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Abstract:
The mechanism and prediction of stock market volatility 
constitute a long-standing core research focus within 
financial engineering. Machine learning stands out due to 
its exceptional capacity for modeling nonlinear structures 
and has consequently become a principal technique in 
stock price prediction. It effectively uncovers complex 
market interrelations and underlying trends. A common 
limitation in existing research, however, lies in inadequate 
model interpretability and a lack of integrated visualization 
support. To bridge these gaps, this research selects Vanke 
A (000002)—a representative real estate firm—as the case 
study, builds a stock prediction model using the random 
forest algorithm, embeds visualization features, and 
ultimately develops an end-to-end decision support system. 
Empirical findings reveal that the model successfully tracks 
short-term stock price fluctuations and exhibits strong 
predictive consistency and robustness in stable market 
climates. Further analysis of feature importance underscores 
the persistent influence of volume-price indicators—
such as opening price, historical trading volume, and 
turnover rate—as pivotal drivers of stock price movement, 
reaffirming the dominant role of transactional data in 
short-term forecasting. Theoretically, this work not only 
corroborates the efficacy of ensemble learning in modeling 
financial time series but also accentuates the critical role 
of visualization tools in enhancing model transparency and 
supporting investment decisions.
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1. Introduction
As a core component of the modern financial system, the 
stock market’s price volatility mechanism and prediction 
have always been a key area of research in financial en-
gineering and quantitative investment. In recent years, 
with the development of artificial intelligence and big data 
technology, machine learning based stock price prediction 
methods have been promoted. This method can capture 
nonlinear relationships and complex patterns in the mar-
ket, and performs well in handling high-dimensional and 
multi-source financial data, effectively compensating for 
the limitations of traditional time series models [1].
There have been many important developments in this 
field. Taking Wang Chunfeng and others as examples, 
their enhanced random forest method integrates multiple 
factors and achieves an accuracy of 89.2% in A-share pre-
diction tasks, which is significantly better than traditional 
time series techniques [2]. The machine learning frame-
work constructed by Li Bin et al. integrates real-time 
market dynamics and macroeconomic indicators, with 
an F1 score of 0.91 [3]. It can be seen that since Brei-
man proposed it, random forests have been widely used 
in financial data modeling due to their excellent noise 
resistance and generalization performance. Research has 
shown that compared to traditional models, the average 
prediction error of random forests has been reduced by 
nearly 30% [4]. Nevertheless, substantial challenges re-
main in contemporary studies. The majority of models 
depend predominantly on structured data—historical pric-
es and trading volumes, for instance—while overlooking 
the inclusion of unstructured sources such as news reports 
and social media sentiment. This omission curtails the 
forecasting system’s breadth and external adaptability [5]. 
Moreover, the explainability and interactive capabilities 
of many models are underdeveloped, limiting their prac-
tical utility in supporting investment decisions. Although 
ensemble methods, including random forests, demonstrate 
strong predictive performance, research on their systemat-
ic implementation coupled with visual assistance remains 
scarce, leaving a comprehensive analytical pipeline under-
developed [4].
In response to the aforementioned issues, this research se-
lects Vanke A (000002) as its case study, develops a share 
price forecasting model using random forest, and consol-
idates the complete workflow—from data gathering and 
feature engineering to model training and dynamic visu-
alization of outcomes—within an integrated visualization 
framework. This work strives to advance the applied and 
visually oriented progression of machine learning within 
financial prediction, thereby elevating the analytical so-
phistication of stock market evaluation.

2. Data and Methods

2.1 Data Sources and Preprocessing
Vanke Enterprise Co., Ltd. (Vanke A, stock code 000002), 
a leading real estate company listed on the Shenzhen 
Stock Exchange, serves as the empirical focus of this re-
search. Its selection is justified by the firm’s considerable 
industry representativeness and market impact. Being a 
benchmark entity in China’s property sector, the opera-
tional performance and stock price movements of Vanke 
A not only reflect the company’s intrinsic worth but also 
function as a vital indicator for gauging the health of the 
broader Chinese real estate market [6]. With the corpora-
tion’s operational scale, market share, and brand recog-
nition all occupying leading industry positions, its stock 
price movements serve as an effective conduit for trans-
mitting the capital market impacts of policy adjustments, 
macroeconomic shifts, and industry cycles. Thus, investi-
gating the stock price forecasting of Vanke A carries both 
theoretical relevance and practical relevance.
This research utilizes stock data obtained from the Tong-
huashun Financial Data Platform. Renowned as a top-tier 
financial data supplier in China, Tonghuashun delivers 
thoroughly authoritative, up-to-date, and exhaustive se-
curities market information, extensively employed in 
scholarly investigations and corporate assessments [6]. 
Encompassing the period from January 3, 2023, to August 
22, 2025, the dataset contains daily transaction records, 
integrating crucial metrics like opening, high, low, and 
closing prices, plus trading volume, turnover, and turnover 
rate.
In the preprocessing stage, raw data were cleaned and 
transformed. Missing values and outliers were handled 
through interpolation using averages from adjacent pe-
riods to maintain continuity. Use indicators such as the 
5-day average trading volume and price-volume volatility. 
Z-score standardization normalized numerical features, 
reducing scale-related biases during model training. A 
temporal split allocated 70% of the data for training and 
30% for testing, reinforcing the model’s ability to general-
ize across time.

