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◼ Convolutional Recurrent Neural Networks (CRNN) outperform other models in 

maximizing cumulative returns, while Transformers and Self-Attention models excel 

in risk-adjusted returns and drawdown minimization. 

◼ Energy and Health sectors show strong upward momentum with favorable risk-

adjusted returns, making them ideal for long-term Buy & Hold strategies. Financial, 

Consumer Non-Cyclical, and Industrial sectors exhibit mixed performance with 

periods of recovery and volatility, while Basic Materials, Consumer Cyclical, Property, 

and Technology sectors experience higher drawdowns and market fluctuations, 

requiring active monitoring and dynamic strategies. 

◼ Machine Learning (ML)-based technical analysis reacts more quickly to short-term 

price movements, generating frequent buy and sell signals. Market-driven strategies 

rely on fundamental analysis and macroeconomic trends, offering a more stable long-

term approach to portfolio management. 

◼ To maximize investment performance, future research should focus on: 1. Real-time 

model updates – ensuring adaptability in volatile markets.  2. Sentiment Analysis 

Integration – leveraging social media and financial news.  3. Hybrid AI models – 

combining reinforcement learning with ANN for dynamic decision-making. Integrating 

sentiment analysis from news and social media can enhance predictive accuracy by 

capturing broader market sentiment. 

◼ Combining reinforcement learning with ANNs could optimize trading strategies by 

adapting to market trends dynamically. Regular model recalibration with updated 

financial data is essential to ensure consistent investment performance and risk 

management. 
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Introduction 

The complexity of capital market investments has increased significantly with 

the rapid pace of financial innovation, leading to higher risks and potential 

financial losses. Historically, various institutions have suffered tremendous 

losses due to overexposure to volatile financial instruments and aggressive 

equity-linked investments. For example, companies such as American 

International Group (AIG), Scottish Re Group, The Hartford Financial Services 

group, and PT Asuransi Jiwasraya, have faced massive financial setbacks 

largely attributed to poor investment choices, particularly within capital market. 

AIG reported a loss exceeding $99 billion in 2008 including $21 billion due to 

declines in equity investments and exposure to credit default swaps (CDS) and 

mortgage-backed securities (MBS)12. Similarly, Scottish Re Group has suffered 

loss of $2,71 billion in 20083, largely due to their exposure to declining equity 

markets. The company’s investments were heavily tied to market performance, 

exacerbating their losses and limiting their ability to manage the associated risks 

effectively. The Hartford Financial Services Group, meanwhile, reported a 

staggering $2,7 billion net loss in 2008 compared to net income of $2,9 billion in 

20074. The global financial crisis led to declines in their equity portfolios and 

significant impairments in investments related to their financial services and life 

insurance sectors, particularly their variable annuity business, which was 

severely impacted by market turmoil.  

 

Exhibit 1. Percentage of Stock to Total Portfolio 

Investment of General Insurance (%) 

Exhibit 2. Percentage of Stock to Total Portfolio Investment of Life 

Insurance (%) 

  

Source: OJK Source: OJK 

 

The declining trend in stock investments as a percentage of total portfolio 

investments in both general and life insurance sectors further highlight the 

increasing cautiousness of insurers in managing market risks. As seen in the 

data from Indonesia's Financial Services Authority (OJK) (Exhibit 1 & 2), the 

 
1 McDonald, R., & Paulson, A. L. (2014). AIG in Hindsight, Working Paper 2014-07. 
2 https://insight.kellogg.northwestern.edu/article/what-went-wrong-at-aig 
3 https://www.royalgazette.com/re-insurance/business/article/20170526/scottish-re-to-wind-up-after-long-struggle/ 
4 https://www.insurancejournal.com/news/national/2009/02/06/97677.htm 
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percentage of stock investments in general insurance portfolios has dropped 

from 6.93% in December 2016 to 4.56% in June 2024, while in life insurance, 

the allocation has decreased from 32.5% to 26% over the same period. This shift 

indicates a move away from high-risk equity-linked investments, reflecting 

lessons learned from past financial crises and institutional failures. 

The Indonesian financial landscape has recently witnessed a cascade of 

institutional collapses within its insurance industry, exposing critical 

vulnerabilities linked to governance deficits and speculative investment 

practices. Among the most prominent cases is PT Asabri (Persero), a state-

owned insurer responsible for managing pensions and insurance portfolios for 

military and police personnel. Forensic audits revealed cumulative losses 

exceeding USD 1.6 billion (IDR 23.7 trillion) between 2012 and 2019, attributable 

to maladministration and fraudulent equity schemes orchestrated by corporate 

insiders. These activities, involving manipulated transactions in overvalued 

securities, precipitated criminal prosecutions and highlighted systemic 

weaknesses in oversight mechanisms.5 

Concurrently, PT AJB Bumiputera 1912, a century-old life insurance entity, 

faced insolvency due to chronic liquidity shortfalls and governance lapses. By 

2020, actuarial miscalibrations and an obsolete business model had culminated 

in a deficit surpassing USD 1.4 billion (IDR 20 trillion), starkly contrasting with 

the equity-driven collapses of Asabri and PT Asuransi Jiwasraya. Bumiputera’s 

decline underscores the sector’s failure to align actuarial frameworks with 

contemporary financial dynamics, exacerbating solvency risks.6 

These cases collectively illuminate systemic deficiencies within Indonesia’s 

insurance architecture, characterized by lax regulatory enforcement, inadequate 

risk-assessment protocols, and a propensity for speculative capital allocation. 

Investigations by Indonesia’s Financial Services Authority (OJK) and Audit Board 

(BPK) have elucidated entrenched financial malpractices, including collusion 

among stakeholders to bypass investment safeguards. The recurrence of such 

crises has spurred regulatory reforms aimed at enhancing transparency, 

including stricter capital adequacy requirements and mandatory stress-testing 

for high-risk portfolios. 

The key challenge for investors lies in reducing inherent risks of capital market 

such as stock market exposure while still securing optimal returns. Traditional 

approaches have often failed in managing the volatility and complexity of today’s 

financial markets, as demonstrated by the losses that have happened in various 

institutions. In response to this challenge, advanced computational techniques 

such as Artificial Neural Networks (ANNs) present a promising alternative, 

offering more sophisticated and effective strategies to navigate the complexities 

of stock market investment. 

The Role of Machine Learning in Investment Decisions 

Machine Learning (ML) helps reduce financial losses by improving investment 

decisions. As shown in exhibit 3, ML introduces a data-driven framework that not 

only enhances decision-making but also provides the flexibility and speed 

needed to adapt to fast-changing market dynamics. 

 

 
5 https://www.reuters.com/world/asia-pacific/indonesia-corruption-court-jails-executives-insurer-20-years-2022-01-05/ 
6 https://ojk.go.id/en/kanal/iknb/berita-dan-kegiatan/siaran-pers/Pages/Press-Release-OJK-Beefs-Up-Insurance-Industry%2C-Replacing-AJB-

Bumiputera-1912-Management.aspx? 



