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Abstract
Day traders, who trade over time horizons of one day or less, account for around 30% of the total transaction volume at present. Most day traders’ trading strategies are based on their own experiences or news headlines. They may also rely on technical indicators, such as the Relative Strength Index (RSI), to predict short-term trading opportunities and stock index turning points for making selling and buying decisions with respect to stock index futures. This study determined exact RSI indicators, which enhanced the accuracy of short-term stock index prediction. We then tested the proposed model’s performance during an unprecedented crisis such as COVID-19. We used artificial intelligence techniques, such as the SMO algorithm, to evaluate the performance of the proposed model and apply empirical methods on short-term stock index futures datasets to explore the impact of different RSI indicators on the turning points of the stock index futures. The results show that RSI 20 based on regular and COVID-19 periods can enable day traders to achieve higher profits compared to the RSI 30 index.
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1. Introduction

Day traders are individuals who trade full-time on short time horizons. This article focuses on day traders of stock index futures of the Taiwan Stock Exchange Capitalized Weighted Stock Index (TAIEX). Day traders tend to heavily use technical indicators for forecasting, such as Bollinger Bands (BB) or Relative Strength Index (RSI) [1-3]. RSI prediction is one of the most challenging and high-risk activities [2, 4]. It is not only impacting financial index market such as exchange rates index [5] on short-turn investment directly but also revels the importance of predicting stock index with BB or RSI. Technical indicators are important for day traders because they can capture stock index fluctuations within 95% of the normal distribution [6-8]. Transaction cycles of short-term traders usually need to account for uncertain index fluctuations and turning points, which is attempted through technical indicators for very short timeframes of 5–10 minutes [9]. Besides, day traders lack an empirical process to address a serious and sudden risk, such as COVID-19[footnoteRef:2]. Even if day traders may have suitable technical indicators, it is still difficult to make quick decisions or construct appropriate models for a global catastrophe. Although technical indicators such as BB and RSI are referred to by day traders, it remains unknown whether these technical indicators enable regular profits on daily transactions. In summary, day traders may be undertaking high risk in their reliance on technical indicators—not only for judging index trends or turning points but also when facing a COVID-19 kind of situation. [2:  https://en.wikipedia.org/wiki/COVID-19_pandemic] 


In this study, we address the aforementioned issues above by attempting to answer the following research questions. First, can we find a more accurate RSI indicator to determine turning points? There are many different profits for day traders if in different RSI indicators such as 20/80 or 30/70 indicator. The second question is can any empirical or predictive methods such as artificial intelligence be used for RSI prediction? An ideal method should dynamically self-learn based on new trends and sudden, dramatic developments. Accordingly, we sought to address the following related third research question: Can the trading strategy still stand on a foundation of regular models when day traders meet a COVID-19 type situation?

In this article, we attempt to build effective prediction models that can associate with technical indicators such as RSI and employ artificial intelligence to improve the accuracy of the proposed models. The main goals were to compare different index numbers for RSI to evaluate the effects of different turning points for short-term trades and to build a more stable prediction model by using machine learning to consider even high-risk unexpected events such as COVID-19.

The rest of the paper is organized as follows. The next section reviews related literature. Section 3 details RSI methods and our research model. Sections 4 and 5 describe our experiment and results. The final section summarizes our contributions and suggestions for future research.

2. Literature Review

Day traders are short-term investors who may rely on technical indicators more than fundamental macroeconomic analysis because they seek to complete their transactions within short periods for reasons such as instant gains. Artificial intelligence applications are also popular in stock index prediction. By analyzing historical data, technical indicators could be developed to predict future price movements [10]. However, many technical indicators still have room for improvement in their predictive performance and ease of use for quick decision-making by day traders. RSI is a technical indicator that may help overcome risk of loss and provide high returns within very short timeframes. RSI was developed by J. Welles Wilder. It is a momentum indicator on a scale of 0 to 100 [2]. 

The basic concept of RSI is that it is a type of statistical probability covering the average gain or loss used in some calculations. RSI is the average percentage gain or loss during a look-back period. The formula uses a positive value for the average loss. The RSI approach is shown mathematically in Equations (1)–(4) below.
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In Equation (1), AUPC means the average of upward price change moving averages in a certain period N. UP indicates the upward price change to open or close stock index in that period.
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In Equation (2), ADPC means the average of downward price change moving averages in a certain period N. DP indicates the downward price change to open or close stock index in that period.
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                              (3)

In Equation (3), RSI means the average gain or loss used in the calculation or the average percentage gain or loss during a look-back period. RSI will rise as the number and size of positive closes increase, and it will fall as the number and size of losses increase.

