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Abstract. Companies’ stock performance could be affected by various factors like break-

ing news or annual report. We consider that products’ quality could also be a crucial fac-

tor that influence the stock performance. In this study, the quality characteristics are ex-

tracted from the customer online review to measure the products’ quality level. We use 

reinforcement learning models to show that quality information could improve the stock 

trade policies by increasing the profitability and risk of maximum drawback. The rela-

tionship between stock performance and quality level also is explored. This paper 

demonstrates the importance of quality information and manager could design better 

products by using the results of our study.  
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1 Introduction 

How to measure the impact of products’ quality on companies’ profits and revenue is an im-

portant research area. In the era of big data, companies could obtain various type of quality 

data. Take JingDong or Amazon for example, customers can evaluate the product experience 

and service process on the products website. These reviews could contain customers’ com-

ments on quality level [1-2]. This quality information could influence customers’ demand thus 

products’ competitiveness and sales would be affected. 

The increase in companies’ product sales or customer satisfaction can also increase the com-

pany's profit return. Moreover, when the company is a public listed company, the stock price 

of the company may be affected. For example, Samsung mobile phone products occupy an 

ICBBEM 2024, March 29-31, Wuhan, People's Republic of China
Copyright © 2024 EAI
DOI 10.4108/eai.29-3-2024.2347418

mailto:zhongchongwen@bipt.edu.cn
mailto:LiuYing-Amy@bistu.edu.cn


absolute monopoly position in the Android mobile phone market. However, Samsung's market 

value fell by nearly $20 billion after the explosion of the Samsung Note series of mobile 

phone in August 2016. Meanwhile, although researchers have discussed the impact of quality-

related events on stock price, few of them revealed a clear relationship between quality and 

stock performance [3-4]. 

To solve this problem, we mine product’s quality characteristics from customer online re-

views. We adopt quality characteristics as features and examined their impact in reinforcement 

learning models. Finally, we discuss the fluctuation of company’s stock price during the 

change of products’ quality level. In sum, our paper answers these two problems: (1) How do 

quality characteristics improve to the stock trade policies? (2) What are the predictive and 

lagging effects of product’s quality level? 

Our paper contributes to previous studies along these two paths: (1) first, we explore the usage 

of quality characteristics on stock trade policies by using reinforcement learning policies. (2) 

second, we show the different performance of stock indicators during the fluctuation of prod-

ucts’ quality level. More importantly, we find the predicative and lagging effects of quality 

level. 

In addition, our research finds that when the quality of products is at different levels, some 

stock indicators of companies are also will be affected. For example, when the quality of the 

product is recognized by the customer, the daily investment return of the company's stock will 

show the improvement. Our study once again illustrates the product quality could correlate 

with stock information tightly. 

2 Literature Review 

2.1 Stock Trade Policies 

Researchers discussed how to obtain abnormal profit based on stock information. Prior litera-

ture confirmed that the optimization models were effective in stock trading models [5-6]. 

Isaenko (2018) found that if trading fees of the T-bills securities portfolio were proportioning 

to their total price, then the securities’ monthly revenue and Sharpe value were decreased sim-

ultaneously. Mansour et al. (2019) used multi-objective optimization to balance the weights of 

risk, return and volatility in a portfolio. 

Besides, the Markov Decision Process (MDP) has contributed to the development of man-

machine counteraction, chess game and other scenarios. Therefore, researchers have attempted 

to used DQN model to optimize the portfolio by decreasing the state space and the training 

speed was enhanced [7].  

Similarly, other studies adopted both deep learning and reinforcement learning in stock trade 

policy analysis [8-9]. Vo et al. (2019) used a bidirectional LSTM model to predict stock re-

turn. This framework could significantly enhance stock return as well as Sharpe ratio while the 

volatility was decreased. Aboussalah and Lee (2020) transformed the discrete state spaces into 

continuous action spaces and multiple state spaces. A more profitable portfolio was obtained. 