Economic Bulletin 

28 Februari 2025 4 

 

 

Exhibit 3. Machine Learning Step to Improve Investment Strategy 

 

Source: IFGP Research Analysis 

 

The first stage, improved risk assessment, involves using ML to predict or 

evaluate potential risks by analyzing large datasets and market trends, helping 

investors maintain balanced portfolios (Pathek et al., 2023). This approach is 

highly operated in algorithmic trading, where ML models are used for real-time 

risk management and mitigation. Following risk assessment, Enhanced 

Decision-Making is driven by ML-generated data insight, which minimizes the 

influence of emotional and biased decisions and lead to more data-driven 

investment choices (strader et al., 2020). These insights are applied to support 

a Diversified Investment Strategy, where ML identifies a wide range of 

investment opportunities, helping spread risk across different sectors and asset 

classes (Novykov et al., 2023). 

In the Real-Time Monitoring and Adjustment stage, ML monitors the condition 

of real-time market and recommends timely adjustments to optimize portfolios, 

ensuring that investments align with market dynamics (Karhik, 2023). Predictive 

Analytics, a key function of ML, forecasts future market trends, allowing investors 

to anticipate market movements (Aljohani, 2023). The forecast future market 

trends lead to Automated Trading, where ML is used to execute quick market 

trading and minimizing human error to accommodate dynamic markets (Ta et 

al., 2018). Finally, by leveraging ML at each stage of investment decisions, 

companies could minimize poor investment choices, resulting in more stable 

outcomes. 

In this study, we focus on several questions to answer which method is 

suitable for processing data with the result of buy, hold, or sell decisions on 

equity market. 

1. How is ML being used to analyze equity market data? 

2. What are and how many methods in ML that we could use to analyze 

equity market data? 

3. How can Artificial Neural Networks (ANN) be utilized to optimize buy, 

hold, and sell decisions by evaluating return and risk, and how can 

this strategy be effectively implemented using real sample data? 

How Machine Learning Models Analyze Market Data 

The broader role of ML in investment strategies extends into specific 

Goal Adjustment of decision making, monitoring, and trading or investing strategy 
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methodologies like fundamental analysis, sentiment analysis, and algorithmic 

trading, which leverage ML’s data-processing capabilities for precise financial 

insights. ML’s application in fundamental analysis combines financial metrics 

with predictive algorithms, enhancing stock price forecasts. In sentiment 

analysis, ML models interpret market sentiment from news and other text 

sources, adding a qualitative layer to quantitative data. Algorithmic trading 

utilizes reinforcement learning to adapt strategies to volatile markets. These ML 

methodologies collectively demonstrate how advanced data-driven approaches 

enhance traditional investment practices, enabling more informed and adaptive 

decision-making. 

The literature highlights various machine learning (ML) methodologies for 

enhancing investment strategies through data analysis and predictive modeling. 

Fundamental Analysis is a key approach, as illustrated by Lu and Zhou, where 

ML techniques combined with financial indicators improve stock price prediction 

accuracy. Their study showcases the role of ML in integrating quantitative 

financial metrics with analytical algorithms to derive more reliable predictions 

(Huang, Capretz, & Ho, 2021). Another application lies in Sentiment Analysis, 

where Wang, Zhang, and Huang utilize deep learning models, specifically Long 

Short-Term Memory (LSTM) networks, to forecast stock movements based on 

financial news sentiment. This approach demonstrates ML’s ability to interpret 

non-numerical data, such as text sentiment, enhancing prediction models with a 

new layer of market insight (Vargas et al., 2017). 

In Algorithmic Trading, Li, Zheng, and Zheng (2019) propose a deep robust 

reinforcement learning (DRRL) framework, which addresses the limitations of 

traditional trading algorithms in unpredictable financial markets. Their work 

underscores how combining deep learning with reinforcement learning creates 

adaptive strategies that can handle market volatility and improve trading 

performance (Li, Zheng, & Zheng, 2019). Finally, Technical Analysis 

Optimization is explored by Ayala et al., who optimize technical analysis 

strategies in stock indices using ML models. This research highlights the value 

of ML in refining predictive techniques, showing that it can enhance the 

performance of strategies traditionally based on historical price trends (Ayala et 

al., 2021). 

This body of work underscores ML’s versatility in the financial sector, spanning 

fundamental analysis, sentiment-based predictions, algorithmic trading, and 

technical strategy optimization. Collectively, these studies illustrate ML’s role in 

transforming traditional financial analysis into adaptive, data-driven 

methodologies capable of responding dynamically to market conditions. 

 

Hierarchy of Machine Learning Techniques for Financial 

Applications 

In the progression of machine learning (ML) applications in financial analysis 

and investment strategies, choosing the appropriate technique is critical for 

optimizing outcomes based on the complexity and nature of the task. Different 

ML models bring distinct approaches and computational demands, allowing for 

tailored applications depending on data and prediction requirements. The 

following hierarchy represents various ML models in terms of complexity, from 

https://consensus.app/papers/machine-learning-stock-market-prediction-studies-review-strader/ea4102e075d3563381af4c5446723502/?utm_source=chatgpt


Economic Bulletin 

28 Februari 2025 6 

 

 

simpler linear models to more advanced neural networks, emphasizing the 

diverse capabilities of these techniques. Exhibit 4 shows the level of complexity 

among the machine learning techniques to analyze investment decisions based 

on the market data 

 

Exhibit 4. Hierarchy of Machine Learning Complexity 

 

Source: Various sources, IFGP Research Analysis 

 

Linear Models, such as linear and logistic regression, represent the least 

complex category. These models are effective for straightforward relationships, 

relying on linear dependencies between variables to make predictions. Tree-

Based Models, such as decision trees, introduce hierarchical structures, 

enabling more nuanced interpretations of data through binary splitting rules. 

Ensemble Methods, specifically Random Forests, build on the decision tree 

framework by combining multiple trees to enhance prediction accuracy and 

reduce overfitting, thus offering a balance between complexity and performance 

(Fernández-Delgado et al., 2014). The ensemble approach is further enhanced 

by methods like stacking, where multiple base classifiers such as Random Forest 

and SVM are combined to increase accuracy (Jiang et al., 2019). 

Support Vector Machines (SVM) represent a further step up in complexity, 

particularly when non-linear kernels are applied. SVMs excel in classification 

tasks by defining optimal boundaries in high-dimensional space, which requires 

significant computational power and careful tuning. At the highest level of 

complexity are Neural Networks and Artificial Neural Networks (ANN), which are 

powerful for capturing intricate patterns and non-linear relationships within large 

datasets. However, they demand extensive computational resources and are 

typically employed in complex predictive tasks, including time-series forecasting 

and sentiment analysis. 

In synthesizing the characteristics, advantages, and limitations of various 

machine learning models, a detailed comparison becomes essential to guide 
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model selection based on specific analytical goals and data complexities. The 

following summary (exhibit 5) provides a structured overview of key machine 

learning techniques from linear regression to neural networks highlighting their 

strengths and weaknesses. 

