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Stock trend prediction has long been an important research direction in the
financial field, and it is also an extremely challenging task. Currently, most studies focus on
a single prediction model to find a better prediction scheme by comparing the effects of
different algorithms.This paper proposes a stock trend prediction method based on a
Blending ensemble learning approach, which combines 55 technical indicators such as
Exponential Moving Averages (EMA) and Relative Strength Index (RSI). PCA
dimensionality reduction is used to further simplify the data representation of the features
after SOM dimensionality reduction. The method employs two high-performing machine
learning models with distinct algorithmic characteristics as base learners and Logistic
Regression as the meta-learner to construct an efficient ensemble prediction framework.
Using Apple Inc.'s stock (AAPL) as the research subject, the study utilises the confusion
matrix as the core performance evaluation metric. Experimental results demonstrate that
optimised through hyperparameter tuning. Experimental results indicate that the Blending
ensemble learning model, optimized through hyperparameter tuning, outperforms the single
prediction models in terms of accuracy.

Stock trend prediction, Blending algorithm, Ensemble learning, Gradient
Boosting, Logistic Regression

The stock movement trend not only directly affects the stability of the financial market but also
influences the healthy development of the overall economy. Compared with traditional methods in
the field of machine learning, ensemble learning (Ensemble Learning) can often obtain more
significant superior generalization performance by combining multiple learners [1]. BALLINGS M,
DIRK V D P, HESPEELS N, et al. introduced ensemble algorithms into the prediction problem of
stock data and conducted a comparative analysis of the prediction performance with single model
algorithms [2]. BASAK S, KAR S, SAHA S, et al. introduced smoothing indices and used the
smoothed data as input variables for tree models, taking the stock data of Apple and Facebook
companies as the research objects [3].

Based on the analysis and synthesis of the aforementioned diverse research findings, this study
selects the individual algorithms Gradient Boosting, LR, and RF, which have demonstrated superior
predictive performance, and proposes a framework for forecasting stock price movements using a
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Blending ensemble learning approach. Taking the stock of AAPL as the research object, the
prediction performance of the Blending algorithm is verified. This paper is helpful to improve the
accuracy and stability of stock market trend prediction, and has important practical significance and
application value for maintaining the stability of the financial market and promoting the healthy
development of the overall economy.

This paper selects the trading data of Apple from January 13, 2020 to January 10, 2024, a total of
1257 trading days, using the data from the Yahoo finance website.

Based on the opening price, highest price, lowest price, closing price and trading volume of the
stock index, a series of technical indicators are derived, which provide technical support for stock
trading from different angles. Literature [4] takes the Shanghai Composite Index and 30 sample
stocks as a data set to test whether the trading signals generated by the moving average MACD will
have a significant impact on the yield. The empirical results show that the MACD technical
indicators have a certain predictive ability for stock trading, especially for mid cap stocks, but the
index focuses on the long-term trend of the index. In the short-term trend, the relative strength index
RSI can bring significant predictive effect [5].

Regarding stock index trend forecasting, no literature has yet provided a combination of technical
indicators as a feature set. Literature [6] selects nine trend technical indicators such as closing price
five-day moving average Ma and index moving average EMA as characteristics, while literature [7]
selects six overbought and oversold technical indicators such as random KD value and rate of
change ROC as characteristics. Building on this, and following the approach in Literature [8], 55
technical indicators are selected as input variables. The technical indicators and formulas are as
follows.

Table 1. 55 technical indicators

SMA is used to smooth price data by calculating the average price over a specific time period to help identify
1-12 trends.

SMA; = # , where P; represents price points and n is the period.

EMA is a weighted moving average that gives more weight to the most recent data.

EMA;=P; xa+EMA; ; x (1—a),where a = n_2+1 , and P, is the current price.

13-25

The RSI is used to assess overbought or oversold prices and is often used to determine if the market is too hot

or too cold.
26 RSI — 100 100 here RS — Average Gain
N 1+ RS e ~ Average Loss
MACD determines the strength of price trends and reversal signals by calculating by calculating the difference
between short—term and long-term EMAs.
27-30

MACD = EMA;; — EMAy
With Signal Line: Signal Line = EMA(MACD, 9)
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Table 1. (continued)

Bollinger Bands measures the volatility of the marjet by the standard deviation of the price, which is often used
to determine if a stock is in overbought or oversold territory.

UpperBand = MA + 20
30-33 MiddleBand = MA

Lower Band = MA — 20
Where o represents the standard deviation of price.

WMA assigns a weight to each price point, usually with a higher weight to the newer price point.

?:l(PixWi

34 . . . . o
WMA, = ZZ-’L ¥ ) , where W; is the weight assigned to time point i.

Williams %R: the Williams indicator measures whether a stock price is overbought or oversold, usually using —
35 20 (overbought) and -80 (oversold) as reference values.

