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ABSTRACT 

In China A-share market, to make Alpha generation, we should not only rely on traditional factor models, but also learn 
to use those wrong pricing driven by emotions during earnings forecast windows. At this time, there are many retail 
investors in the market and the information is asymmetric. We reviewed 42 intellectual studies and put forward a unified 
method framework. With the knowledge of behavioral finance, market microstructure and machine learning, we have built 
a four-layer implementation pipeline, which integrates three different emotional sources: textual disclosures, order flow 
and social media, and uses advanced ML architectures. These studies found that hybrid architectures performed better than 
the single method in the accuracy and risk index of direction prediction. These benefits are mainly concentrated in the 
high-concern forecast window with the largest emotional fluctuation. However, there are two restrictions in actual 
operation: the handling fee of 0.15-0.25% per transaction will reduce the total Sharpe ratio by 35-50%, so the minimum 
threshold must reach 1.5; Moreover, the performance of the strategy depends on the market situation-78% can make money 
in a bull market and only 45% in a bear market. This study provides practical suggestions for quantitative traders, including 
how to capture emotional signals more carefully, choose the appropriate machine learning algorithm according to different 
time, and how to reduce transaction costs and adapt to market changes. 

Multi-source sentiment; Machine learning; A-share market; Earnings forecast windows; Excess return 
strategies; Hybrid architectures; Transaction costs; Regime dependency 

1. INTRODUCTION 

Alpha generation has gone beyond the traditional fundamental and technical analysis. Behavioral finance tells us that 
[1]. This effect is particularly obvious in a market like 

-share market, where many ordinary retail investors participate, because emotions will directly affect the return 
of stocks [2]. Especially when the company releases earnings forecast, this effect will be even more severe [37]: before the 
announcement, everyone has no idea and their attention is focused on one point, which is easy to make the price wrong. 

results than expected) can predict 
 

Han and Shi [6] shows that the model with emotional factors can explain 23% of the stock price difference, while the 
traditional model can only explain 11%. However, they summarized the emotions into the overall market index, ignoring 
that during the forecast release period, emotions actually came from many different places. Similarly, Li and Hou [9] found 
that different opinions before the announcement can predict the abnormal return of the next day (IC = 0.08-0.12), but their 
text analysis only looked at the official announcement of the company and ignored the discussion on social media, which 
had a great impact on the market with many retail investors. Recently, there have been many new advances in machine 
learning-for example, gradient lifting methods such as XGBoost and LightGBM, cyclic networks such as LSTM, GRU 
and Bi-LSTM, and mixed structures that combine convolution with time models-which provide a framework for us to deal 
with these high-dimensional interactions [3, 8, 10, 16, 24]. These algorithms can capture the interaction between features and 

ecify the specific form in advance, so that we can systematically use the wrong 
pricing opportunities driven by emotions during the forecast window. 

Although sentiment analysis and machine learning have made progress, it is not good enough to combine them 
systematically to predict the time window of A shares. Existing research rarely uses order flow or social media data [4], 
while machine learning applications usually only use general price historical data, ignoring the abnormal fluctuations 



caused by financial report announcements. No practical model has been developed to take advantage of the wrong pricing 
in these short time windows, in which the trading noise of retail investors often overwhelms the fundamental information. 

This paper aims to solve three research problems: first, how to extract emotional information from different sources (such 
as regulatory documents, market microstructure, social media) while maintaining the details of the signal? Second, which 
machine learning architecture is best at combining high-dimensional inputs-is the hybrid model (such as CNN-LSTM, 
XGBoost-LSTM stacking) more powerful than the single method? Third, how to turn the forecast into a practical strategy, 
taking into account the transaction cost (0.15%-0.25% per transaction), market impact and the influence of different market 
environments? 

This study integrates all kinds of evidence into a clear framework and teaches us how to combine multi-source emotional 
signals with ML (machine learning) to earn excess returns during the A-share forecast window. The main contributions 
are as follows: First, organize the evidence into a set of method flow from raw data to execution, and explain how the 
transformer encoder in a professional field like FinBERT keeps the details of emotional signals [12]. Secondly, 
systematically evaluate different ML architectures and find out the conditions under which the hybrid model performs 
better than the single method. Thirdly, the problems in practical application are solved through agreements such as cost 
accounting, market status verification and execution timing. 