 

Exhibit 5. Comparison of Machine Learning Models: Characteristics, Advantages, and Limitation 

Models Techniques Description Pros Cons References 

Linier 

Models 

Linier 

Regression 

Linear regression models the 

relationship between a dependent 

variable and one or more 

independent variables by fitting a 

linear equation to observed data, 

predicting continuous outcomes. 

Simple and easy to 

understand, computationally 

efficient, Interpretable 

coefficients. 

Assumes a linear 

relationship between 

variables, Sensitive to 

outliers, Limited ability to 

capture complex patterns. 

Desgagné, A. (2021). 

Efficient and robust 

estimation of 

regression and scale 

parameters, with 

outlier detection 

 
Logistic 

Regression 

Logistic regression is used for binary 

classification tasks, modeling the 

probability of a binary outcome (e.g., 

stock price going up or down) based 

on predictor variables. 

Effective for binary 

classification, provides 

probabilistic outputs, Easy to 

implement and interpret. 

Assumes linearity in the log-

odds, not suitable for non-

linear relationships, can be 

impacted by multicollinearity. 

Asar, Y. (2017). 

Some new methods to 

solve multicollinearity 

in logistic regression 

Tree-

Based 

Models 

Decision 

Trees 

Decision trees are a non-linear model 

used for classification and regression 

tasks. They split the data into subsets 

based on feature values, creating a 

tree-like structure where each node 

represents a decision rule, and each 

branch represents an outcome. 

Easy to understand and 

interpret, can handle both 

numerical and categorical 

data, Non-linear 

relationships between 

variables can be captured. 

Prone to overfitting, can be 

unstable with small 

variations in data, Requires 

significant computational 

resources for large datasets. 

Liu, W., & Tsang, I. 

(2017). Making 

Decision Trees 

Feasible in Ultrahigh 

Feature and Label 

Dimensions 

 
Random 

Forest 

An ensemble learning method that 

constructs multiple decision trees 

during training and outputs the 

average prediction (regression) or the 

majority vote (classification) of the 

individual trees. It improves predictive 

accuracy and controls overfitting. 

Reduces overfitting 

compared to individual 

decision trees, Handles large 

datasets and high 

dimensionality robust to 

noise in the data. 

Less interpretable than 

individual decision trees, 

computationally intensive, 

Requires careful tuning of 

hyperparameters. 

Wang, H. (2023). 

Research on the 

Application of 

Random Forest-based 

Feature Selection 

Algorithm in Data 

Mining Experiments. 

Support 

Vector 

Machines 

(SVM) 

Support 

Vector 

Machines 

(SVM) 

A supervised learning algorithm used 

for classification and regression 

tasks. It finds the hyperplane that 

best separates the data into classes. 

For non-linear data, SVM uses kernel 

functions to transform the data into a 

higher dimension where a hyperplane 

can be applied. 

Effective in high-dimensional 

spaces, Robust to overfitting 

in high-dimensional feature 

spaces, Versatile with 

different kernel functions. 

Memory-intensive for large 

datasets, Choosing the right 

kernel can be complex, less 

interpretable than simpler 

models. 

B. Üstün, W. 

Melssen, & L. 

Buydens (2006). 

Facilitating the 

application of Support 

Vector Regression by 

using a universal 

Pearson VII function 

based kernel 

Neural 

Networks 

Artificial 

Neural 

Networks 

(ANN) 

Computational models inspired by 

the human brain, consisting of 

layers of interconnected nodes 

(neurons). They are capable of 

learning complex patterns through 

training with large datasets and are 

used for various tasks including 

classification and regression. 

Can model complex, non-

linear relationships, highly 

flexible and adaptable to 

various types of data, 

Capable of learning from 

large datasets. 

Requires large amounts of 

data and computational 

power, Prone to overfitting 

without proper 

regularization, Difficult to 

interpret and understand 

the internal workings 

(black-box nature). 

Jia, X., Yang, J., Liu, 

R., Wang, X., 

Cotofana, S., & Zhao, 

W. (2020). Efficient 

Computation 

Reduction in Bayesian 

Neural Networks 

Through Feature 

Decomposition and 

Memorization. 

 

Source: Various sources 

 

Artificial Neural Network 
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Following our comparison of various machine learning models, this part will 

discuss specifically on Artificial Neural Networks (ANNs). Known for their 

complexity and versatility (exhibit 2 & 3), ANNs can manage intricate, non-linier 

patterns within large datasets through multi-layered structure. Their adaptability 

and high predictive accuracy make them particularly suited for complex tasks. 

This section will explain deeply into the architecture of ANNs, detailing how each 

layer contributes to transforming raw input data into actionable decisions. 

 

Exhibit 6. Architecture of Artificial Neural Network (ANN) 

 

Source: Zhu, A. X. (2016). Artificial neural networks. International Encyclopedia of Geography: People, the Earth, Environment and Technology: People, 

the Earth, Environment and Technology, 1-6. 

Exhibit 6 explains the ANN multiple interconnected layers that process input 

data to generate prediction or decisions. This structure is broadly organized into 

three main components: input layer, hidden layer, and output later. Each of 

layers serves distinct functions in the information process.  

The input layer is the initial stage that receives the raw data from the database. 

Each neuron in this layer represents an individual feature of the input data, 

essentially preparing the information to be passed through the network without 

performing any significant transformations. 

The hidden layers are the core of ANN, responsible for learning complex 

patterns and relationship within the data. Each hidden layer consists of multiple 

neurons interconnected by weighted connection, which are adjusted during 

training to minimize error. These weights represent the strength of each 
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connection, allowing the network to transform input data into more abstract 

representations. The complexity of an ANN increases with the number of hidden 

layers and neurons, making it to capture non-linier patterns. 

Finally, the output layer provides the network’s final prediction or decision 

based on the processed data. The output layer translates the learned data 

transformations into a form that aligns with the specific problem being addressed, 

making ANN versatile for various tasks. 

The interconnected structure of layers in an ANN stimulates the aspects of 

human learning by adjusting weights based on error feedback, a process driven 

by algorithms. However, the model’s complexity also introduces challenges, 

such as the requirement for large computational resources and protentional 

overfitting, particularly when the network is deep or trained on limited data. 

Hidden Layers of Artificial Neural Networks (ANNs) 

To understand deeper about the hidden process of Artificial Neural Networks, 

it is essential to focus on the hidden layers, where the main processing of 

complex relationships, non-linier patterns, and data transformations take place. 

The components which are neurons, weights, and bias play a pivotal role to 

efficiently enable the network to learn the input data. 

As explained in exhibit 4, each neuron in the hidden layers calculating output 

represented as 𝑦. The output is calculated as follows: 

 

𝑦 =  ∅ (∑ 𝜔𝑖𝜒𝑖 + 𝛽𝑛
𝑖=1 )        (1) 

 

• 𝑦 : Output 

• ∅ : activation function 

• 𝜔𝑖 : the weights 

• 𝜒𝑖 : the inputs 

• 𝛽 : bias 

𝜒𝑖 denotes the input features, 𝜔𝑖 represents the weights, 𝛽 is the bias, and ∅ is 

the activation function that introduces non-linearity to allow the network to capture 

complex relationships within the data. Each neuron aggregates the weighted 

inputs, applies the bias, and passes the result through the activation function to 

produce an output, which then serves as an input for the neurons in the 

subsequent layer. This cascading effect across layers enables ANNs to learn 

from data by adjusting these weights and biases, enhancing their ability to detect 

patterns and make predictions (Cao et al., 2018). 