W = %ﬁ‘ x 100 , where H, is the highest high and L, is the lowest low in the last n periods.

VWAP considers the effect of volume to calculate a weighted price average, commonly used for intraday
trading.

36 io1 (Pi x V)
VWAP, = —————
Zi:l Vi

The ATR measures volatility in the market and is often used to set stop losses and determine how volatile the
marketis ATR, =4 > TR;,
37 Where True Range is calculated as:

TR = max(|Pt — Pt,1|, ‘Pt — Htfl‘, |Pt — Lt,1|)

The Stochastic indicator determines whether the market is overbought or oversold by comparing the current
close to the highest and lowest prices in the past period of time.
38-39 P
t
K =

— L,

m x 100

MFTI: The Fund Flow index combines price and volume to measure inflows and outflows. It is often used to
identify if the market is overbought or oversold.

. - 100 .
40 mfi= 100 1 + Money Flow Ratio where:

Position Money Flow

M Flow Ratio =
oney How Ratio Negative Money Flow

A/D Line is an accumulation and allocation indicator that uses stock prices and volume to reflect the overall
41 money flow in the market and help analyze market trends.
A/D, = A/Dy; + (P — L¢) — (He — Pt))x Ve

Ht — Lt

PVT is used to help analyze the trend and strength of the market through a combination of price movements

4 and volume.

df['PVT'] = (df['Close'].pct_change() * df['Volume']).cumsum()

CCl is used to measure the extent to which a current price has deviated from its average price and is often used
to identify overbought or oversold conditions.

P, — MA

0.015 x mean absolute deviation

43
CCI =
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Table 1. (continued)

Volatility is a measure of price volatility and is often used to determine the amount of market risk. It is often
used in derivatives pricing and risk management.
44 ATR, = 2 "  TR;, where True Range is calculated as:

TR = max(|Pt - Pt,1|, ‘Pt - Htfl‘, |Pt — Lt,1|)

Open -Close difference

» df['0-C'] = df['Open'] - df['Close’

High - Low difference

46 Price Range = H; — L;

Log return indicates the rate of return under continuous compounding and is a more accrurate measure of
return. It solves the problem that error may occur in the time superposition of simple returns, and is especially
suitable for the cumulative calculation of long-term returns.

47-52 df['return'] = np.log(df['Adj Close']l / df['Adj Close'l.shift(1))
lags = 6 # Column indexation is from @, range(1l, 6) for returns
#return2-5
for lag in range(2, lags+1):
col = 'ret_%d' % lag
df[col]l = df['return'].shift(lag)

Momentum: the trend direction of the stock price is reflected by measuring the rate of change of the stock
53 price. Pt is the current closing price, and Pt — k is the closing price before k, with a general parameter of 6.

Momentum; - Py — Py,
Volume Analysis

54-55 df ["Volume_SMA_10"]
df ["Volume_Change" ]

moving_average(df["Volume"], 18)
df ["Volume"].pct_change()

2.2. Target or label definition

The label or the target variable is also known as the dependent variable. Based on experience,
developing the following trading strategy:

Selling Strategy: Implement a sell order under any of the following conditions:

The short-term moving average intersects the long-term moving average, indicating a downward
trend.

The Relative Strength Index (RSI) exceeds 70, concurrently with the current closing price
approaching the upper Bollinger band, signifying an overbought condition.

The Moving Average Convergence Divergence (MACD) line falls below the signal line,
suggesting a weakening of momentum.

Buying Strategy: In the absence of the aforementioned conditions, execute a buy order.

Most people are risk-averse and tend to pay more attention to negative returns. Therefore, the
final strategy is:

SMA _ short(t) < SMA _long(t) and SMA _ short(t — 1) > SMA _long(t — 1)
0, Sell2 = RSI(t) > 70 and Close(t) > BollingerUpper(t)
MACD(t) < Signal(t) and MACD(t — 1) > Signal(t — 1) (1)
1, Otherwise

Yt =
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2.3. Transformation

Use a heat map to see correlations between features.

Figure 1. Heat map

As illustrated in Figure 1, some features exhibit strong correlations, while others are entirely
irrelevant. Dimension reduction can reduce the complexity of the model, improve the computational
efficiency, help to eliminate noise and improve the generalization ability of the model [9]. In this
study, self-organizing mapping (SOM) is used to reduce the dimension, and then principal
component analysis (PCA) is used to reduce the dimension of the low-dimensional data output by
SOM. SOM dimensionality reduction can preserve the nonlinear topology of data and generate a
two-dimensional or three-dimensional representation of low-dimensional space [10]. Building upon
the SOM results, PCA is used to further eliminate redundant information and maximize the retention
of global variance in the low-dimensional representation. This combined dimensionality reduction
approach is particularly effective in handling nonlinear data structures [11].
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Figure 2. Principal component

When the number of principal components is set to six, approximately 93% of the total variance
in the original dataset can be explained. Principal components beyond this threshold typically
contribute minimal additional information and can be discarded. Therefore, the first six principal
components are retained to construct the final dataset.