Section 2 reviews the evolution of sentiment analysis, the application of machine learning in finance, and the 
microstructure of A-share forecast window. Section 3 introduces the systematic method of document identification and 
integration in detail, and ensures the transparent report of systematic review according to PRISMA 2020 guide [11]. Section 
4 compares and evaluates the source of emotional data and the performance of the algorithm. Section 5 discusses the 
influence, limitation and boundary conditions in practical application. Section 6 summarizes the key findings and future 
research directions. 

2. LITERATURE REVIEW 

Capital market research has long begun to look at how the information in those accounting reports affects the stock price 
[38]

by watching mutual fund flows [41]. Tetlock [7] was the first to apply the method of analyzing the content of articles to 
finance. He found that the mood of the media can predict the market trend, and later directly measured the mood by 
counting the words in earnings reports and news [25]. The current method will combine company documents, social media 
and transaction order flow; There will be loopholes if only a single data source is used. 

Text analysis will use tools like FinBERT to study earnings forecasts, News and broker reports, which can grasp the subtle 
differences in tone [5, 23, 26]. This method goes further than the early study of forward-looking disclosures by machine 
learning [27]. Market microstructure will analyze transaction data (such as unusual order flow and sudden increase of short-
selling), especially in the mar
important [32]. Social media, search trends and forums also provide alternative data [28]. For example, emotions on 
microblogging are very useful for predicting changes in the whole market. 

Combining information from different sources can make the prediction result much more accurate. Ramaraju and others 
[4] found that if text information, order flow and social media data are used together, the accuracy can be improved by 12% 

[14] also found that the model with multiple information can explain 16% of the price changes, 
while only words can explain 9%. Wang et al. [16] used dual-CNN-LSTM model, and the prediction accuracy reached 

[10] (using 
LSTM, GRU, Bi-LSTM models and XGBoost to make the final judgment) reduced the MAE error by 8.85% and the 
RMSE error by 10.38%. The ingenuity of these models is that they use special modules to extract the characteristics of 
each kind of information, and then make these information interact through the fusion layer. For example, ordinary 
investors like to express their views on social media, while large institutions operate through order books-both kinds of 
information can actually be used to predict prices [31]. Especially in emerging markets, ord
has a very unique forecasting ability. 

Machine learning can handle multi-source emotional data well. Linear models are difficult in high-dimensional and 
nonlinear problems, while ensemble learning and deep learning methods can automatically select features and capture 
complex interactions without setting function forms in advance. 



The research of Lei et al. [3] shows that LSTM network can learn interactive modes (such as negative social media sentiment 
plus put option buying), which can predict the market impact, which is stronger than simple correlation, and can also rank 
stocks with emotional influence. The out-of-sample test also confirmed these models: the model with emotional factors 
can explain 23% of the cross-sectional income difference, while the traditional factors can only explain 11% [6]; The 

reaches 0.08-0.12, which is higher than the 0.03-0.05 of the basic regression [9]; The volatility prediction error of deep 
learning is 19% lower than that of GARCH model [3]. 

-share market, we small retail investors account for more than 80% of the trading volume [2], and shorting 
stocks is often restricted [42] -ML strategy. Zhou et al. [2] 
found that during the release of financial report, the order flow of retail investors had a correlation of 0.21-0.28 with the 
abnormal return of the stock price the next day, while the order flow of institutional investors was only 0.08-0.14. Those 

[9]. Regulatory regulations require companies to issue quarterly performance forecasts, which has formed some predictable 
periods of high trading volume. Although the strong market sentiment makes the performance forecast period of A-shares 
very suitable for multi-source sentiment-ML strategy [36], there are still some doubts about the stability of these strategies 
in different market conditions [40]. 

3. METHODOLOGY  

3.1 Analytical Framework for Multi-Source Sentiment Integration 

This method flow has four interrelated layers (Figure 1). The input layer obtains different emotional signals from three 
channels: regulatory documents and news (text), unbalanced retail orders and VPIN indicators (microstructure), and 
discussions on Xueqiu/Weibo (social media). The processing layer will do special processing for data from different 
sources: use a specially adjusted FinBERT encoder to distinguish formal and informal texts [12, 13]; VPIN filtering [30] 
separates emotion-driven transactions from information-driven transactions [3]; Social media data will also be weighted by 
credibility, and robot accounts will be detected [4,14]. 