Architecture of Artificial Neural Network 

Exhibit 7 illustrates various architectural designs of Artificial Neural Networks 

(ANNs) applied in the financial sector, particularly in strategizing stock market 

investment. Each neural network architecture leverages different approaches to 

handle the complexities and non-linear patterns inherent in stock price 

movements. 
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Exhibit 7. Types of Architecture of Artificial Neural Network (ANN) 

No Neural Network Description References 

1 Convolutional 

Recurrent Neural 

Network (CRNN) 

This model looks at past stock prices and trends 

over time, using both spatial (patterns over a 

period) and sequential (order of prices) data to 

help decide whether to hold, buy, or sell. 

Gao, S., Lin, B., & Wang, C. (2018). Share Price Trend Prediction Using CRNN 

with LSTM Structure. 2018 International Symposium on Computer, Consumer and 

Control (IS3C), 10-13. https://doi.org/10.1080/23080477.2019.1605474. 

2 Deep Q-Network 

(DQN) 

This model learns the best actions (like holding, 

buying, or selling) by trying different strategies in 

a simulated stock trading environment and seeing 

which ones lead to the most profit over time. 

Chen, X., Wang, Q., Yuxin, L., Hu, C., Wang, C., & Yan, Q. (2023). Stock Price 

Forecast Based on Dueling Deep Recurrent Q-network. 2023 IEEE 6th 

International Conference on Pattern Recognition and Artificial Intelligence (PRAI), 

1091-1096. https://doi.org/10.1109/PRAI59366.2023.10332127. 

3 Gated Recurrent 

Unit (GRU) 

GRU is a type of RNN that captures important 

sequential information in stock prices, making it 

effective in predicting future price trends based on 

past data. 

Biazon, V., & Bianchi, R. (2020). Gated Recurrent Unit Networks and Discrete 

Wavelet Transforms Applied to Forecasting and Trading in the Stock Market. . 

https://doi.org/10.5753/eniac.2020.12167. 

4 Long Short-Term 

Memory with 

Attention 

Mechanism 

(LSTM-AM) 

LSTM-AM combines the long-term memory 

capabilities of LSTM with an attention mechanism 

that focuses on the most relevant parts of the 

stock price sequence, improving prediction 

accuracy. 

Qiu, J., Wang, B., & Zhou, C. (2020). Forecasting stock prices with long-short 

term memory neural network based on attention mechanism. PLoS ONE, 15. 

https://doi.org/10.1371/journal.pone.0227222. 

5 Long Short-Term 

Memory (LSTM) 

LSTM is designed to remember long-term 

dependencies in sequences of stock prices, 

allowing it to make more accurate predictions 

about future market movements. 

Fischer, T., & Krauss, C. (2017). Deep learning with long short-term memory 

networks for financial market predictions. Eur. J. Oper. Res., 270, 654-669. 

https://doi.org/10.1016/j.ejor.2017.11.054. 

6 Self-Attention (SA) The Self-Attention mechanism analyzes entire 

sequences of stock prices, assigning importance 

to different time steps, which allows the model to 

make informed predictions by focusing on the 

most critical periods in the data. 

Zheng, J., Xia, A., Shao, L., Wan, T., & Qin, Z. (2019). Stock Volatility Prediction 

Based on Self-attention Networks with Social Information. 2019 IEEE Conference 

on Computational Intelligence for Financial Engineering & Economics (CIFEr), 1-

7. https://doi.org/10.1109/CIFEr.2019.8759115. 

7 Temporal 

Convolutional 

Network (TCN) 

TCN uses convolutional layers to process 

sequences of stock prices, capturing long-range 

dependencies and temporal patterns, which helps 

in accurately forecasting future price movements. 

Xiang, X., & Wang, W. (2023). Predicting Intraday Trading Direction of CSI 300 

Based on TCN Model. 2023 2nd International Conference on Machine Learning, 

Cloud Computing and Intelligent Mining (MLCCIM), 293-299. 

https://doi.org/10.1109/MLCCIM60412.2023.00048. 

8 Transformer Transformers use self-attention mechanisms to 

process stock price sequences in parallel, 

identifying complex relationships within the data, 

making them powerful tools for predicting future 

market trends. 

Li, Y., Lv, S., Liu, X., & Zhang, Q. (2022). Incorporating Transformers and 

Attention Networks for Stock Movement Prediction. Complex., 2022, 7739087:1-

7739087:10. https://doi.org/10.1155/2022/7739087. 

 

Source: Various Sources 

 

Models such as the Convolutional Recurrent Neural Network (CRNN) and Long 

Short-Term Memory (LSTM) networks emphasize capturing sequential and 

spatial patterns, which are crucial for analyzing historical stock price trends. Other 

architectures, like the Deep Q-Network (DQN) and Gated Recurrent Unit (GRU), 

focus on simulating decision-making strategies and efficiently processing 

sequential information, thereby enhancing prediction and investing accuracy. 

Advanced models, including LSTM with Attention Mechanism (LSTM-AM), 

Self-Attention (SA), and Transformers, incorporate attention mechanisms, 

allowing the networks to focus on the most influential time steps within a 
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sequence. This approach improves the model's investing accuracy by identifying 

critical patterns within complex data. Furthermore, architectures such as the 

Temporal Convolutional Network (TCN) employ convolutional layers to process 

longer dependencies, capturing broader patterns that may influence market 

fluctuations over extended periods. These neural network architectures provide 

a comprehensive comparison, enabling the identification of optimal models for 

stock trend prediction in the Indonesian market. 

How to Compare Architecture’s Performance 

As we explain in the previous section about the type of architecture design of 

ANN, this section explains how to evaluate the performance of each ANN. We use 

three key indicators which are cumulative return, sharpe ratio, and max 

drawdown. These metrics provide a comprehensive assessment by covering 

different aspects of investment performance including return, risk-adjusted 

returns, and downside risk. The Cumulative Return measures the total return 

generated by an investment over a specified period, reflecting the overall growth 

of stock. 

 

𝐶𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒 𝑅𝑒𝑡𝑢𝑟𝑛𝑡 =  ∑ (1 + 𝑅𝑖) − 1𝑡
𝑖=1       (2) 

 

• 𝑡: is the total number of periods 

• 𝑅𝑖 : is the return for the i – t period 

 

𝑆ℎ𝑎𝑟𝑝𝑒 𝑅𝑎𝑡𝑖𝑜 =  
1

𝑛
∑ 𝑅𝑖

𝑛
𝑖=1

√
1

𝑛−1
∑ (𝑅𝑖−𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑊𝑒𝑒𝑘𝑙𝑦 𝑅𝑒𝑡𝑢𝑟𝑛)2𝑛

𝑖=1

     (3) 

 

• 𝑅𝑖: Return 

• 
1

𝑛
∑ 𝑅𝑖

𝑛
𝑖=1 : Average Weekly Return 

• √
1

𝑛−1
∑ (𝑅𝑖 − 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐷𝑎𝑖𝑙𝑦 𝑅𝑒𝑡𝑢𝑟𝑛)2𝑛

𝑖=1 : Standard Deviation of Weekly 

Return 

 

The Sharpe Ratio quantifies risk-adjusted returns, helping to determine if the 

returns justify the investment's inherent risk by comparing returns relative to 

volatility.  