3. Blending modelling

Integrated models can improve the performance and stability of the model, reduce the limitations of
a single model and increase the robustness of the model. Blending is an Ensemble Learning
approach that uses the prediction results of multiple Base Models as input and then uses a Meta
Model to make the final prediction, thereby improving the overall performance of the models [12].

3.1. Selection of the basic model

The Blending algorithm integrates different machine learning algorithms and can make full use of
the mathematical principles of each algorithm to learn data from different data Spaces [13].
Therefore, the first-layer classifier of the Blending algorithm should not only have good prediction
performance but also have differences among various algorithms. Gradient Boosting and random
forest are highly complementary in the integrated model [14]. Gradient Boosting is a serialization
algorithm in which subsequent trees rely on the residual adjustment of the previous tree and pay
attention to the accuracy of the model. Random forest is a parallel algorithm where each tree is
trained independently, focusing on the stability of the model. So, random forest and Gradient
Boosting are chosen as base classifiers.

3.2. Selection of the meta-model

Logistic regression is a simple and efficient linear classification model with good interpretability
and robustness [15]. The main task of the meta-model is to integrate the predictions of the
underlying model. The weights (coefficients) of logistic regression can be regarded as linear weights
assigned to the predictions of each underlying model. By learning these weights, logistic regression
can dynamically adjust the contribution of the underlying model to the final prediction based on its
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performance on the validation set, effectively integrating the output of Gradient Boosting and
random forest. Logistic regression, as a linear model, complements nonlinear base models such as
Gradient Boosting and random forests. Gradient Boosting and random forests are good at capturing
complex nonlinear relationships and providing high-quality prediction probabilities. Logistic
regression focuses on linear combinations based on these probabilities, avoiding the introduction of
further complexity and thus improving the stability of the overall model [15]. Consequently, the
second layer uses logistic regression as a meta-learner.

4. Metrics---600
4.1. The area under the ROC curve

The optimized Blending Model achieves excellent classification performance by integrating the
prediction results of multiple base models. The performance of AUC = 0.9178 indicates that the
model has a significant advantage in the overall classification task and can reliably distinguish
positive and negative class samples.

ROC Curve for Optimized Blending Model
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Figure 3. ROC curve for optimized blending model
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4.2. Confusion matrix

Confusion Matrix for Optimized Blending Model
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Figure 4. Confusion matrix for optimized blending model

For Class 0, the number of True Negative (148) of negative class samples is significantly higher
than that of False Positive (9), indicating that the model makes fewer errors in recognizing negative
classes. This makes the model's performance on negative classes very reliable.

For Class 1, the high number of False Negative (36) of positive samples indicates that the model
fails to recognize positive samples effectively in some cases. However, 47 True positives indicate
that the model still has the capability to predict the Positive class.

4.3. Classification report

In terms of class 0, the model performs well in recognizing category Oandthe Recall rate reaches
0.94, indicating that most samples of category 0 are correctly classified. However, the precision for
class 0 is 0.80, indicating that although most class 0 samples are captured, a certain number of
negative class samples are misclassified as class 0. Overall, the F1-score of 0.87 for category 0 is a
high value, demonstrating that the model's overall performance in this category is excellent. In
contrast, the model does not perform as well in class 1 as in class 0. The accuracy rate of class 1 is
0.84, which indicates that the model has good accuracy in predicting class 1. However, the recall
rate is only 0.57, which means that a significant number of class 1 samples are not classified
correctly. This imbalance between accuracy and recall resulted in the Category 1 Fl-score being
reduced to 0.68. This difference may be related to an imbalance in the number of class samples -
there are significantly more samples in class 0 (157) than in Class 1 (83), making the model more
inclined to make correct predictions for class 0.
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Table 2. The result of the blending model

Model Precision Precision Recall Recall F1-Score F1-Score Overall
(Class 0) (Class 1) (Class 0) (Class 1) (Class 0) (Class 1) Accuracy
Blending 0.80 0.84 0.94 0.57 0.87 0.68 0.80
Model

Form table 3, we can clearly see the AUC of the Random Forest model reaches 0.9094, which is the
highest among all single models, indicating its strong classification ability. However, its test
accuracy is 0.7708, which is slightly lower than other models. The performance of XGBoost and
Gradient Boosting is very close, with test accuracy of 0.7917 and 0.7958, respectively and AUC of
0.8989, indicating that the performance of these two models is relatively balanced. The accuracy of
the Logistic Regression test was consistent with XGBoost (0.7917) and AUC (0.8999), which also
performed well. Blending Model performed best on the test set with a test accuracy of 0.8125, which
was significantly higher than that of all single models. Its AUC reached 0.9178, surpassing Random
Forest's AUC of 0.9094 and other models. This indicates that the Blending Model is stronger in the
overall classification ability and the ability to distinguish positive and negative samples.