The integration layer uses a layered hybrid architecture: convolutional neural network is used to extract local features from 
text embedding; Modeling the time relationship in the [-5, +5] day window with LSTM network; XGBoost, as a meta-
learner, combines depth features with original emotional indicators [10,16]. The output layer will generate a trading signal 
that depends on the market state, and monitor it through a cost state feedback loop to ensure that the feasibility conditions 
are met (the total Sharp ratio is > 1.5), and trigger the architecture switch in the period of high fluctuation [6,22]. 

Figure 1. Proposed Multi-Source Sentiment-ML Implementation Framework for A-Share Earnings Forecast Windows. 

 



The framework synthesizes 42 empirical studies. Domain-specific modules (FinBERT for text, VPIN for order flow, 
credibility weighting for social media) feed into a hybrid CNN-LSTM-XGBoost architecture. The regime-dependent 
output adjusts signal weights based on market classification (bull: 90-day returns >75th percentile; bear: <25th percentile), 
with a cost-regime feedback loop enforcing viability thresholds (gross Sharpe >1.5). Reported performance ranges: 
directional accuracy +5-10 percentage points, maximum drawdown -15-25%, cost-adjusted Sharpe -35-50% under 
transaction costs of 0.15-0.25% per trade. 

3.1.1 Signal Extraction Architecture 

For textual sentiment, FinBERT and RoBERTa-wwm-ext [12] achieve F1-score improvements of 0.12-0.15 over generic 
BERT; related architectures combining FinBERT with LSTM have demonstrated strong predictive performance in equity 
markets [15]. Formal regulatory filings show 6-9 percentage point higher accuracy than social media due to standardized 
vocabulary [13]. Separate fine-tuned encoders handle mandatory disclosures (annual/quarterly reports) versus informal 
channels (East Money, Xueqiu, Weibo), with domain-specific augmentation for retail slang and emoji expressions. 

Order flow emotion can help us distinguish the behavior of retail investors and institutions. Zhou et al. [2] found that the 
imbalance of orders in small transactions (less than 40,000 yuan) and the abnormal return of stocks the next day had a 
correlation of 0.21 to 0.28, while the correlation of institutional capital flow was only 0.08 to 0.14. Through the layered 

 to measure the toxicity of capital flow, 
we can separate the transactions driven by emotions. Using high-frequency 5-minute sampling, the intraday changes during 
the [-5, +5] day window before and after the event can be captured. 

Social media emotions nee
of fans, the accuracy of historical prediction and the frequency of posting) can improve the information coefficient (IC) by 
0.03 to 0.05 [14]. There will be some challenges in actual operation, such as unstable platform, few accurate prediction data, 
and high number of fans. In order to solve these problems, the recommended scheme is to adopt a two-stage filtering 
mechanism: firstly, the robot account and the paying water army are removed by detecting the posting pattern, and then 
the remaining posts are weighted according to the user reputation score (this score comes from the comparison between 
the accuracy of their past prediction and the actual return [29]). 

3.1.2 Machine Learning Architecture Selection 

Choosing ML architecture depends on the forecast time and market situation. 

If it is a short-term forecast (1-3 days), XGBoost is a reliable choice. Chen and Guestrin [8] said that the training speed of 
XGBoost is 4.3 times faster than that of traditional gradient lifting on more than 1000 feature data sets. Xu et al. [14] found 

-of-sample R can reach 0.11-0.16. XGBoost can handle more than 
200 features (such as n-grams, technical indicators, macro-control variables), and it is not easy to over-fit [17], and it also 
performs well in emerging markets. However, it assumes that the data are independent and identically distributed, so some 
time processing (such as lagging mood and rolling volatility) must be done.  