 

 

 

𝑀𝑎𝑥 𝐷𝑟𝑎𝑤𝑑𝑜𝑤𝑛 =  𝑀𝑎𝑥1≤𝑡≤𝑇 (
𝑀𝑎𝑥1≤𝑖≤𝑡𝑅𝑖−𝑅𝑡

𝑀𝑎𝑥1≤𝑖≤𝑡𝑅𝑖
)     (4) 

• 𝑅𝑡: Cumulative return at time t 

• 𝑀𝑎𝑥1≤𝑖≤𝑡𝑅𝑖: the maximum cumulative return observed up to time t 

• T: Total number of periods   
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Lastly, the Max Drawdown represents the largest observed drop from a peak 

to a trough in the portfolio’s value over the period, offering insights into the 

potential downside risk and resilience of the investment strategy during adverse 

market conditions. 

Technical Indicators in the ANN Model 

This section provides technical indicators used in the main model. We gather 

companies’ data from Bloomberg database. The data is a weekly time series data. 

The variables which we use are based on Wu et al. (2020). They argue that the 

core challenge of stock investing is to capture the right time to invest in stock 

according to the market conditions. Generally, the price open, close, high, low, 

and volume used to decipher the trends. However, the raw market data contains 

a higher degree of complexity and noise, which make us difficult to regress 

overtime even for ANN. To address the problems, technical indicators are 

extracted from raw data to summarize the market conditions from different 

perspectives. 

 

Exhibit 8. The List of Used Technical Indicator 

Technical Indicator Indicator Description 

MA (5) Moving Average 

EMA (6) Exponential Moving Average 

MACD (7) Moving Average Convergence/Divergence 

BIAS (8) Bias 

VR (9) Volatility Volume Ratio 

OBV (10) On Balance Volume 

 

 

Source: Wu, X., Chen, H., Wang, J., Troiano, L., Loia, V., & Fujita, H. (2020). Adaptive stock trading strategies with deep reinforcement learning 

methods. Information Sciences, 538, 142-158. 

 

The Moving Average (MA) is a technical indicator that smooths out price data 

by creating a constantly updated average price. This helps in identifying the trend 

direction. It’s commonly calculated over a specific number of periods, such as 10, 

20, or 50 periods. In this study, we use weekly data. The formula for a moving 

average (MA) over periods is: 

𝑀𝐴 =  
𝑃𝑡+𝑃𝑡−1+𝑃𝑡−2+𝑃𝑡+𝑛

𝑛
        (5) 

Where 𝑃𝑡 represents the closing price for each week n is period. MAs are useful 

for smoothing out short-term fluctuations and identifying long-term trends.  

The Exponential Moving Average (EMA) is a type of moving average that 

gives more weight to recent prices, making it more responsive to new information. 

The EMA formula for a given period t is: 

𝐸𝑀𝐴𝑡 =  𝐸𝑀𝐴𝑡−1 +  𝛼(𝑃𝑡 − 𝐸𝑀𝐴𝑡−1)      (6) 

Where 𝑃𝑡 is the price at time t, and 𝛼 is the smoothing factor, often calculated as 
2

𝑛+1
 for n periods. EMA is commonly used for analyzing price trends in a more 
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responsive manner compared to SMA. 

The MACD is a trend-following momentum indicator that shows the 

relationship between two exponential moving averages of a stock’s price. It is 

calculated by subtracting the 26-Week EMA from the 12-Week EMA: 

𝑀𝐴𝐶𝐷 =  𝐸𝑀𝐴12 − 𝐸𝑀𝐴26      (7) 

A signal line (usually a 9-period EMA of MACD) is plotted on top to signal buy or 

sell opportunities. When the MACD crosses above the signal line, it indicates a 

bullish trend; when it crosses below, it signals a bearish trend 

Bias is a technical indicator that shows the percentage difference between the 

current price and a moving average, providing insight into overbought or oversold 

conditions. The formula is: 

𝐵𝐼𝐴𝑆 =  
𝑃𝑡−𝑀𝐴

𝑀𝐴
𝑥100       (8) 

The Volume Ratio (VR) is a technical indicator that incorporates both price 

changes and trading volume to analyze the strength of a trend. By evaluating how 

the volume changes as the price moves, VR can provide insights into the 

momentum behind price movements, helping traders identify potential buying or 

selling pressure. The formula is: 

𝑉𝑅 = 𝑉𝑜𝑙𝑢𝑚𝑒 𝑥 
(𝐶𝑙𝑜𝑠𝑒 𝑃𝑟𝑖𝑐𝑒𝑡−𝐶𝑙𝑜𝑠𝑒 𝑃𝑟𝑖𝑐𝑒𝑡−1)

𝐶𝑙𝑜𝑠𝑒 𝑃𝑟𝑖𝑐𝑒𝑡−1
     (9) 

A positive VR value that grows over time may indicate bullish momentum, as 

price increases are supported by volume. On the other hand, a declining VR or a 

shift to negative values can indicate selling pressure, where price decreases are 

supported by volume.  

The On-Balance Volume (OBV) is a momentum-based technical indicator that 

uses trading volume to predict changes in stock price. It calculates a cumulative 

volume that adds or subtracts the volume based on the direction of price 

movement, helping to confirm trends or identify possible reversals. The formula 

is: 

𝑂𝐵𝑉 = 𝑐𝑢𝑚𝑠𝑢𝑚 (𝑠𝑖𝑔𝑛(𝐶𝑙𝑜𝑠𝑒. 𝑑𝑖𝑓𝑓( ))𝑥 𝑉𝑜𝑙𝑢𝑚𝑒)              (10) 

A positive On-Balance Volume (OBV) value that grows over time may indicate 

bullish momentum, as rising prices are supported by increasing volume. This 

suggests strong buying interest and can be a sign of a sustained uptrend. 

Conversely, if OBV starts to decline or shifts to negative values, it signals selling 

pressure, where declining prices are accompanied by higher volume. This pattern 

indicates that sellers are gaining control, which could lead to a potential downtrend 

or a reversal. 

The Comparison of ANN designs Performance 

The results provide an in-depth comparison of various neural network 

architectures which are CRNN, DQN, GRU, LSTM, LSTM-AM, SA, TCN, and 

Transformer in terms of their performance across three critical financial indicators: 

Cumulative Return, Sharpe Ratio, and Max Drawdown. These metrics assess 

each model's effectiveness in strategizing financial performance and managing 

associated risks within different sectors and companies. By evaluating the 

cumulative return, we observe which architectures maximize total returns over 
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time. The Sharpe Ratio provides insights into risk-adjusted performance, 

identifying models that effectively balance returns with volatility. Finally, Max 

Drawdown highlights each model's resilience in limiting losses during market 

downturns. This analysis is intended to determine which architecture excels 

across various performance dimensions, offering a holistic view of their 

applicability in financial strategy and investment decision-making. 