From the perspective of day traders, the most frequent transactions are between RSI 30 and 70 [2]. However, day traders cannot always make their judgements regarding a turning point based on the RSI 30 and 70 zone; sometimes, RSI 20 and 80 could be more accurate, and it would be profitable to wait for the stock index to move into that zone. The turning point of the upper track is in the lower or equal to RSI 30 or 20 zone, which means day traders could buy stock index in the zone because the stock is oversold in the near term. In the opposite case, if the RSI index is greater than 70 or 80, they could consider selling. Although previous research has supported the RSI approach, strategies based on different RSI indexes may lead to different prediction accuracies [2]. The choice of the machine learning algorithm too impacts predictive performance. Therefore, it could be useful to incorporate more than one machine learning algorithm [2, 4, 9, 11, 12]. 

With respect to the period for computation, generally, the default period suggested for investors is nine rounds. For specific terms, it could depend on short-term, medium-term, and long-term investments, and the number of periods will vary. In the cases of short term and medium term, the number of periods of RSI is very low; in the long term, the number of periods of RSI is very high. Generally, nine-day RSI and 14-day RSI are used for short- and medium-term investments, and 56-day RSI, 100-day RSI, and 200-day RSI used for long-term investments. For very short-term investments, a period of nine rounds for each five-minute period is often considered [2, 13].

Because of the COVID-19 pandemic, nearly the whole world went into lockdown, which has led to negative impacts on financial markets. Although the damage caused by COVID-19 is enormous, most studies have limited their focus to medium-term or long-term investments’ potential weak performance owing to COVID-19. There are likely to be long-term effects on the global economy [14, 15]. However, many unprecedented crises have happened in the past, and they have provided some of the best opportunities for investment. Therefore, COVID-19 may also have associated investment opportunities for profitable returns over the medium or long terms. However, the impact of COVID-19 on very short-term investment is unclear. This study is an effort to measure short-term investment performance in the RSI index range to compare the period of COVID-19 against the non–COVID-19 period. 

The concept in the RSI approach used in financial prediction for very short-term investment is that a higher RSI index could signal turning points toward a downside movement. Most day traders may be able to successfully trade stock index futures within very short timeframes despite ignoring RSI because it is unclear whether only focusing on RSI 30/70 or 20/80 can help derive accurate judgements on the turning points of the stock index. Besides, even if there are effective models of RSI for decision support, COVID-19 should still be considered as an empirical test and exception for which it is worthwhile to carefully add RSI options in different scenarios for the purpose of avoiding losses in very short-term investments.

3. Research Model and Hypotheses Development

As discussed, day traders may use the five-minute moving average line of the stock index to build RSI 30 and 70 for determining turning points (Figure 1). Day traders usually use RSI indicators to make trading decisions in time units of five minutes. Usually, if the RSI is higher than 70 or 80, the stock index may be entering a high-risk zone that may produce a downward trend. On the contrary, entering the low-end zone associated with the RSI indicators 30 or 20 may be followed by an upward turning. Our research attempts to use the RSI short-term trend line to evaluate the impact of turning points in order to address our first research question. 
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Figure 1. Short-term turning points in the RSI approach.

Turning points occur when the RSI indicator falls to 20 or relative lows within a certain five-minute moving average line of the stock index, which day traders interpret as a signal to buy stock index futures. However, RSI indicators are too wide, and reducing their transaction times could enable more accurate turning points. Even if RSI is useful for day traders, they still may not be able to determine the exact transaction points. Therefore, our first research question seeks to understand how exact RSI transaction points may be determined by distinguishing different RSI index numbers (Figure 2).
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Figure 2. Multiple turning points for RSI index numbers.

An algorithm for applying our COVID-19 RSI approach is shown below. The algorithm initializes the parameters (e.g., Gain_COVID_30, Trans_COVID_30), sets up logic functions (e.g., the turning points for Trans_COVID_30), computes dynamic turning points to obtain the value of Gain_COVID_30, and enables traders to dynamically adjust their transactions based on the proposed algorithm.
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Previous research has mainly focused on a single turning point for the RSI approach. Our proposed algorithm with multiple turning points is different from previous approaches. However, despite the use of multiple RSI indicators in the proposed algorithm, we still need to obtain a solution to the second research question about the utility of artificial intelligence methods for effective prediction and dynamic self-learning. Although machine learning algorithms are useful for stock market predictions, one needs to exercise due care and caution before relying on them. The purpose of using machine learning algorithms in this study was to dynamically distinguish the best performance of different turning point predictions over the short term. This is the first empirical study to study the impact of multiple turning points on short-term stock index futures prediction and trading through machine learning algorithms. We aimed to establish a self-learning method for this purpose and address the lack of clarity regarding the predictive value of the RSI approach on turning points. 