For medium-term prediction (5-20 days), LSTM network is more suitable [33]. The research of Lei et al [3] shows that LSTM 
can reduce the fluctuation prediction error by 19.2% compared with GARCH model when dealing with high-frequency 
emotional data, especially when capturing market state transition. For the time window of A shares, the sequence length 
of 20-30 days can best balance deviation and variance [19]. The gating mechanism of LSTM can selectively remember the 
information of different sequences, so as to better model the patterns before and after the announcement. In order to 
maintain stability in high fluctuation period, gradient clipping (threshold 1.0) and regularization dropout (ratio 0.2-0.3) are 
needed in implementation. 

Hybrid architectures combines static and dynamic modes [34]. Wang and his team [16] used the dual-CNN-LSTM model to 
achieve 88.24% accuracy on CSI 300 constituent stocks, which was 5.55% higher than the single LSTM model and 9.81% 
higher than XGBoost. This layered design uses CNN layer to capture local text patterns, LSTM to deal with time changes, 
and gradient boosting as a meta-learner [39]

assembled pred  [10] shows that the hierarchical stacking model 
can reduce the maximum retracement by 23% in the period of high volatility, which shows that it is very robust to the 
emotion-driven fluctuation aggregation phenomenon. 



3.1.3 Implementation and Robustness Protocols 

To succeed, we have to consider the transaction cost, the influence of different market environments and the timing of 
implementation. Humphery-Jenner and Wu [22] said that in emerging markets, the cost of each transaction of institutional 
investors is about 0.15% to 0.25%, while the actual cost of ordinary investors will be higher because of market shocks. 
When doing a simulation test, you have to deduct these costs, and do a sensitivity analysis to see the impact when the cost 
of each transaction changes between 0.1% and 0.3%. Some studies have said that the Sharp ratio will drop by 35% to 50% 
after the cost is included [4]. 

According to the test of different market environments, we can see whether the strategy is stable in various situations. Only 
31% of the studies have done segmentation analysis of bull market and bear market, but these studies have found that the 
strategy effect is unstable-in different market environments, the forecasting ability will be 2 to 3 times worse [6]. The 
layered test is defined as follows: the bull market is the top 25% of the 90-day rolling rate of return, the bear market is the 
bottom 25%, and the middle is the shock market. A model must have positive risk-adjusted returns in at least two market 
environments in order to be reliable. 

The execution time uses the forecast grouping stipulated by the supervision (January: the whole year, April: Q1, July: Q2, 
October: Q3). The strategy enters the market 2-3 days before the announcement to catch the stock price drift, and then 
exits according to the momentum after the announcement: if there is a continuation signal, it will be held for 1-2 days, and 
if it is reversed, it will exit immediately. This is consistent with the research of Li and Hou [9], who found that the 
disagreement reached its peak 1-2 days before publication. 

3.2 Validation and Stability Assessment 

The model stability is analyzed by walk-forward, that is, with a growing time window (for example, train with the data of 
[t-60, t-
information coefficient, Sharpe ratio, Sortino ratio, and maximum withdrawal. 

In order to consider the time sequence, we used purged cross-validation. This method will remove all the data before and 
after the test date to prevent information leakage. The specific method is 50% off purged CV and 10-day embargo periods. 

SHAP value can decompose the prediction results into the contribution of each emotional source, so that we can know 
which part works. For example, in a bear market, if the SHAP value of social media is very low, it means that we can 
reduce the data collected from this source when the market falls. 

4. SYNTHESIZED FINDINGS 

According to the comprehensive data, the accuracy rate of FinBERT on East Money posts is 82% to 86%, and that on 
regulatory filings is 88% to 92%. The Hybrid CNN-LSTM-XGBoost model performs better than the single model, and the 
accuracy of direction prediction is 5 to 10 percentage points higher, and the maximum loss is reduced by 23% when the 
market fluctuates greatly. 

4.1 Signal Extraction Performance: Evidence from Prior Studies 

We made a comprehensive analysis of 42 studies and found that the effects of signal extraction were quite different. Unless 
otherwise specified, these data represent median and interquartile range (IQR), and indicate the number of study samples 
(n= number of studies). 