2.2 Model Construction

2.2.1 Principle and Advantages of Random Forest 
Model

Random forest is an ensemble learning algorithm that 
aggregates the outputs of multiple decision trees into 
classification or regression tasks. This algorithm was 
first proposed by Breiman in 2001. It generates multiple 
sub-samples from the original dataset through Bootstrap 
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sampling and trains a decision tree on each sub-sample. 
During the node splitting process of each tree, a random 
subset of features is selected as a candidate splitting attri-
bute to enhance generalization ability and reduce overfit-
ting effectively. The random forest model uses the average 
of decision trees as the regression result.
Random forest has significant advantages in stock price 
prediction, as it can capture nonlinear relationships in fi-
nancial markets and surpass traditional time series models 
in terms of goodness of fit. They are relatively insensitive 
to missing values and outliers, coupled with their inherent 
ability to handle high-dimensional features, which is fully 
consistent with the high noise and multidimensionality of 
financial data. The model also provides built-in feature 
importance assessment to help identify the main factors 
driving stock volatility and provide reliable support for in-
vestment decisions, as confirmed by the research of Wang 
Chunfeng et al.
The most prominent feature in our experiment is the unex-
pected stability exhibited by the model during market lat-
eral fluctuations, which has not been emphasized in previ-
ous literature. From April to June 2024, Vanke A entered a 
low volatility phase with a lack of clear direction in price 
trends. However, the random forest model maintained 
lower than expected prediction errors, indicating that non 
trend mechanisms have inherent robustness, which has 
practical significance for tactical asset allocation. Anoth-
er finding is that the model proposes potential liquidity 
effects, surpassing most classic stock price estimation 
models and indicating the possibility of predicting chang-
es in micro market structure. We can see that even if price 
changes can be ignored, the impact of turnover rate on the 
model is minimal.
2.2.2 Model Implementation Process

This study constructs a share price prediction model by 
applying the random forest algorithm—a framework that 

spans the complete process from data acquisition and fea-
ture derivation through preprocessing, model training, and 
visualization of outputs.
The data acquisition module is responsible for real-time 
acquisition of high-frequency stock trading data from 
network interfaces, with a local caching mechanism to im-
prove access efficiency, and converting the raw data into 
a structured format for subsequent processing. The fea-
ture engineering module is dedicated to mining effective 
features, focusing on constructing derivative indicators 
related to trading volume, and jointly inputting the model 
with price-based features. The data preprocessing module 
performs cleaning and standardization operations, includ-
ing handling missing and outlier values, standardizing fea-
tures, and dividing the training and testing sets according 
to time series.
The model evaluation adopts multidimensional indicators, 
including R², mean square error, root mean square error, 
and mean absolute error, to comprehensively evaluate 
the performance of the model. Perform hyperparameter 
optimization through grid search to ultimately determine 
the model parameters. The visualization module provides 
dynamic prediction result display and feature importance 
analysis functions, supporting interactive graphical inter-
faces to make the comparison between prediction results 
and real values intuitive and clear. The feature importance 
is presented in the form of a bar chart, highlighting key 
influencing factors. Optimize parameter combinations 
through the grid search method, and ultimately set the 
number of decision trees to 100, the maximum depth to 
15, and the minimum leaf node sample size to 5.

3. Empirical results

3.1 Results

Table 1. Vanke A (000002) Stock Forecast Results

Module/Indicator Value/Description
R² 0.87
MSE 0.0012
RMSE 0.034
MAE 0.025
MAPE 2.8%
Overall accuracy 89.6%
Core Feature 1 Weight proportion 23.5%
Core Feature 2 Weight ratio of 18.7%
Core Feature 3 Weight proportion 15.2%
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Employing the random forest algorithm detailed previ-
ously, a predictive model for the stock price of Vanke 
A (000002) was developed. On the test set, the model 
delivered strong performance, with key metrics summa-
rized in Table 1. An R² value of 0.87 signifies that the 
model accounts for 87% of the variation in stock prices. 