Vidal and Kristjanpoller (2020) focused on the volatility of gold asset. The CNN-LSTM mod-



el was used to decrease the noise and the heterogeneity of instability in the traditional time 

series model. The effectiveness of the prediction of volatility was improved. 

Also, the heuristic algorithms were discussed in the stock trading models [11]. Ramezanian et 

al. (2019) added a graph model and multi-layer network to predict stock return, volatility and 

other indicators based on genetic algorithm. Authors found that the accuracy of genetic algo-

rithm outperformed other time series model like GARCH or ARIMA models. 

3 Method 

3.1 Data Collection and Preprocessing 

Apple corporation’s products are our research sample in this study. Table 1 showed that iPh-

one, Macbook and iPad are the main types of Apple’s products. These three types are most 

important for Apple corporation. We conjecture that the performance of these three types of 

products could be representatives of Apple’s operating condition.  

Table 1. Sample information. 

Brand Model # of Review 

iPhone 7, 8, SE et al. 14323 

Macbook Macbook Pro 12 inches et al. 2424 

iPad iPad Air, iPad Pro inches et al. 1987 

 

We match company’s stock basic information (e.g. close price, open price) with customers’ 

reviews according to daily data. Two cases may occur: first, one product may obtain several 

reviews on the same day. We combine all quality information into a single vector to represent 

the day’s quality level. Second, weekends have no stock trading operations but customers may 

publish their comments. We combine weekends’ quality information into the last trading day. 

We transform each customer’s online review into a quality characteristics vector. Company’s 

daily trade information is matched to online reviews. We use products’ quality characteristics 

in stock trade policies.  

We use datareader.data in the Pandas module to download the stock price of Apple. The stock 

information data is from the Yahoo Financial section. We obtain each day’s highest, lowest, 

opening, closing, trading volume, and adjusted closing price. 

We use latent Dirichlet distribution (LDA) to extract products’ quality characteristics. LDA 

creates documentation-topic model and topic-word model to assign keywords in each text to a 

topic. In LDA, each topic’s word cannot be directly observed, but is obtained by the weighted 

summation of the words. In addition, some topics can be merged into one topic to improve the 

interpretability of the model. Therefore, we set several topics for the LDA model in advance. 

The final topics are obtained after the results. Since we have all the topics of the products, we 

define these topics as the quality characteristics of the product. 



The customers’ emotional attitude is calculated by using sentimental lexicon [12]. The senti-

mental lexicon is used to add all word’s mapping emotional value to a single value. This value 

is used to evaluate a quality characteristic’s emotion. The higher the emotion value of the 

word, the higher the positive emotion the word contains. Our study divides each customer 

review into punctuation sentences. Products’ quality information can be represented by a vec-

tor. Each vector’s element is the value of product’s quality characteristic’s value.  

Table 2 showed the components of the vector. Each review has been successfully transformed 

into structured data. The quality characteristic represents the product’s using attribute. Also, 

the quality characteristic is measured by a quantitative number. Therefore, we could use quali-

ty characteristics to evaluate products’ quality levels quantitatively. 

Table 2. Structure review for reviews. 

Online review Quality characteristic 1 …… Quality characteristic 20 

r=1 3.2 …… 7.5 

r=2 2.9 …… 3.4 

r=3 0.6 …… 2.2 

…… …… …… …… 

r=18734 4.2 …… 9.2 

3.2 Stock Trade Policies 

We design the following product quality characteristic policies: based on the sentimental lexi-

con [13], we calculate product’s quality characteristics value. If one quality characteristic’s 

value is larger than previous value, then we add this quality characteristic with an auxiliary 

variable and this auxiliary variable equals to 1. On the contrary, if one quality characteristic’s 

value is smaller than previous value, then we add this quality characteristic with an auxiliary 

variable and this auxiliary variable equals to -1. Each quality characteristic’s auxiliary variable 

is defined as the tendency of quality characteristic.  