The method of text emotion extraction is the most mature. In n=8 studies, the accuracy of the FinBERT model in the posts 
of Dongcai Stock Bar reached 82-86%, and the accuracy in the regulatory announcement documents reached 88-92% 
(median: 84%, 90%). Its F1 score is 0.12-0.15 [12,13] higher than that of the general BERT model. However, cross-domain 
use will make the effect worse: when the model trained on mandatory announcements is used to analyze social media, the 
accuracy will drop by 6-9 percentage points because of colloquialism and network language [13]. However, using encoders 
trained for specific fields can reduce cross-domain errors by 34% [16]. 

 

 

 

 



Figure 2. Comparative Accuracy Metrics of Sentiment Extraction Methods. 

 

Figure 2 shows that the accuracy of text sentiment analysis ranges from 82% (social media) to 92% (regulatory documents) 
[12,13], and the F1 score of FinBERT is 0.12 to 0.15 higher than that of general BERT. However, when used across fields, 
the accuracy will drop by 6 to 9 percentage points. 

The emotion of order flow can predict the short-term income: the correlation between the imbalance of small transactions 
and the abnormal income the next day is 0.21 to 0.28, while the correlation of large order flow is only 0.08 to 0.14[2]. VPIN 
has a better noise reduction effect-when the VPIN value is high, the correlation between emotion and income will be 
reduced by 40% [3]. Using high-frequency 5-minute data sampling can explain 18% of intra-day income fluctuations, while 
using daily data can only explain 11% [19]. 

The mood swings on social media are the biggest. The IC value obtained by unweighted sentiment analysis is 0.03-0.05; 
Similar fluctuations were also observed in western markets by using Twitter emotional data combined with LSTM model 
[20]. If the credibility weight (such as the number of fans, historical accuracy, posting frequency) is added, the IC value can 
be increased to 0.06-0.10[14]. This shows that it is very important to filter out the noise of th
situation or robot accounts to find really useful retail sentiment. Robot filtering is particularly critical: the prediction 
accuracy of those studies that do not specifically clean up robot data is 23% lower than that of those studies that use double 
filtering [4]. Different platforms have different effects: Xueqiu (IC=0.08) performs better than Weibo (IC=0.04), indicating 
the influence of user group differences [14]. 

4.2 Comparative Performance of ML Architectures 

The comparative analysis of different algorithm families shows that their performance has a fixed high and low order [35], 
and the performance of hybrid architecture is usually better than that of single method. 

In the prediction of XGBoost in 1-3 days, the out-of-sample R can reach 0.11-0.16, and the emotional characteristics 
contribute an extra 0.05-0.08R [14,18]. XGBoost can process more than 1000 features 4.3 times faster than traditional 
gradient lifting, so it can be recalibrated every day [8]. However, after more than 3 days, the performance will decline: the 
R predicted in 5 days will drop to 0.06-0.09[4]. 

The LSTM architecture performs better in the 5-20 day forecast. The data series of 20-30 days can balance the deviation 
and variance, and reduce the volatility prediction error by 19.2% compared with GARCH model [3]. In the A-share market, 
its direction prediction accuracy is 8-12 percentage points higher than that of the cross-sectional model, and it is especially 
good at capturing the fund accumulation pattern before the announcement [19]. However, when the fluctuation is high 



(annualized fluctuation rate > 40%), the training is unstable, so gradient clipping and regularization are needed, and the 
calculation cost will increase by 35-50% [3]. 

Figure 3. Performance Comparison Across ML Architectures. 

 

Figure 3 shows the prediction accuracy of different time periods: XGBoost performs best (76-74%) in 1-3 days, but it 
drops to 62% in the 20th day; LSTM increased from 74% on the first day to 79% on the tenth day; The mixed model 
reached a maximum of 85% on the 10th day. The accuracy of LSTM and XGBoost crossed on the third day. Dual-CNN-
LSTM achieves 88.24% accuracy on CSI 300, which is 5.55% higher than single LSTM and 9.81% higher than XGBoost 
[16]. Hierarchical stacking (using LSTM/GRU/Bi-LSTM plus XGBoost meta-learner) can reduce MAE by 8.85% and 
RMSE by 10.38%. In the period of high volatility (annualized volatility > 40% or 90-day rolling income volatility exceeds 
75% quantile), the maximum retracement decreases by 23%, which shows that it has strong adaptability to emotion-driven 
volatility aggregation [10]. 