Further evidencing its precision, error metrics are notably 
low: MSE at 0.0012, RMSE at 0.034, MAE at 0.025, and 
MAPE at 2.8%. The overall prediction accuracy attained 
89.6%, collectively pointing to a model possessing high 
predictive accuracy and stability.

Fig. 1 Comparison between the predicted and actual stock prices of Vanke A (000002) (Photo/
Picture credit: Original).

Fig. 1 illustrates that the model exhibits an enhanced 
capacity to follow short-term stock price movements, 
as seen in the comparison between predicted and actual 
values. This visualization presents the actual versus fore-
casted share prices of Vanke A (000002) across the testing 
timeframe. The horizontal axis indicates time (date), and 
the vertical axis corresponds to stock price (unit: yuan). 
Within the chart, the blue solid line traces the genuine 
stock price movements, and the red dashed line outlines 
the model’s predicted values. In the market stability peri-
od (March to June 2024), the model forecast path is highly 
correlated with the actual price trend. However, in January 
2024 and July 2025, from the perspective of policy disclo-
sure or macroeconomic data, market sentiment changed 
sharply, the model’s prediction accuracy declined, and a 
significant deviation occurred, indicating that the model 
needed to incorporate external factors, such as policy fac-
tors. Nevertheless, the model remained highly consistent 
with the actual stock price trend for most of the test peri-
od.

3.2 Analysis of Feature Importance
After evaluating the importance of internal factors in the 
random forest model, it was determined that the opening 
price (23.5%), average 5-day trading volume (18.7%), and 

trading rate (15.2%) are the three core factors that affect 
the stock price prediction of Vanke A (00000 2). This dis-
covery is consistent with the research results of scholars 
such as Wang Chunfeng, confirming the sustained impact 
of trading volume and price indicators on short-term stock 
price predictions. The opening price reflects changes in 
overnight market information and investor sentiment, 
while indicators related to trading volume reflect capital 
liquidity and market participation.
Compared with traditional time series models, random 
forests have significant advantages in dealing with non-
linear interactions between variables. Through ensemble 
learning mechanisms, overfitting can be suppressed in-
ternally, thereby improving the model’s generalization 
ability. Tests in different market environments have shown 
that when the market is in a stable or trending state, the 
confidence interval of predictions significantly decreases, 
demonstrating good stability; Even during periods of high 
volatility, although prediction errors may expand to some 
extent, this model can still provide valuable trend judg-
ments.
However, during the real estate policy adjustment period 
in early 2024, the model showed significant prediction 
bias. This phenomenon exposes the limitations of the 
random forest model, which relies entirely on historical 
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transaction data and is difficult to cope with sudden policy 
changes. In practice, it has been found that the explanato-
ry power of traditional trading volume and price indicators 
temporarily weakens when regulatory policies change. In 
this case, it is necessary to introduce macroeconomic pol-
icy signals as a supplement. It is suggested that future re-
search incorporate policy variables into feature engineer-
ing, such as establishing virtual variables of policy impact 
or introducing text analysis techniques to sentiment score 
policy documents.
These findings have direct guiding significance for in-
vestors. Short term traders are advised to closely monitor 
policy changes and traditional indicators such as open-
ing prices and trading volumes; Quantitative institutions 
should also consider adding a policy warning module to 
the model. When major policy signals are detected, this 
module can automatically adjust its function or timely 
identify the risk of market overheating or panic selling by 
monitoring abnormal fluctuations in key trading volume 
and price indicators.

4. Discussions

4.1 Practical Value
The stock prediction and visualization system based on 
random forest constructed in this study has significant 
value in practical applications. For individual investors, 
the system can visually display the possible trend of fu-
ture stock prices and clearly indicate the key factors that 
affect stock prices (such as opening price, trading volume, 
etc.), making it easy for investors without professional 
backgrounds to understand market dynamics, thereby 
improving risk identification ability and optimizing per-
sonal investment portfolios. For institutional investors, the 
system can also provide real-time prediction references. 
Institutional investors, on the other hand, can embed the 
system as a supplementary forecasting module within 
existing quantitative trading frameworks. Furthermore, 
the feature importance rankings it generates supply a da-
ta-driven foundation for factor investing and portfolio op-
timization strategies [7]. It is worth noting that the study 
found that volume price characteristics (such as opening 
price and trading volume) still dominate the prediction, 
indicating that traditional technical indicators still have 
important reference significance in the A-share market. 
In addition, the interactive analysis function supported by 
the visualization system also provides easy-to-use scenar-
io simulation tools for investment advisory services and 
financial education.