We use reinforcement learning models to demonstrate the effectiveness of products’ quality 

characteristics. The features in the reinforcement learning models include two parts: first, the 

basic stock indicators (e.g. open price, close price). Second, the quality characteristic tendency 

for each quality characteristic. Thus, we define two policies for reinforcement learning mod-

els: if the policy only considers the first part of features, then this policy is defined as the basic 

stock feature policy. If the policy considers the first and second part of features, then this poli-

cy is defined as the basic stock feature policy with products’ quality characteristics infor-

mation. Then we compare the stock evaluation performance for these two policies. 

The three indicators (annualized return, Sharpe ratio, maximum drawdown) are used to meas-

ure the performance of stock trade policies in reinforcement learning models. Annualized 

return shows the profitability. The Sharpe ratio measures the balance between risk and reve-

nue. The maximum drawdown is defined as the volatility of stock and calculated by the differ-

ence between the stock price and the subsequent lowest stock price and the stock price. 



3.3 Stock Performance and Products Quality Level 

In previous section we discuss the effectiveness of quality characteristic on stock trade poli-

cies. To deeply understand the role of products’ quality, we seek to explore the tendency of 

stock performance within different quality level periods. 

We first define the products quality level and stock performance. The product quality level is 

calculated by summing all quality characteristics value to obtain a new variable named quality 

level. There are three types of quality levels: high-quality level, medium-quality level, and 

low-quality level. For those days with top 5% quality level, these days is defined as high-

quality level days. For those days with medium 5% quality level, these days is defined as me-

dium-quality level days. For those days with low 5% quality level, these days is defined as 

low-quality level days. 

The stock performance is measured by three indicators: Daily revenue ratio, Daily trade vol-

ume ratio and Daily max down. The Daily revenue ratio measures stock’s return in compari-

son of last day. Daily trade volume ratio is calculated by the ratio of intraday trade volume on 

total trade volume. Daily max drawdown shows the difference of highest and lowest price, 

which demonstrates stock’s fluctuation. Table 3 shows the detail of the definition of these 

indicators. 

Table 3. Stock indicators. 

Indicators Definition 

Daily revenue ratio 
The natural logarithm of the ratio of stock 

open and close price 

Daily trade volume ratio 
The ratio of daily trade volume to total 

trade volume 

Daily max drawdown 
The ratio of difference of between highest 

and lowest and highest price 

 

The stock performance’s tendency within different quality level periods would be demonstrat-

ed in this part. We would like to discuss the impact of quality level on these stock indicators. 

4 Results 

4.1 Stock Trade Policies 

We used the reinforcement learning models to examine the quality characteristics from new 

perspectives. We used value-based models (e.g. DQN), policy-based models (e.g. Policy-

Gradient) and combination models (e.g. Actor-Critic). The stock basic indicators were one 

part of features in these reinforcement learning models. The quality characteristics were an-

other part of features in these reinforcement learning models. 

The following trading rules were defined in these models: the agent had three states in the 

trading process: buying, selling or holding. We assumed that the agent could trade at most 

20000 shares and at least 100 shares for buying and selling states. The holding state showed 



that the agent made no operation on this trading day. The trading fee is 0.39% according to the 

requirement of Tiger Securities. The reward function was defined as the daily return on total 

stock account. The total stock account included the stock’s market value and cash. 

Table 4 showed the results on annualized return. We found that the basic stock feature policy 

was outperformed by basic stock feature policy with products’ quality characteristics infor-

mation. In particular, the models with basic stock feature policy had quite low annualized 

return in DDQN and Actor-Critic, which demonstrated the effectiveness of quality infor-

mation. 

Table 4. Annualized return of reinforcement learning models. 