4.3 Implementation Outcomes: Synthesized Evidence 

According to n=6 research reports including transaction cost analysis, the transaction cost of 0.15%-0.25% will reduce 
Sharpe ratio by 35%-50%, which is a key threshold. For the sentiment-ML strategy of single source or Shuang Yuan, the 
original gross Sharpe ratio of 1.2-1.8 usually drops to 0.6-1.0 after deducting the cost [4,22]. However, a high-performance 
multi-source combination strategy, such as three-source integration, can achieve a gross Sharpe ratio of more than 2.0, and 
even at the usual cost level, the net Sharpe ratio can remain above 1.0. Sensitivity analysis shows some weaknesses: if 
gross sharp is less than 1.5, the strategy will lose money when the cost of each transaction is assumed to be more than 0.3% 
(net sharp < 0); However, the high performance strategy (gross Sharpe >2.0) can still maintain a positive risk-adjusted 
return even at a cost of 0.4% [4]. 

 

 

 

 

 

 

 

 



Figure 4. Impact of Transaction Costs on Strategy Performance. 

 

Figure 4 shows our example net Sharp ratio under different transaction costs according to the parameter range in some 
studies. The color changes from dark green (Sharp ratio > 1.5) to red (Sharp ratio  0), which shows the weakness of 
single-source strategy: the strategy using only Social-media reaches the break-even point (0.0) when the cost reaches 
0.35%, while the strategy using only Text approaches the critical threshold (0.2). Only the combination strategy of Three-
source can still maintain its usable performance under the condition of high cost (0.6), which shows that integrating 
multiple information sources can better resist the drag caused by cost. 

The performance in different market states shows the unique differences of A shares: in bull market (IC = 0.12), the 
prediction coefficient is 2-3 times that in bear market (IC = 0.04-0.06) [6]. In a volatile city (annual rate of return 10%), the 
IC is 0.08, but the turnover rate is higher [6]. Only 31% of the research conducted market analysis. In a total of n=13 studies, 
78% bull market period, 45% bear market period and 62% shock market period all produced positive risk-adjusted returns, 
which greatly exceeded the consistency of a single paradigm model [6, 10]. 

Entering the market 2-3 days in advance can catch an extraordinary income drift of 0.8%-1.2%; After the announcement, 
the momentum can increase by 0.5%-0.9%, which is a continuation signal [9]. However, 34% of the window will be 
reversed immediately, so a dynamic stop-loss rule is needed [9]. 



4.4 Multi-Source Integration: Synthesized Evidence 

Text+order flow+social media performs better than Shuang Yuan or single-source configuration, but the growth of effect 
will be smaller and smaller. Using the ensemble method of all three sources, the prediction accuracy is 12-18% higher than 
that of the single source benchmark [4]. However, adding a third source to the text-order flow model only improves the 
effect by 4-6%, while adding the order flow to the pure text model can improve the effect by 8-12% [4, 14]. 

Figure 5. Marginal Contribution of Additional Sentiment Sources (Marginal gain diminishes from 8-12% (adding order flow 
to text) to 4-6% (adding social media to text + order flow)). 

down the diagram: the total R has increased from the initial 0.04 to the final 0.18. Among them, text sentiment brought the 
biggest improvement (+0.06), followed by order flow (+0.05) and social media (+0.03). We can clearly see that each 
additional source will bring less and less additional benefits: finally, when social media is added to the text-order flow 
model, the improvement is only half as much as the initial text sentiment. The red arrows and labels in the picture tell us 
exactly how much each stage has increased. 

The interaction between sources is very important. The negative text sentiment combined with the surging retail order flow 
can predict the decline with an accuracy rate as high as 73%-better than using either signal alone (accuracy rate is 61%) 
[2]. Similarly, when pessimism on social media and high traffic toxicity (VPIN) appear at the same time, the predictability 

[3]. These interactive effects 
can only be captured by those models that explicitly cross features or use deep learning architecture; Linear models will 
miss 40-50% of multi-source prediction information [14]. 