 

Exhibit 9. Summary of Cumulative Return Best Performance 

 

 

Source: IFG Progress Analysis, the Data is processed by using phyton 

Data is collected from Bloomberg 

Cumulative return = 1 means 0%, 1,16 means 16% cumulative return (1,16-1) 

Sector data is used based on companies which have big market share 

The cumulative return results (exhibit 9) reveal that the Convolutional 

Recurrent Neural Network (CRNN) approach outperforms other architectures 

across different companies and sectors. With a total score of 9, CRNN is the most 

effective model for maximizing cumulative returns, indicating a strong adaptability 

to varied financial data and effective decision-making in stock predictions. This 

model's superior performance is evident compared to Deep Q-Network (DQN) and 

Self-Attention (SA), which rank next with 4 and 2 totals, respectively. Other 

architectures like Gated Recurrent Unit (GRU), Long Short-Term Memory (LSTM), 

and Temporal Convolutional Network (TCN) show limited effectiveness in 

cumulative return, contributing to lower totals. 

For individual company performances, CRNN consistently demonstrates the 

highest cumulative return values, particularly in sectors like Healthcare (Kalbe 

Farma and Sidomuncul) and Basic Materials (Amman Mineral and Chandra Asri). 

Notably, Transformers exhibit peak performance for certain companies such as 

Sumarecon Agung and Impact Pratama in the Properties and Industrial sectors, 

indicating its specific advantages in these cases. 

Overall, the analysis underscores CRNN’s dominance in achieving substantial 

cumulative returns across various companies. This finding suggests that CRNN 

may offer a more reliable and effective approach to cumulative return 

maximization in financial forecasting compared to alternative neural network 

architectures. The presence of diverse neural network architectures across 

sectors also highlights the varied applicability of machine learning models 

depending on sector-specific data characteristics and financial dynamics. 
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In analyzing the Sharpe Ratio, the results (exhibit 9) indicate that the 

Transform architecture achieves the highest aggregate score, with a total of 4 

instances where it provides the optimal Sharpe Ratio across various companies 

and sectors. This suggests that Transform-based models may offer a slight 

advantage in producing favorable risk-adjusted returns, making them potentially 

more reliable for managing portfolio risk. Closely following Transform, CRNN, 

DQN, LSTM, and SA each appear three times as the best performer, illustrating 

their effectiveness in achieving significant Sharpe Ratios. 

 

Exhibit 10. Summary of Sharpe Ratio Best Performance 

 

 

Source: IFG Progress Analysis, the Data is processed by using phyton 

Data is collected from Bloomberg 

Sector data is used based on companies which have big market share 

The presence of multiple models with similar totals emphasizes that while 

Transform might have a marginal edge in risk-adjusted returns, CRNN, DQN, 

LSTM, and SA also provide robust performance, indicating flexibility and 

resilience in different market scenarios. The diversity of model performance 

underscores the adaptability of these architectures to specific financial contexts, 

highlighting their value in risk-sensitive applications. This distribution suggests 

that while the Transform model is slightly more dominant, several architectures 

can be reliable options for optimizing the Sharpe Ratio, thereby enhancing 

decision-making in financial performance management. 

Exhibit 11 summarizes the performance of different neural network 

architectures based on the Max Drawdown metric across various companies and 

sectors. The SA (Self-Attention) model consistently demonstrates superior 

performance, frequently achieving the lowest, or most favorable, Max Drawdown 

values. This suggests that the Self-Attention model is particularly effective at 

managing risk by limiting significant declines in cumulative returns, making it a 

preferred choice for scenarios where minimizing drawdown is critical. 

 

Exhibit 11. Summary of Max Drawdown Best Performance 
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Source: IFG Progress Analysis, the Data is processed by using phyton 

Data is collected from Bloomberg 

Sector data is used based on companies which have big market share 

 

In comparison, other architectures like DQN, GRU, LSTM, and Transform also 

perform reasonably well, each showing some instances of low Max Drawdown 

across different sectors. However, their performances are less consistent than 

those of the Self-Attention model. The CRNN and LSTM-AM architectures have 

limited success in this regard, indicating they may be less suitable for 

applications where controlling drawdown is a primary concern. 

Based on the analysis across the three performance indicators—Cumulative 

Return, Sharpe Ratio, and Max Drawdown—the Self-Attention (SA) model 

emerges as the most balanced and reliable architecture. It consistently achieves 

favorable results in Max Drawdown, minimizing potential losses across various 

sectors, which underscores its strong risk management capabilities. Although 

CRNN shows the best results in terms of Cumulative Return, indicating its 

effectiveness in maximizing returns, it lacks the same consistency in managing 

risk as the SA model. Transformer-based models perform well in optimizing the 

Sharpe Ratio, indicating efficient risk-adjusted returns. Overall, each model has 

strengths in specific areas. 

The Buy, Hold, and Sell Strategy 

The analysis of the ANN architecture using Cumulative Return, Sharpe Ratio, 

and Max Drawdown indicators underscores a strategic preference for Buy, Hold, 

and Sell actions based on market conditions. The Cumulative Return indicates 

that holding and buying during favorable periods contributes to steady growth, 

optimizing returns by taking advantage of market uptrends. The Sharpe Ratio 

further reinforces this strategy, as the emphasis on buy and hold actions 

enhances risk-adjusted returns while limiting frequent market exits that could 

introduce additional volatility. Lastly, the Max Drawdown metric highlights the 

importance of minimizing reactive selling during downturns, effectively reducing 

potential losses and preserving capital. This integrated approach of buying 

during low points, holding for stability, and selectively selling aligns with a robust, 

risk-managed strategy aimed at maximizing long-term portfolio performance. 

 



Economic Bulletin 

28 Februari 2025 17 

 

 

Exhibit 12. Summary of Buy, Hold, and Sell for all Sample Companies (2020 – 2024) Maximizing Cumulative Return 

 

 

Source: IFG Progress Analysis, the Data is processed by using phyton 

Data is collected from Bloomberg 

The cumulative return (exhibit 12) illustrates a pronounced preference for the 

hold and buy strategies, with sell decisions being the least frequent. This 

distribution suggests a strategic inclination toward maintaining positions during 

market fluctuations and capitalizing on opportunities by buying during favorable 

conditions. The higher frequency of buy and hold decisions during periods of 

market downturn indicates a proactive approach to portfolio management, where 

the strategy aims to leverage lower price points to maximize long-term returns. 

The low frequency of sell decisions further implies that the strategy is designed 

to minimize reactive sales, thereby avoiding potential losses that could arise from 

premature exit in a volatile market. 

