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1. INTRODUCTION

The Stock trading in financial markets offers significant potential for financial gains; however, the
inherent complexity of stock behaviour demands comprehensive analysis [1]. Prior research has demonstrated
that the Opening Range Breakout (ORB) strategy can yield substantial returns, with net gains exceeding 1600%
when applied to highly traded stocks [2]. In this context, predictive models based on machine learning have
emerged as valuable tools for identifying breakout events in stock markets.

Recent studies have highlighted the superior performance of Support Vector Machine (SVM) models
in detecting stock breakouts compared to other machine learning approaches [3], [4], [5]. Concurrently, the
Random Forest (RF) algorithm has proven effective in forecasting long-term trends [6]. Despite these
advancements, previous investigations have predominantly relied on technical indicators, thereby overlooking
the potential benefits of incorporating fundamental data—such as net income and Earnings Per Share (EPS)—
which provide a broader contextual understanding of price movements [7].

The United States stock market, characterized by its sustained efficiency even during periods of high
volatility, presents an ideal environment for data-driven approaches. High daily trading volumes—such as the
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approximately 8.26 billion shares traded on NASDAQ on November 11, 2024, with a transaction value of
around $359.27 billion—further underscore the suitability of this market for rigorous empirical analysis [8],
[9]. Tesla, Inc. (TSLA) is selected as the focus of this study due to its impressive financial performance and
pronounced price volatility [10], [11].

This research focuses on the identification of breakout events in TSLA stock using an SVM
framework. The proposed model integrates not only technical indicators—including Average True Range
(ATR), Bollinger Bands Width, Relative Strength Index (RSI), and Moving Average Convergence Divergence
(MACD)—but also fundamental financial data and long-term trend predictions derived from the RF algorithm.
The integration of fundamental data and RF predictions is expected to enhance the accuracy of breakout
detection, thereby providing a more robust tool for investors and contributing to the academic literature on
stock prediction.

In summary, this study aims to address the following research questions:

1. What is the impact of including fundamental data on the accuracy of SVM models for detecting stock
breakouts?

2. How effective is the integration of long-term trend predictions from the RF algorithm as an additional
feature for SVM models in breakout identification?

By leveraging a systematic approach based on the Sample, Explore, Modify, Model, Assess
(SEMMA) methodology, this research seeks to develop a comprehensive predictive framework that effectively
captures the multifaceted dynamics of stock price movements.

2. METHOD

This study applies the Sample, Explore, Modify, Model, Assess (SEMMA) framework to
systematically guide data analysis and model construction, given its recognized flexibility in handling both
technical and fundamental stock variables [12], [13]. By structuring the research under SEMMA, the
methodology ensures that data sampling is performed efficiently, exploration uncovers critical insights,
modification refines features, modeling applies a chosen predictive algorithm, and assessment gauges the
resulting performance against relevant metrics [14].

Figure 1 presents the application of the SEMMA methodology (Sample, Explore, Modify, Model,
Assess) to the analysis of Tesla stock data. In the Sample phase, daily stock data of Tesla shares traded on the
U.S. stock market are selected. The Explore phase involves a comprehensive analysis of technical and
fundamental data to discern patterns and trends associated with stock breakout behavior. During the Modify
phase, additional features, such as long-term trend predictions using Random Forest and the integration of
fundamental data, are incorporated to enhance the dataset. In the Model phase, a Support Vector Machine
(SVM) is employed to detect breakout events by combining technical and fundamental characteristics. Finally,
the Assess phase focuses on evaluating the model's performance, with particular emphasis on the accuracy of
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2.1. Sample

Data were collected from daily Tesla (TSLA) stock records between November 15, 2019, and
November 14, 2024, emphasizing representativeness in the sampling process. The chosen timeframe coincides
with the maximum retrieval capacity of the Alpha Vantage API for fundamental data, ensuring a
comprehensive view of Tesla’s performance. Each record comprises date, open price, high price, low price,
close price, and trading volume. Missing or anomalous values were addressed using statistical detection
methods such as z-score and interquartile range (IQR) analysis, followed by linear interpolation to preserve the
continuity of data [15].

