

(PO) 
PO =

MA5 − MA10

MA5

 
A technical indicator called PO demonstrates 
the connection between two moving averages. 

 

𝐶𝑡- The closing price of the day, 𝐿𝑡- Lowest price of the day, 𝐻𝑡- High price of the day, 𝐿𝐿𝑡- Lowest Low price of the day, 

𝐻𝐻𝑡-Highest high price of the day,  𝑈𝑃𝑡- Upward price of the day, and 𝐷𝑊𝑡- Downward price of the day. 
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R2 = 1 −
(

1

m
∑ (yi−ȳi)2m

i=1 )/m

(
1

m
∑ (yî−ȳi)2m

i=1 )/m
                                                         (26) 

 
 

Where,yi - target value, ȳi - predicted output, m - total number of data points.  yî - mean of real values.  
Stronger ability and a better model are indicated by values that are closer to 1.   
 
5.4 Results analysis  

Results analysis and discussion are essential when utilizing deep learning algorithms to predict the stock 
market.  The main goal of outcomes analysis is to evaluate how well the stock market price prediction models 
performed.  This entails assessing the model's generalization performance by contrasting its forecasts with 
real market data.  It aids analysts and investors in assessing the accuracy of the model's forecasts.  The 
present research work uses the ISSA-LSTM approach for predicting stock market prices.  The present section 
shows the ability of the developed approach by comparing various variants of LSTM based on performance 
measures.    
 
Tables 2, 3, 4, and 5 show the performance results analysis prediction models for Nifty 50, S & P Sensex, 
SBIN, and ICICI datasets respectively.  The graphical representation of results comparisons is shown in 
Figures 2,3,4 and 5 based on performance metrics such as RMSE, MAPE, MAE, and R2, respectively.  Figures 
6,7,8 and 9 show the performance comparisons based on prediction outcomes vs actual outcomes.  From 
overall experimental results, the developed prediction approach produced higher generalization performance 
when compared with other prediction approaches.  The ISSA-LSTM, SSA-LSTM, IPSO-LSTM, PSO-LSTM, 
GA-LSTM, LSTM, and BPNN prediction models have the highest to lowest fitting degrees based on the 
predictions of the latter models. On all stock data sets, the ISSA-LSTM model's prediction and evaluation 
criterion is less than those of other models, and R2 values are closer to 1.  
 
In the ISSA-LSTM model, the Nifty 50’s RMSE, MAPE, MAE, and R2 values are 0.0085, 0.0392, 7.9327, and 
0.9937, respectively.  The ISSA-LSTM model predicts stock prices that are higher than the average of the 
several versions and the traditional LSTM and BPNN models.  In the ISSA-LSTM model, the S & P Sensex’s 
RMSE, MAPE, MAE, and R2 values are 0.0401, 0.3026, 7.9473, and 0.9837, respectively.  The ISSA-LSTM 
model predicts stock prices that are higher than the average of the several versions and the traditional LSTM 
and BPNN models.  The SBIN's RMSE, MAPE, MAE, and R2 values in the ISSA-LSTM model are 0.0083, 
0.0056, 8.1209, and 0.9837, respectively.  The ISSA-LSTM model forecasts stock prices higher than the mean 
of its several iterations as well as the conventional LSTM and BPNN models.  The ICICI's RMSE, MAPE, 
MAE, and R2 values in the ISSA-LSTM model are 0.0091, 0.0037, 5.3823, and 0.9836, respectively.  The 
ISSA-LSTM model forecasts stock prices higher than the mean of its several iterations as well as the 
conventional LSTM and BPNN models. 
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Table 2: Performance results for the Nifty 50 datasets 

Approaches RMSE MAPE MAE R2 

ISSA-LSTM 0.0085 0.0392 7.9327 0.9937 

SSA-LSTM 0.0096 0.0421 7.3729 0.9794 

IPSO-LSTM 0.0107 0.0573 6.8192 0.9537 

PSO-LSTM 0.0132 0.0659 5.7261 0.9391 

GA-LSTM 0.0154 0.0749 4.6492 0.9002 

LSTM 0.0169 0.0087 3.0218 0.8687 

BPNN 0.0178 0.0093 2.8782 0.7925 

 