Table 3. The result of the single models

Testing Accuracy AUC
Random Forest 0.770833 0.909447
XGBoost 0.791667 0.898933
SVM 0.758333 0.867738
Logistic Regression 0.791667 0.899931
KNN 0.775000 0.861945
Gradient Boosting 0.795833 0.898933
Decision Tree 0.754167 0.815402
AdaBoost 0.766667 0.880055

Blending Model 0.8125 0.9178
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ROC Curves for Models
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Figure 5. ROC curves for singel model

Compared with a single Model, the Blending Model effectively improves the test accuracy and
AUC by integrating the prediction results of multiple base models (Gradient Boosting and Random
Forest). This enhancement shows that the Blending Model combines the advantages of different
models and overcomes the limitations of a single model. Especially on the AUC index, the
performance of the Blending Model further strengthens its stability and its ability to distinguish
samples. In a single model, although the AUC of Random Forest is higher, its test accuracy is lower
and there may be some bias. The linear combination of the Blending Model reduces the impact of
similar problems through weight distribution.

Table 4. Comparison between a single model and a hybrid model

Model Precision  Precision Recall Recall F1-Score  F1-Score Overall  False Negatives
(Class0)  (Class 1) (Class0) (Class1) (Class0) (Class1) Accuracy  (Class 1)
Gradient 0.80 0.77 0.91 0.58 0.85 0.66 0.80 35
Boosting
Logistic 0.80 0.78 0.92 0.55 0.85 0.65 0.79 37
Regression
Random 0.77 0.79 0.94 0.46 0.84 0.58 0.77 45
Forest
Blending ¢, 0.84 094 057 0.87 0.68 0.81 36
Model

It can be seen from Table 4 that:

- Class 0 and Class 1 Performance:

The Blending Model achieves the highest Precision (Class 1) at 0.84, outperforming all single
models, indicating better accuracy in predicting positive samples.

Its Recall (Class 1) at 0.57 is better than Logistic Regression and Random Forest but slightly
lower than Gradient Boosting.

- F1-Score:
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The Blending Model's F1 Score (Class 1) is 0.68, the best among all models. It showcases
balanced performance in precision and recall.

For Class 0, the Blending Model also achieves the highest F1-Score at 0.87, indicating superior
performance in negative sample classification.

- Overall Accuracy:

The Blending Model achieves the highest overall accuracy at 0.81, surpassing Gradient Boosting
(0.80) and Logistic Regression (0.79).

-False Negatives (Class 1):

The Blending Model reduces the number of false negatives for Class 1 to 36, significantly better
than Random Forest (45) and comparable to Gradient Boosting (35).

The table clearly shows that the Blended Model outperforms single models in terms of Class 1
Precision, Class 1 F1 Score, and overall accuracy while maintaining competitive performance in
reducing false negatives for Class 1. By integrating the strengths of Gradient Boosting and Random
Forest, the Blended Model demonstrates superior overall classification performance.

This paper investigates stock movement trend prediction using daily trading data from AAPL,
proposing a prediction framework based on the Blending ensemble learning algorithm. Initially, the
single classification algorithm is used for prediction and the prediction effect of each algorithm is
analysed under the dimensions of AUC and the accuracy evaluation index. Then, the correlation
between each algorithm is comprehensively considered and the algorithm of "good but different" is
selected as the base classifier of the first layer of the Blending algorithm. Based on the principle of
combining models that are both effective and diverse, Gradient Boosting and Random Forest were
selected as the base classifiers in the first layer of the Blending framework. The predictions from
these base models were then used to construct a new dataset, which was further processed by a
Logistic Regression model serving as the meta-classifier to generate the final prediction.
Experimental results demonstrate that the Blending model, incorporating Gradient Boosting and
Random Forest as base learners and Logistic Regression as the meta-learner, achieves superior
performance in stock trend prediction compared to individual models.

To further improve the performance of the Blending model, the decision threshold can be
adjusted to improve the sensitivity to class 1 and capture more positive trend signals. Additionally,
incorporating class weighting during training could better address class imbalance by increasing the
penalty for misclassifying minority class samples. Expanding the feature set and applying feature
selection techniques may also help reduce noise and improve model efficiency.

In future work, the selection and combination of classifiers will be further discussed. This study
primarily focused on two classical algorithms; however, the inclusion of additional or more
advanced models as base learners could further enrich the Blending framework and improve
predictive performance.
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