2.2. Explore

Data exploration centered on identifying patterns within technical indicators and fundamental
variables that could signal potential breakout events. Technical indicators included Average True Range
(ATR), Bollinger Bands Width (BB_Width), Relative Strength Index (RSI), and Moving Average
Convergence Divergence (MACD). Fundamental attributes encompassed net income and Earnings Per Share
(EPS), supplemented by the calculation of percentage changes (pct_netincome and pct_eps) [16], [17]. A
breakout was labeled if the closing price on a given day exceeded the highest price recorded during the
preceding ten trading days [3]. This phase also entailed detecting outliers and investigating correlations among
variables to improve feature selection.

2.3. Modify

Feature engineering was conducted by adding a 90-day trend forecast from a Random Forest (RF)
model trained on open, high, low, close, and volume data. This forecast was encoded as a binary variable
(rf_pred_up_90d) to signify expected upward price movement or otherwise [6]. All numerical inputs were then
normalized via StandardScaler to ensure that the SVM model treated each feature on an equivalent scale, thus
enhancing separation in the high-dimensional feature space [13]. The integration of fundamental metrics
enriched the technical analysis, thereby facilitating a more comprehensive understanding of Tesla’s corporate
performance and its consequent impact on share price movements.

2.4. Model

The core predictive engine was constructed using Support Vector Machine (SVM), selected for its
efficacy in detecting breakout patterns [3]. Configured with the Radial Basis Function (RBF) kernel, the SVM
model leverages parameters such as gamma (0.1) to regulate the influence radius of single data points and nu
(0.05) to set the proportion of outliers permissible in the training process. By combining technical indicators,
fundamental variables, and the RF-generated trend feature, the resulting SVM sought to capture both short-
term market fluctuations and longer-term performance signals.

2.5. Assess

Evaluation of the predictive model was conducted using performance metrics such as accuracy,
precision, recall, and Fl-score, which have been widely recognized for assessing the reliability of stock
breakout predictions [18]. Accuracy, defined as the proportion of correct predictions, served as a general
indicator of model performance and was particularly important when evaluating datasets with relatively
balanced class distributions [19]. Precision measured the correctness of the positive breakout signals, while
recall gauged the model’s ability to detect all actual breakout events; the F1-score, as the harmonic mean of
precision and recall, provided a balanced assessment especially in contexts with imbalanced data [20], [21].
Comparative testing was performed across three different approaches: a technical-only model, a hybrid model
that integrated both technical indicators and fundamental data, and a fully integrated model that also
incorporated a 90-day trend prediction derived from a Random Forest algorithm. In line with prior research,
the consistency and stability of the model behavior were examined to determine whether the addition of
fundamental data and the RF-derived trend feature enhanced the predictive capability or instead introduced
additional noise, thereby affecting the detection of breakout events [6].

Table 1. The Performance of SVM Breakouts Detection

Model Accuracy Precision Recall F1-Score
Technical data only 0.89 0.08 0.03 0.04
Technical and fundamental data 0.89 0.18 0.05 0.08
Technical data, fundamentals, and RF prediction 0.89 0.13 0.04 0.06

This table indicates that although the overall accuracy remains unchanged, the incorporation of
supplementary data—such as fundamental data and RF predictions—can lead to improvements in other
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evaluation metrics, namely precision, recall, and F1-score, which are pertinent in the context of breakout
prediction. Nevertheless, the SVM model that integrates RF predictions shows a decline in performance
regarding precision, recall, and F1-score compared to the model augmented solely with fundamental data.

3. RESULT AND DISCUSSION

The predictive models developed in this study were evaluated on a daily Tesla (TSLA) stock dataset,
focusing on three primary approaches: using only technical data, combining technical and fundamental data,
and further incorporating the Random Forest (RF) long-term trend feature. All three approaches yielded an
accuracy of 0.89, indicating that the models performed consistently in correctly classifying a substantial portion
of the data overall. However, the key metrics for assessing breakout detection—namely precision, recall, and
F1-score—displayed notable variation across the three approaches.