Table 3 : Performance results for the S & P Sensex datasets 

Approaches RMSE MAPE MAE R2 

ISSA-LSTM 0.0401 0.3026 7.9473 0.9837 

SSA-LSTM 0.0483 0.3264 7.3417 0.9631 

IPSO-LSTM 0.0565 0.0391 6.5741 0.9522 

PSO-LSTM 0.0738 0.0467 4.6581 0.9333 

GA-LSTM 0.0816 0.0574 3.6456 0.8927 

LSTM 0.0993 0.0736 2.1247 0.8373 

BPNN 0.0955 0.0844 1.4982 0.8274 

 

Table 4 : Performance results for the SBIN datasets 

Approaches RMSE MAPE MAE R2 

ISSA-LSTM 0.0083 0.0056 8.1209 0.9837 

SSA-LSTM 0.0091 0.0063 7.5512 0.9647 

IPSO-LSTM 0.0121 0.0071 6.9435 0.9317 

PSO-LSTM 0.0192 0.0079 6.2680 0.9153 

GA-LSTM 0.0215 0.0085 5.8561 0.8826 

LSTM 0.0275 0.0073 4.8675 0.8415 

BPNN 0.0349 0.0089 3.2472 0.7928 

 

Table 5 : Performance results for the ICICI datasets 

Approaches RMSE MAPE MAE R2 

ISSA-LSTM 0.0091 0.0037 5.3823 0.9836 

SSA-LSTM 0.0172 0.0051 5.2153 0.9261 

IPSO-LSTM 0.0225 0.0063 4.9169 0.8727 

PSO-LSTM 0.0297 0.0071 4.1721 0.8364 

GA-LSTM 0.0375 0.0083 3.7387 0.8019 

LSTM 0.0425 0.0097 3.1629 0.7452 

BPNN 0.0498 0.0114 2.9352 0.7204 
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Fig. 2 : Performance analysis of prediction model based on RMSE 

 

 

 
 

Fig. 3 : Performance analysis of prediction model based on MAPE 
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Fig. 4 : Performance analysis of prediction model based on MAE 
 

 

 
 

Fig. 5 : Performance analysis of prediction model based on R2 
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Fig. 6 : Performance result comparisons of ICICI datasets 

 

 

Fig. 7 : Performance result comparisons of SBIN datasets 
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Fig. 8  : performance result comparisons of Nifty 50 datasets 

 
 
 

 
 

Fig. 9  : performance result comparisons of S & P Sensex datasets 

 
In summary, the proposed strategy constantly attains the highest accuracy, the lowest time offset, and the 
closest predictive value using optimized LSTM.  Accurate and timely stock price forecasting is essential for 
both investor decision-making and the stability of the national economy. It will make sense to support the 
steady and sustainable development of the economy with more timely and appropriate regulation, accurate 
and timely stock price prediction, and sound stock market guidance.  The experimental findings reveal that 
for all four main indices, the predicting curve is extremely near to the real value, demonstrating the 
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universality and resilience of the proposed ISSA-LSTM algorithm to various stock markets.  In general, the 
above results demonstrate that the proposed ISSA-LSTM model performs significantly better than the other 
methods in most cases, and it is certainly a good learning model that is accurately what the depositors or 
buyers require in the real trading marketplace, taking both accuracies in prediction and forecast speed into 
account at the same time. 
 

6 Conclusions 
 
Accurate stock market price forecasting is crucial for capitalizing on the risk of financial gain or loss during 
an investment strategy. This requires assessing the most volatile data, which are highly adaptable and need to 
dynamically modify to recognize market behavior. As a result, several strategies have been put forth in the 
past to create an accurate model and forecast the value of financial time series.  Additionally, the LSTM 
network has been used as a benchmark model in several publications because of its great performance and 
the essential benefit of using memory cells to retain input for sequential learning. Despite their effectiveness, 
the optimal learning architectural features of this network remain an unsolved task for scientists.  In this 
study, we explored novel optimization approaches using improved swarm intelligence optimization 
algorithms to build and optimize the LSTM network.  The model-building procedure, which involves fine-
tuning the LSTM network's most sensitive hyperparameters, is the key to our success.  Global searching, a 
crucial element of these methods, has removed the existing model's drawbacks based on several metrics, such 
as a quick rate of convergence, fewer iterations needed to find an optimal solution, a shorter training time 
due to fewer epochs, a very smooth validation loss, and—most importantly—better performance with 
increased accuracy.  In further studies, feature selection and parameter optimization will be accomplished 
using alternative heuristics, meta-heuristics, or hybrid algorithms. 
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