 DQN DDQN DQN-Prioritized-Replay 

basic stock feature policy 0.216 0.030 0.522 

basic stock feature policy 
with products’ quality charac-

teristics information 

0.483 0.649 0.654 

 Dueling-DQN 
Policy-

Gradient 
Actor-Critic 

basic stock feature policy 0.216 0.030 0.522 

basic stock feature policy 
with products’ quality charac-

teristics information 

0.483 0.649 0.654 

 

For Sharpe ratio, the results showed in Table 5 were like the results of annualized return: the 

models with basic stock feature policy with products’ quality characteristics information had 

larger Sharpe ratio than models with basic stock feature policy. Meanwhile, for DQN, DDQN, 

DQN-Prioritized-Replay, the performance of basic stock feature policy with products’ quality 

characteristics information in these models is better than that of Policy-Gradient model. There-

fore, we conjectured that value-based models were more suitable than policy-based models for 

Sharpe ratio. 

Table 5. Sharpe ratio of reinforcement learning models. 

 DQN DDQN DQN-Prioritized-Replay 

basic stock feature policy 0.597 0.364 1.047 

basic stock feature policy 

with products’ quality charac-
teristics information 

1.348 1.306 1.626 

 Dueling-DQN 
Policy-

Gradient 
Actor-Critic 

basic stock feature policy 0.320 1.649 0.483 

basic stock feature policy 
with products’ quality charac-

teristics information 

0.882 1.708 0.228 

 

Table 6 showed the results of the maximum drawdown. In DQN, DDQN, Dueling-DQN, Poli-

cy-Gradient and Actor-Critic, basic stock feature policy was better than basic stock feature 

policy with products’ quality characteristics information. In contrast, the maximum drawdown 



of basic stock feature policy with products’ quality characteristics information was smaller 

than that of basic stock feature policy only in DQN-Prioritized-Replay. Therefore, we found 

that quality information couldn’t bring more advantages in respect of maximum drawdown. 

Table 6. Maximum drawdown of reinforcement learning models. 

 DQN DDQN 
DQN-Prioritized-

Replay 

basic stock feature policy 0.134 0.054 0.217 

basic stock feature policy 

with products’ quality 

characteristics information 

0.195 0.305 0.207 

 Dueling-DQN 
Policy-

Gradient 
Actor-Critic 

basic stock feature policy 0.158 0.198 0.035 

basic stock feature policy 

with products’ quality 

characteristics information 

0.183 0.206 0.049 

 

In reinforcement learning models, we showed that quality information could improve the an-

nualized return and Sharpe ratio while the improvement of maximum drawdown was not sig-

nificant. Therefore, we conjectured that considering the quality information in the stock trade 

policies should enhance the stock revenue by improving the profits. However, the quality in-

formation in policies may result in more stock fluctuation with larger maximum drawdown. 

4.2 Stock Performance and Products Quality Level 

In this section, we discussed the stock performance’s tendency within different quality levels’ 

intervals. We have summarized three types of quality level days in Method section. Figure 1-

Figure 3 displayed the results. In these three figures, the horizontal axis “time distance” denot-

ed the distance between real samples occurrence time and the defined quality level days. For 

example, “5” meant that we used 5 days after the defined quality level days. Meanwhile, “-5” 

meant that we used 5 days before the defined quality level days. Therefore, Figure 1-Figure 3 

could demonstrated the tendency of stock performance before and after some quality level 

days. 

Figure 1 showed that Daily revenue ratios of high-quality level days had surpassed the ratios 

of medium-quality level days and low-quality level days after the quality level days. There-

fore, company’s stock performance has been improved after its products were rated highly by 

customers. On the other hand, we showed that this tendency was not significant before the 

quality level days. 

We also showed that the difference between medium-quality level days and low-quality level 

days was not significant. In contrast to the positive of satisfied quality characteristics, it 

seemed that unsatisfied quality characteristics may not bring negative impacts on daily reve-

nue ratio.  



 
Fig. 1. Daily revenue ratio within quality level days. 