5. DISCUSSION 

5.1 Interpretation of Signal Extraction Findings 

They behave differently because they generate signals in fundamentally different ways, not because of measurement errors. 
The text emotion from regulatory filings is the most accurate, because the words and sentence structure are very standard 
[13]. The accuracy difference between Filings and social media is 6 to 9 percentage points, which is because ordinary 
investors like to use spoken language, irony and emoticons, which are difficult to correspond to financial terms [5, 14]. 



These findings tell us that the method is very important: if the same model is used to deal with texts from different sources 
(67% of the studies do this), its effect will be worse in practical application. If the model is trained separately for different 
sources, even if the calculation cost is 40% to 60% higher, the cross-text generalization ability can be improved by 34% 
[16]. After all, it is more cost-effective to deal with it separately: although it takes more calculation time, the model does 
not need to be readjusted all the time, and the practical application is more stable, which is more convenient. 

The short-term forecasting ability of order flow (0.21-0.28) is consistent with the microstructure theory: retail order flow 
reflects attention-driven transactions, which will affect short-term prices, while institutional order flow reflects position 
adjustment based on information [2]. The strategy should focus on the order flow in the time range of 1-3 days, but the 
weight should be reduced in the longer term. VPIN filtering is very important-it can reduce noise by 40% during the period 
of high toxicity, indicating that there are many meaningless fluctuations in the original order flow [3]. 

The difference of social media data comes from the platform characteristics: Xueqiu(IC=0.08) performs better than 
Weibo(IC=0.04) because its users are more professional [14]. Data collection should give priority to the investment 
community rather than ordinary social networks. Filtering robot accounts can improve the accuracy by 23%, indicating 
that the risk of data pollution is great-algorithm accounts account for 15-20% of financial social media traffic [4,14]. 

5.2 Algorithmic Architecture Trade-offs 

The continuous excellent performance of the hybrid architecture supports a core theoretical premise: the A-share forecast 
window has both cross-sectional feature interaction and time dependence. The accuracy of CNN-LSTM-XGBoost 
integrated model is 5.55-9.81% higher than that of a single component, which shows that although the marginal computing 
cost (usually 2-3 times of the training time) has increased, the risk-adjusted income increase is worthwhile [10, 16]. 

The performance level varies with the forecast period: XGBoost is still competitive in the short-term forecast of 1-3 days, 
because the short-term benefits are mainly dominated by cross-sectional differences [14, 18]. After more than 3 days, the 
value of R will decrease (from 0.11-0.16 to 0.06-0.09) because the cost of static treatment becomes higher when momentum 
is accumulated [4]. This shows that the hierarchical structure can be adopted: XGBoost is used for daily tactical 
configuration, LSTM is used for Zhou Du position adjustment, and the mixed model is suitable for multi-cycle strategy. 

The training of LSTM is unstable under the condition of high fluctuation (> 40%) because the gradient is difficult to 
propagate in the state switching sequence [3]. Using regularization methods (such as gradient clipping and dropout 0.2-0.3) 
will increase the computational burden by 35-50%, so it is difficult to use it in real time in times of crisis. The production 
system should keep the XGBoost standby model and switch to the tree-based architecture when the fluctuation exceeds 
the threshold. 

5.3 Implementation Constraints and Viability Thresholds 

When the transaction cost is taken into account, the Sharp ratio drops by 35% to 50%, which is the most fatal problem in 
practical application [4, 22]. It is found that if the total Sharp ratio is less than 1.5, the strategy will not make money as long 
as the transaction cost exceeds 0.3%. This directly makes about 40% of the recorded strategies useless. This threshold 
effect shows that academic studies that only report the total benefits of unadjusted costs greatly exaggerate their usefulness 
in the real world. 

The degree of cost sensitivity is directly related to the complexity of signal sources. The combination strategy of three 

adjusted frequently, which makes the cost drag more serious. Those studies that report the net income of multi-source 
strategy all use the method of holding position limit (at least 2-3 days) or signal smoothing to reduce turnover rate [10, 16]. 
The best balance between signal response speed and cost control is that the shortest holding period is 3 to 5 days. If the 
position is longer, the alpha loss caused by signal attenuation will be faster than the cost savings. 