The Sharpe ratio (exhibit 13), which adjusts returns relative to risk, also shows 

a dominance of hold and buy strategies. The predominance of hold indicates a 

risk-managed approach where positions are maintained to smooth out volatility 

and capture gains over time. The buy strategy is similarly employed to enhance 

returns when market conditions suggest potential for growth, thereby 

contributing to a higher Sharpe ratio. The minimal reliance on sell decisions 

reflects a strategic focus on preserving positions and optimizing risk-adjusted 

returns, rather than attempting to time the market frequently, which could 

introduce additional risk. 
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Exhibit 13. Summary of Buy, Hold, and Sell for all Sample Companies (2020 – 2024) Maximizing Sharpe Ratio 

 

 

Source: IFG Progress Analysis, the Data is processed by using phyton 

Data is collected from Bloomberg 

The max drawdown metric, which measures the largest peak-to-trough 

decline, further corroborates the conservative nature of the strategy (exhibit 13). 

The preference for hold and buy actions during periods of drawdown indicates a 

calculated approach to mitigate losses by avoiding unnecessary liquidations. By 

minimizing sell decisions, the strategy effectively reduces the likelihood of 

realizing losses during temporary market downturns, thus limiting the overall 

drawdown. This approach aligns with the objective of protecting the portfolio's 

value while positioning for eventual market recovery. 

 

Exhibit 14. Summary of Buy, Hold, and Sell for all Sample Companies (2020 – 2024) Minimizing Max Drawdown 

 

 

Source: IFG Progress Analysis, the Data is processed by using phyton 

Data is collected from Bloomberg 

This analysis of the Artificial Neural Network architecture using Cumulative 
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Return, Sharpe Ratio, and Max Drawdown reveals a strategic emphasis on buy 

and hold actions over sell decisions. The cumulative return data shows a 

preference for maintaining or increasing positions during favorable market 

conditions to maximize long-term gains. The Sharpe Ratio underscores this 

approach by emphasizing risk-adjusted returns, where buy and hold actions 

contribute to more stable, growth-oriented performance. Finally, the Max 

Drawdown metric confirms the conservative nature of the strategy, as minimizing 

sell actions during downturns helps limit potential losses, protecting the 

portfolio's value and positioning it for recovery during subsequent upturns. 

Together, these metrics highlight a balanced, risk-aware strategy that leverages 

buy and hold actions to optimize growth and mitigate downside risk. 

To complete the study, we also provide a table of strategy buy, hold, and sell 

for each sector represented by companies chosen based on market 

capitalization in appendix 1,2, and 3.  

Appendix 1 illustrates cumulative return trends for various sectors, 

accompanied by Buy, Hold, and Sell signals. The Energy and Health sectors 

display a strong upward momentum, suggesting consistent opportunities for 

gains, whereas the Technology and Consumer Cyclical sectors face prolonged 

declines, signaling caution. Sectors like Financial and Property exhibit mixed 

performance with frequent buy-sell fluctuations, reflecting market uncertainty. 

The Industrial sector shows initial growth followed by stagnation, indicating 

sector-specific challenges.  

Appendix 2 visualizes sectoral strategies to maximize the Sharpe Ratio, 

highlighting the balance between risk and return across different sectors. The 

Energy and Health sectors demonstrate a strong upward trajectory, reflecting 

favourable risk-adjusted returns, especially during periods with Hold and Buy 

signals. In contrast, sectors like Property and Technology exhibit prolonged 

declines, signalled by frequent Sell indicators, showcasing poorer Sharpe Ratio 

performance. The Financial and Industrial sectors reveal mixed trends with 

alternating buy-hold-sell periods, suggesting volatility.  

The Appendix 3 focuses on sectoral strategies to minimize Maximum 

Drawdown, which assesses the peak-to-trough decline to manage downside risk 

effectively. The Energy and Health sectors exhibit the most stable upward 

trajectories, characterized by long periods of Hold signals and minimal 

drawdown. Conversely, the Technology and Property sectors display prolonged 

downward trends, with frequent Sell signals reflecting significant drawdowns and 

higher volatility. Consumer Non-Cyclical and Financial sectors show mixed 

performance, experiencing short-term drawdowns mitigated by recovery phases. 

The appendices analyse sectoral performance across three key strategies: 

maximizing cumulative returns, Sharpe Ratio, and minimizing maximum 

drawdown. The Energy and Health sectors consistently demonstrate strong 

upward momentum, favourable risk-adjusted returns, and minimal drawdowns, 

making them the most stable and promising sectors. In contrast, the Technology 

and Property sectors experience prolonged declines, frequent sell signals, and 

significant volatility, reflecting poor performance across all strategies. The 

Financial, Consumer Non-Cyclical, and Industrial sectors show mixed trends, 

marked by volatility, short-term gains, and recovery phases, indicating sector-
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specific challenges and opportunities. Overall, Energy and Health outperform, 

while Technology and Property require caution. 

Comparing of Market recommendation with Machine Learning Technical 

analysis will broaden readers view of how fundamental and technical strategy to 

maximize the return and minimize the risk. The analysis (Appendix 4) contrasts 

Machine Learning (ML)-based recommendations, which rely solely on technical 

analysis, with market-driven buy, hold, and sell strategies that incorporate 

broader factors like fundamental analysis, macroeconomic trends, and investor 

sentiment. In stable sectors like Consumer Non-Cyclical, Health, and 

Telecommunication, ML aligns closely with market recommendations, favoring 

a buy-and-hold strategy due to consistent price trends. However, in volatile 

sectors such as Basic Materials and Consumer Cyclical, ML produces more 

frequent buy and sell signals, reflecting short-term price fluctuations and 

momentum shifts, while market recommendations tend to favor holding through 

volatility. 

Notably, in Financial and Property sectors, ML often suggests more sell 

signals, likely due to its reliance on price movements and volume-based 

indicators, which detect potential downturns earlier than traditional market 

analysis. However, market-driven recommendations, which include 

macroeconomic factors and sector fundamentals, may counterbalance ML's 

technical insights, leading to different investment decisions. This comparison 

highlights how ML-driven technical analysis can enhance short-term trading 

strategies, while market-based recommendations may provide a more 

comprehensive, long-term investment approach. 

The analysis (Appendix 5) of Sharpe Ratio-based investment strategies 

across sectors highlights differences in risk-adjusted returns. Consumer Non-

Cyclical, Health, and Telecommunication sectors show consistent buy-and-hold 

recommendations, indicating strong long-term stability and lower volatility. In 

contrast, Basic Materials and Consumer Cyclical sectors experience frequent 

sell signals, reflecting high risk and market fluctuations. Financial and Property 

sectors demonstrate a mix of hold and sell actions, indicating that market 

uncertainty impacts their Sharpe Ratio performance. 

Machine Learning (ML)-based technical analysis tends to generate more sell 

signals in volatile sectors, whereas market-driven strategies often favor holding 

through fluctuations. ML appears more responsive to short-term price 

movements, while traditional recommendations account for fundamental factors 

and broader market conditions. This reinforces the importance of sector-specific 

strategies, where stable sectors benefit from buy-and-hold, while higher-risk 

sectors require active monitoring and adaptive strategies to optimize risk-

adjusted returns. 