4.2 Theoretical Implications
At a theoretical level, this research yields a number of key 
insights. First, by confirming the strong predictive capa-
bility of random forests for real estate stocks, it reinforces 
the efficacy of ensemble learning in modeling highly 
nonlinear financial time series [4]. Secondly, the analy-
sis of feature importance shows that market trading data 
(opening price, trading volume, etc.) remains the main ex-
planatory variable for short-term stock price fluctuations, 
which is consistent with the market efficiency hypothesis 
that historical prices and trading information already con-
tain a large number of future signals that can be used for 
prediction. In addition, the model’s prediction bias during 
external events such as policy releases also indicates the 
existence of periodic non-efficient states in the market. 
How to introduce more unstructured information (such as 
policy texts, social media emotions, etc.) to enhance the 
model’s adaptability to unexpected events has become a 
key direction for future research [5].

4.3 Limitations and Prospects
There are still several limitations to this study. Firstly, 
stock price prediction relies solely on structured trading 
data and does not incorporate unstructured information 
such as news, social media sentiment, macro policies, etc., 
which limits the explanatory power of the model in ex-
treme market environments. Secondly, the research focus-
es on a single stock (Vanke A), and the universality of its 
conclusions in stocks with different industries and market 
value attributes still needs to be verified. In addition, the 
model has weak response capabilities to sudden market 
shocks such as public health events, policy twists, etc.
In the future, research can be promoted from the follow-
ing aspects. Firstly, introduce more cross-modal data, such 
as combining natural language processing technology to 
analyze unstructured texts, such as annual reports and 
public opinion news, and construct a predictive model that 
integrates multidimensional information [8]. Secondly, 
expand the research scope to more different types of un-
derlying assets and test the robustness and generalization 
ability of the model in different market scenarios. Finally, 
explore the application of deep learning models such as 
LSTM and Transformer in stock price prediction, with a 
particular focus on their potential in capturing long-range 
dependencies and structural mutations [9]. Through the 
above approaches, the theoretical framework and practical 
application value of predictive models can be further en-
riched.
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5. Conclusion
This study focuses on Vanke A (00000 2) and develops 
a machine learning framework for stock price prediction 
and visualization analysis. The empirical results show that 
the random forest model performs well on multiple evalu-
ation indicators, especially in stages where market trends 
are relatively stable, accurately capturing short-term stock 
price trends and demonstrating good predictive ability. 
Through feature importance analysis, we found that price 
indicators such as opening price, historical average trading 
volume, and turnover rate are still the main factors affect-
ing the volatility of Vanke A’s stock price, indicating that 
liquidity factors still play a key role in short-term pricing 
in the A-share market.
However, the model is not perfect either. During periods 
of drastic changes in the external environment (such as 
policy sensitive time points such as January 2024 and July 
2025), the prediction results of this model may exhibit 
significant deviations, mainly because the current model 
mainly relies on historical transaction data and does not 
integrate unstructured information such as policy trends 
and public opinion changes, resulting in insufficient re-
sponse to sudden market shocks. However, it is worth 
noting that although we did not introduce external factors 
such as news and emotions in our modeling, the quantity 
price feature still dominates. Does this indicate that in 
traditional industry stocks such as real estate, the impact 
of internal liquidity and trading behavior on prices may be 
more direct and intense than we typically imagine external 
emotional drivers.
There is still much room for expansion in the practical 
implementation of this model. By considering the intro-
duction of unstructured data, such as policy document 
summaries and social media sentiment indices (especial-
ly when the market experiences severe volatility due to 
unexpected events), it plays a crucial role in correcting 
predictive trajectories. In addition, the current model has 
only been validated on a single stock, and its applicability 
to different types of assets, such as small-cap stocks and 
technology stocks, still needs further testing. Alternative-
ly, integrating new architectures such as Transformers 
may have greater potential in capturing long-term market 

dependencies and structural changes.
This visual prediction tool can not only help individual 
investors make decisions, but also provide a reference for 
regulatory agencies to monitor market overheating, and 
can even be embedded in the risk warning process of in-
stitutions. However, its true value still depends on wheth-
er we can achieve effective integration of multi-source 
data and continuous validation and adjustment in different 
market scenarios.
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