The difference in different market conditions (IC is 0.12 in bull market and only 0.04-0.06 in bear market) shows that the 
strategy based on emotion and machine learning actually has systematic beta risk and is not market neutral [6]. The 
coefficient varies two to three times in different markets, which means that ordinary models will ignore some very 
important economic laws. The mixed model can make money only 45% of the time in the bear market, but 78% of the 
time in the bull market, which shows that the pricing error is asymmetric: in the rising market, people tend to overreact; In 
the falling market, panic selling may just be rational deleveraging [6, 10]. 



5.4 Limitations and Boundary Conditions 

These findings have some limitations and cannot be generalized casually. First of all, 68% of the research has selected 
large-cap stocks in CSI 300, and the sample is biased, so it may not be suitable for small-cap stocks and mid-cap A shares. 
Theoretically, retail participation and emotional influence are stronger in small-cap stocks [2, 16]. The current results may 
underestimate the performance of a wider range of stocks, or just show that large-cap stocks are liquid and their strategies 
are easier to operate. 

Secondly, most of the research focuses on 2015-2023, which experienced the stock market crash in 2015, trade war in 
2018 and COVID-19 volatility, so it is difficult to know how these strategies perform in a stable and low-volatility market. 
Only 12% of the research used the data before 2015, so it is impossible to judge whether the effect of emotion+machine 
learning is only available in a specific market environment or long-term effective [6]. 

Thirdly, in high-dimensional ML applications where the sample size is smaller than the feature space, the risk of data 
snooping is higher. Multi-source emotional models usually have more than 1000 feature dimensions, and 42 studies have 
tested similar architectures, which means that the reported performance indicators may contain serious over-fitting bias [8, 

21]. Only 29% of the studies have been verified by out-of-sample tests in non-overlapping time periods, and most of the 
studies rely on simple training-test division, which is easily affected by time leakage [4, 10]. 

cial media sentiment research, which favors platforms with open APIs (East Money, 
Xueqiu), and excludes new channels (Douyin financial content, WeChat channels) that may reflect the changes of retail 

m effect of recording may reflect the availability of data, rather 
than the inherent signal quality [14]. 

6. CONCLUSION 

This report summarizes 42 studies on the excess return strategy of A-share forecast window, combining multi-source 
sentiment analysis and ML architecture selection. Effective strategies need to do three things: (1) extract fine signals from 
financial reports, market micro-data and social media; (2) According to the prediction cycle selection algorithm (XGBoost 
in the short term, LSTM in the medium term and mixed model in the comprehensive strategy); (3) Rules considering 
transaction costs and market conditions. The research contribution includes setting a feasible threshold, which is of 
practical significance to A-share trading: the total Sharpe ratio is more than 1.5 to cover the cost, the bear market 
application period only accounts for 45%, and the diminishing returns are suggested to be implemented in stages. In 
practice, it is suggested to deploy XGBoost baseline model with text and order flow first, and then upgrade to mixed 
architecture after the effect reaches the standard. It is always critical to continuously monitor the net Sharpe ratio, rather 
than the total revenue. 

Our strategy faces some strict restrictions: first, the transaction cost (0.15%-0.25%) will reduce the total Sharp ratio by 
35%-50%, which sets the minimum threshold of 1.5 and directly eliminates about 40% of the strategy. The second 
limitation is market state dependence: in different market environments, the forecasting ability of a strategy will be two to 
three times worse. For example, in a bull market, you can make money, but in a bear market, you can only make money 
45% of the time, so it is dangerous to use the same strategy all the time regardless of market conditions. The third is the 
calculation cost: the encoder optimized for a specific field will increase the complexity by 40%-60%, VPIN needs the 
infrastructure of high-frequency data, and robot detection is always needed to process social media data. These restrictions 

 

Future research should solve these problems: first, do real-time market state identification so as to switch models (for 
example, XGBoost is used when the market is highly volatile and LSTM is used when the market is stable), which may 
improve the success rate in the bear market from 45%. Second, expand the strategy to small and medium-sized A shares, 
but this requires the establishment of a liquidity risk model [2]. Third, integrate new platforms, such as short video content 
and private channels, so as to capture the latest behavior patterns of retail investors [14]. Fourthly, we can enhance our 
confidence by conducting antagonistic tests through pre-registered experimental procedur
with the current success rate of verification of 29% [4, 21]. 
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