The Max Drawdown analysis (Appendix 6) highlights sectoral risk exposure 

and downside resilience. Consumer Non-Cyclical, Health, and 

Telecommunication sectors exhibit stable buy-and-hold strategies, indicating 

lower drawdowns and reduced volatility. In contrast, Basic Materials and 

Consumer Cyclical sectors experience frequent sell signals, reflecting high 

market fluctuations and significant peak-to-trough declines. Financial and 

Property sectors also display mixed signals, with periods of strong performance 
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followed by sharp downturns, suggesting higher vulnerability to market shocks. 

Machine Learning (ML)-based technical analysis generates more sell 

recommendations in high-risk sectors, whereas market-driven strategies lean 

towards holding during downturns. ML identifies short-term risk signals 

effectively, but market recommendations incorporate fundamental insights, 

balancing risk exposure over time. The findings reinforce the need for sector-

specific risk management, where stable industries benefit from buy-and-hold, 

while volatile sectors require active monitoring and strategic exits to minimize 

drawdowns. 

 

Do not Put Investment in one Basket 

The analysis (Exhibit 14) compares Cumulative Return, Sharpe Ratio, and 

Max Drawdown (Y-axis) against Volatility and CAGR (X-axis) to assess sectoral 

investment performance. Energy and Healthcare sectors exhibit higher returns 

and risk-adjusted performance with relatively lower volatility, making them ideal 

for long-term investment. Meanwhile, Consumer Cyclical and Financial sectors 

experience greater drawdowns and negative CAGR, signalling higher exposure 

to market fluctuations. Basic Materials, Industrials, and Property sectors show 

mixed results, with some resilience but also periods of instability. 

A Buy & Hold strategy appears more effective in maximizing returns while 

controlling risk, as frequent market exits often increase volatility. The findings 

emphasize the importance of diversification, where spreading investments 

across stable and high-growth sectors helps balance risks and returns. By 

carefully managing exposure based on sector-specific performance trends, 

investors can optimize their portfolios for both stability and growth. 

 

 

Exhibit 14. Comparison 3 Indicators of Investment to Volatility and CAGR (2021 – 2024 Volume Transaction) 

Cumulative Return & Volatility Cumulative Return & CAGR (2021-2024 

Volume of Transaction 

  

Sharpe Ratio & Volatility Sharpe Ratio & CAGR (2021-2024 Volume of 

Transaction 
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Max Drawdown & Volatility Max Drawdown & CAGR (2021-2024 Volume 

of Transaction 

  

Source: IFG Progress Analysis, the Data is processed by using phyton 

Data is collected from Bloomberg 

  

 

Timing the Market or Time in the Market? A Sector-Wide 

Showdown 

This study examines the effectiveness of market-driven recommendations 

versus Machine Learning (ML)-based investment strategies across sectors 

using Appendix 4, 5, and 6. Traditional market strategies emphasize 

fundamental analysis and macroeconomic trends, often favoring a buy-and-hold 

approach, while ML-driven models leverage data-driven insights to optimize buy 

and sell timing. The findings reveal that in stable sectors (Health, Consumer 

Non-Cyclical, Telecommunication), both strategies align closely, supporting 

long-term holding. However, in volatile sectors (Financial, Industrial, Consumer 

Cyclical, Basic Materials), ML outperforms by identifying market shifts faster and 

mitigating drawdowns. This suggests that ML strategies are more suitable for 

active traders, whereas market recommendations are more effective for passive 

investors prioritizing stability. 
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Exhibit 15. Summary of Appendix 4 - 6 

Sector Market Strategy Trends  ML Strategy Trends Key Insights 

Consumer non-
cyclical 

Mostly hold, buy 
increased in early 2021, 
minimal sell. 

Consistently high returns, 
ML optimizes buy timing 
with earlier sell signals in 
2023. 

Market favors stability, 
ML enhances entry-exit 
points. 

Financial Hold-dominant, increased 
sell signals in 2022, buy 
resurging in 2023. 

ML detected sell signals 
earlier, mitigating losses 
and buying sooner on 
recovery. 

ML adapts better to 
volatility than market-
driven decisions. 

Health Strong buy & hold, few 
sell signals in late 2022. 

ML mirrors market trends, 
with earlier sell signals. 

Both approaches align, ML 
provides slight risk 
mitigation. 

Industrial Hold-dominant, buy 
surged during price dips in 
2022, sell rising in late 
2023. 

ML detected sell-offs 
faster and signalled buys 
early in recovery. 

ML reacts swiftly to 
volatility, market delays 
action. 

Property Hold dominant until mid-
2022, then sell increased 
amid downturns. 

ML flagged declining 
trends earlier, with 
quicker buy signals post-
crash. 

ML is more adaptive; 
market strategy reacts 
later. 

Telecommunication Mostly hold, minor buy 
signals, rare sell actions. 

ML aligns with market 
strategies, favouring hold. 

Stable sector with 
minimal differences 
between approaches. 

Basic Materials High buy & hold in 2021, 
then sell increased sharply 
in 2022–2023. 

ML detected downturns 
sooner, issuing more sell 
signals than market 
strategies. 

ML outperforms in 
volatile conditions. 

Consumer Cyclical Initially hold-dominant, 
frequent buy & sell 
actions in 2022–2023. 

ML follows similar 
patterns, but signals sell 
earlier in downturns and 
buy sooner in recovery. 

ML improves timing for 
trading decisions. 

 

Conclusion and Development 

This study highlights the effectiveness of Artificial Neural Networks (ANNs) in 

optimizing investment strategies, with different architectures excelling in various 

financial metrics. Convolutional Recurrent Neural Networks (CRNN) outperform 

others in maximizing cumulative returns, while Transformers and Self-Attention 

models excel in risk-adjusted performance and drawdown minimization, 

respectively. The findings suggest that a Buy & Hold strategy is the most 

effective for long-term stability, particularly in Energy and Health sectors, which 

consistently generate higher returns with lower volatility. Conversely, Basic 

Materials and Consumer Cyclical sectors exhibit higher market fluctuations, 

requiring a more dynamic investment approach. The comparison between 

Machine Learning (ML) technical analysis and traditional market-driven 

recommendations reveals that ML is more responsive to short-term price 

movements, while market strategies incorporate broader economic 
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fundamentals, offering a more balanced long-term perspective. 

Future research can further refine ANN-based investment strategies by 

integrating real-time market adaptation to enhance decision-making during 

sudden market shifts. Expanding ML models to include sentiment analysis from 

financial news and social media could provide deeper insights into market 

psychology, improving predictive accuracy. Additionally, exploring hybrid 

models that combine reinforcement learning with ANNs could enhance portfolio 

optimization and risk management. A continuous recalibration of ANN models 

with updated financial data will be essential to maintain relevance in evolving 

market conditions and maximize investment performance while minimizing risks. 
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Appendix 2. Table of Sectoral Strategy maximizing Sharp Ratio 
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Appendix 3. Table of Sectoral Strategy Minimizing Max Drawdown 
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Appendix 4. Table of Companies Sectoral Strategy Cumulative Return 
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Appendix 5. Table of Companies Sectoral Strategy Sharpe Ratio 
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Appendix 6. Table of Companies Sectoral Strategy Max Drawdown 
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