Some classification algorithms (e.g., sequential minimal optimization, also known as SMO) can handle multi-dimensional time-series data with a high level of noise and make coordinated multi-resolution predictions [16, 17]. Therefore, the SMO algorithm can be used instead of numerical quadratic programming for analytic quadratic programming to solve optimization problems, making it suitable for use in stock forecasting [1, 18-24]. 

If we reframe an optimization problem as a binary classification problem of a dataset in the form of (, ), ...., (,), where  are input vectors and  is a binary dataset ranging from minus one to one. To solve such quadratic programming problems, we can propose the formula as Equation (4): 
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                              (4)

subject to: 
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In this equation,  is a hyper-parameter, (,) is the kernel function, and variables  are Lagrange multipliers with the linear equality constraints , , and . This enables us to investigate the impact of different turning points on short-term stock index turning points and to compare the accuracy of stock index predictions from different turning points dynamically. 

To better reflect different turning points in stock index day trading, multiple turning points for short-term investment were defined: RSI 20 without COVID-19 (Treatment 1), RSI 30 without COVID-19 (Treatment 2), RSI 20 with COVID-19 (Treatment 3), and RSI 30 with COVID-19 (Treatment 4). In the research model shown in Figure 3, Treatments 1 and 2 are regular RSI turning points used by day traders, and Treatments 3 and 4 are those under unforeseen circumstances in order to avoid a huge loss or to even derive a gain. In Treatments 1 and 2, we add difference on RSI indicators with 20 and 30, Treatments 3 and 4 are the same situation. Machine learning algorithms such as SMO, deep learning, multilayer perceptron (MLP), and random forest are suitable for measuring investment performance. Machine learning techniques analyze a large amount of financial information for training, so the predictive performance will vary based on the training data and algorithm.
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Figure 3. The research model.

To our knowledge, our work is the first to differentiate between RSI indicators for judging turning points with a machine learning system to predict stock index futures. Existing studies indicate that different turning points could have different accuracies in short-term stock index futures predictions. Accordingly, we address two hypotheses; the first is stated below.

H1. Incorporating RSI indicators 20 and 30 would generate different impacts on the turning points of short-term stock index predictions.

Day traders may have different effectiveness on different time intervals and situations of unprecedented crises. The net gain or loss during the special period of COVID-19 may influence traders’ long-term total profit. Therefore, it is important to distinguish regular and non-regular time periods for short-term investment and adjust strategies for decisions dynamically. Our second related hypothesis is as below.

H2. There is a significant difference between COVID-19 and regular non-COVID-19 periods in investment effectiveness of day traders.

4. Evaluation

We evaluated different machine learning algorithms with respect to their accuracy rates of stock index predictions. These algorithms were SMO, deep learning, MLP, and random forest. For the training dataset, we used the stock index trading data of TAIEX from 02 January 2019 to 31 May 2019 and 02 January 2020 to 31 May 2020, comprising a total of 11,490 datasets[footnoteRef:3] (Table 1). [3:  https://drive.google.com/file/d/1c19R_zi7EK9lsnjvLjRxH8TpmU5w75Rp/view?usp=sharing; https://drive.google.com/file/d/1EarLzSNBlta1872WzNGfkjj1LB3GlUVW/view?usp=sharing] 


Table 1. RSI indicators of COVID-19 and non-COVID-19 periods.
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This study was divided into two parts for evaluation: the first part evaluates different RSI indicators related to different turning points of short-term stock index trading effectiveness, and the second part tests whether the better RSI indicators provide day traders higher profits compared to the COVID-19 period. The independent variables are Treatments 1, 2, and 3. The dependent variable is the accuracy of those treatments.

We tested the two hypotheses with the four machine learning algorithms using 10-fold cross validation. We set aside a subsample of the dataset for validation. These algorithms were selected because they are popular and widely used [25-27].

The performance of the models was evaluated based on their accuracy. True positive (TP), true negative (TN), false positive (FP), and false negative (FN) rates were calculated. Accuracy rate is the ratio of correct predictions divided by the total number of stock index predictions. 
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5. Results

The performance of the turning points is listed in Table 2. For Treatment 1, the average accuracy across the four algorithms was 92.77%; for Treatment 2, the average accuracy was 84.19%; for Treatment 3, the average accuracy was 91.84%; and for Treatment 4, the average accuracy was 81.52%.