Figure 2 showed the daily trade volume ratio within different quality levels days. Before the 

quality level days, both high-quality level days and low-quality level days have more daily 

trade volume ratio than medium-quality level days. This phenomenon demonstrated that stock 

could perceive the change in quality level thus the trade volume could be increased.  

In contrast, the difference between low-quality level days and medium-quality level days was 

not as significant after the quality level days. However, the Daily trade volume ratio of high-

quality level days increased drastically. Therefore, we showed a crucial phenomenon that the 

investors may make greater trading actions before the change in quality level. However, the 

investors adjust the positions of the stock more frequently if the products have more positive 

quality rating. 

 

Fig. 2. Daily trade volume ratio within quality level days. 



The results of daily maximum drawdown were displayed in Figure 3. The performance of this 

indicator was quite significant among these different quality level days. The high-quality level 

days had the largest daily maximum drawdown while the low-quality level days had the 

smallest daily maximum drawdown. We conjectured that the more satisfied customers had 

with the products, the more discrepancy between stock’s highest price and lowest price. 

Also, we found that the daily maximum drawdown of medium-quality level days and low-

quality level days was quite stable before or after the quality level days. However, the daily 

maximum drawdown of high-quality level days was larger before and after the sample days. 

The value was quite low near the quality level days. Thus, we conjectured that the stock price 

fluctuated more drastically for high-quality level days. 

 

Fig. 3. Daily maximum drawdown ratio within quality level days. 

5 Discussion 

We also focus on stock indicators of profits (e.g. annualized return,) or risk (e.g. Sharpe ratio, 

maximum drawdown). We conjecture that profits and risk are the two most important aspects 

to evaluate stock’s performance. Importantly, products’ quality performance could have a 

direct impact on stock’s profits and risk [14]. Thus, this study enlightens researchers and prac-

titioners that quality characteristics may not be significant for stock’s all indicators. The appli-

cation of our research should be cautious. 

Our study displays the predictive and lagging effects of quality level on stock performance. 

Previous literature mentions that companies’ performance would change if their products’ 

quality has positive or negative news [15]. These studies could use event study methodology 

to demonstrate the effects of quality level fluctuation [16].      

Our study uses sentimental analysis to extract customers’ satisfaction or dissatisfaction and 

transform the emotion into a quality level score. This approach broad the literature on the 

effects of quality management. Besides, we propose a research framework that include stock 



trade policies and stock indicators fluctuation. This framework overcoming a crucial short-

coming that discusses stock performance from a biased perspective.  

6 Implication 

Our study finds a crucial phenomenon that quality characteristics could improvement stock’s 

profits but its fluctuation could also enhance. Stock could fluctuate in a quite short time alt-

hough its profits would increase later. However, in mutual funds or other asset management 

areas, maximum drawdown would sometimes be more important than profits. The fund man-

ager would face pressure of money withdrawal if the maximum drawdown is high. Therefore, 

our study would provide insights that investors should carefully use quality-related trade poli-

cies to prevent potential fluctuation. 

We also show the lagging and predictive effects of quality level on stock indicators. However, 

the lagging effects are sometimes more significant than the predicative effects. This finding 

demonstrates that investors should give different weights to the lagging and predictive effects. 

For example, fund managers may slow down theirs trading actions before some important 

events happen. On the contrary, the trading actions may be swift if the fund managers could 

observe more valuable information. 

7 Conclusions 

This study discusses the quality characteristics from customer online review. We use the in-

formation of quality characteristics to show the improvement of quality information on stock 

trade policies. The improvement is demonstrated by enhancing the profitability and increasing 

the risk of maximum drawback. For the relationship between stock performance and quality 

level, we also show that stock price was improved after customers publish higher rates. The 

trade volume also increased when the products obtain higher or lower rates. The stock price 

fluctuates more frequently for high-quality level days. Our results provide evidence that com-

panies’ stock performance could be affected by products’ quality level. Managers could use 

quality information to enhance the stock performance in the product design phase. 
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