Table 2. Accuracy of different turning points.
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We used ANOVA to assess whether the level of treatment positively influenced the accuracy of prediction. The ANOVA results are presented in Table 3 [(F (3, 15) = 9.856E+30, p < 0.01)]. The results support our first hypothesis. We performed the LSD test for multiple comparisons. In the comparison of all levels of the treatments, Treatment 1 was significantly different from others (p < 0.05) and clearly the highest. We can conclude that the second hypothesis is also supported by our results. 

Table 3. ANOVA of p values.
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Note: p < 0.05 indicates the mean difference is significant at the 0.05 significance level.

6. Conclusion

We found that different RSI indicators have significantly different effects on the forecast of stock index futures. The accuracy of regular periods with RSI 20 is about 92.77%, which is objectively and relatively a high prediction accuracy. The results show that RSI 20 based on regular and COVID-19 periods can enable day traders to achieve higher profits. The results also show that day traders will benefit from RSI indicators even during unprecedented crises periods. The limitation of this study is that although RSI indicator 20 appears to lead to higher profits than RSI 30, it is necessary to analyze more real transaction processes to calculate actual profits and apply the proposed model to other unprecedented crises periods, such as SARS[footnoteRef:4]. Further research based on the results of this study will help develop more effective forecasts and trading strategies. [4:  https://en.wikipedia.org/wiki/SARS_(disambiguation)] 
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Algorithm : COVID-19 for RSI Approach

Initialization of parameters:
AUPC = Average of Upward Price Change
ADPC = Average of Downward Price Change
RSI=100-[100/( 1+ (AUPC /ADPC))]
Gain_COVID_30 = Gain from COVID and RSI 30/70
Gain_COVID_20 = Gain from COVID and RSI 20/30
Trans_COVID_30 = Transaction from COVID and RSI 30/70
Trans_COVID_20 = Transaction from COVID and RSI 20/80
Price COVID_30 = Price changed from Trans_COVID_30
Price COVID_20 = Price changed from Trans_COVID_20
Gain_Non_COVID_30 = Gain from Non_COVID and RSI 30/70
Gain_Non_COVID_20 = Gain from Non_COVID and RSI 20/80
Trans_Non_COVID_30 = Transaction from Non_COVID and RSI 30/70
Trans_Non_COVID_20 = Transaction from Non_COVID and RSI 20/30
Price_Non_COVID_30 = Price changed from Trans_Non_COVID_30
Price_ Non_COVID_20 = Price changed from Trans_Non_COVID_20
Set up logic functions:
IfRSI >=70 then Trans_COVID_30=-1
IfRSI >=80 then Trans_COVID_20=-1
IfRSI <=30 then Trans_COVID_30=1
IfRSI <=20 then Trans_COVID_20=1
Compute the resting and moving (RM) :
Gain_COVID_30 = Trans_COVID_30 * Price COVID_30
Gain_COVID_20 = Trans_COVID_20 * Price COVID_20
Gain_Non_COVID_30 = Trans_Non_COVID_30 * Price_Non_COVID_30
Gain_Non_COVID_20 = Trans_Non_COVID_20 * Price Non_COVID_20
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Date Time Price Close Price Change AUPC ADPC RSI Action RSI3070 Gain 3070 Action RSI2080 Gain 20 80

2019/1/2 09:35:00 9681 -3 1.00 789 1125 1 -3 1 -3
2019/1/2 09:40:00 9678 -13 1.00 822 10.84 1 -13 1 -13
2019/1/2 09:45:00 9665 -14 1.00 889 10.11 1 -14 1 -14
2019/1/2 09:50:00 9651 -17 1.00 678 12.86 1 -17 1 -17
2019/1/2 09:55:00 9634 -46 1.00 867 1034 1 -46 1 -46
2019/1/2 10:00:00 9588 3 1.00 12.89 7.20 1 3 1 3
2019/1/2 10:05:00 9591 14 133 12.78 9.45 1 14 1 14
2019/1/2 10:10:00 9605 -11 189 12.78 12.88 1 -11 1 -11
2019/1/2 10:15:00 9594 -7 189  13.11 12.59 1 -7 1 -7
2019/4/26 10:35:00 10940 -7 322 122 7250 -1 7 0 0
2019/4/26 10:55:00 10929 -5 222 144 6061 0 0 0 0
2019/4/26 11:00:00 10924 -6 111 200 3571 0 0 0 0
2019/4/26 11:05:00 10918 3 1.00 267 2727 1 3 0 0
2019/4/26 11:10:00 10921 -7 044 267 1429 1 -7 1 -7
2019/4/26 11:15:00 10914 -11 044 322 1212 1 -11 1 -11
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