Comparison of Model Evaluation Metrics

= pccuracy
precision

= Fl-Score
— pecall
0.8

Technical Gnly Technical + Fundamental Technical + Fundamental + RF

Figure 2. Comparison of Evaluation Metrics Across Predictive Model Variants

3.1. Performance of Technical Indicators and Impact of Fundamental Data in Breakout Detection

In the first approach, which employed only technical indicators such as Average True Range,
Bollinger Bands Width, Relative Strength Index, and Moving Average Convergence Divergence, the model
exhibited a precision of 0.08 and a recall of 0.03. These results reveal that although the accuracy was high, the
model’s ability to correctly identify actual breakouts remained limited, as evidenced by a low F1-score of 0.04.

Figure 2 further depicts this limitation by showing that, between September 2, 2020, and several
months thereafter, the SVM model based exclusively on technical data failed to detect any breakouts in the
observed period, even though there were several significant upward price movements. This outcome
underscores the model’s inadequacy in recognizing genuine breakout patterns during that time frame. The
deficiency is primarily attributed to the model’s reliance on technical indicators that are insufficiently sensitive
to certain price movements, thereby impeding its ability to capture critical signals of a breakout.
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Figure 3. SVM Breakout Identification Chart only with technical data

The second approach, which integrated fundamental information (net income and Earnings Per
Share) into the technical indicators, improved the precision from 0.08 to 0.18, representing a relative increase
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of 125%, indicating a significant improvement in the model's ability to classify breakout events. However, the
recall value remained at 0.05, indicating that while fewer false positives emerged, the model still struggled to
capture the total number of true breakouts.

The chart in Figure 3 demonstrates that with the integration of both technical and fundamental data,
the SVM model is able to detect more breakouts compared to the model that uses only technical data. This
improvement shows that fundamental data, such as net income and EPS, provides additional information that
strengthens the model’s capability to identify significant stock price movement patterns. However, there are
still some misses in breakout detection, especially in price areas reaching all-time highs. This occurs because
the model tends to assume that a new highest price always constitutes a breakout, even though in some cases
the price movement is not followed by a pattern that truly reflects a breakout. This issue indicates that, although
the integration of fundamental data is beneficial, the model still needs to be refined to recognize more complex
patterns and reduce erroneous assumptions.
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Figure 4. SVM Breakout Identification Chart with the Integration of Fundamental Data

3.2. The Impact of Random Forest Long-Term Trend Predictions

When the Random Forest long-term trend feature was added to the technical and fundamental inputs,
the model’s precision declined from 0.18 to 0.13, representing a relative decrease of 27.8%, and the recall
dropped from 0.05 to 0.04, representing a relative decrease of 20%. This decline suggests that the simplistic
binary encoding of the RF trend prediction introduced additional noise, reducing the model’s capacity to
consistently detect true breakouts. Although the model became more conservative in labeling potential
breakout points, this greater caution did not translate into an overall improvement in predictive performance,
as evidenced by a lower F1-score of 0.06 compared to the 0.08 achieved by the technical-plus-fundamental
model.

SVM model becomes more selective on detecting breakouts, as evidenced in Figure 4. Some breakout
points that were detected by previous models, such as in the January 2023 area, are no longer identified by the
model. This indicates that the model has become more cautious in declaring a breakout, due to the additional
information from the 90-day trend prediction provided by the Random Forest. However, this approach also
results in a decrease in precision, as the model begins to lose the ability to consistently detect valid breakouts.
Although the model becomes more vigilant against false breakout signals, this increased selectivity actually
introduces noise that diminishes precision in breakout detection.
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Figure 5. SVM Breakout Detection Chart with the Integration of the Random Forest Trend
Prediction Feature

3.3. Limitations of Accuracy in Minority Class Evaluation

Despite the observed discrepancies in precision and recall, the uniform accuracy of 0.89 across all
approaches highlights the importance of looking beyond a single evaluation metric, particularly when the event
of interest (i.e., breakout) occurs relatively infrequently. A high accuracy can mask poor performance on such
minority classes, underscoring the need for metrics that more directly capture the model’s discrimination
capacity. In this context, the integration of fundamental data proved beneficial by adding contextual richness
to price movements, although the incorporation of long-term trend predictions did not yield an equivalent
advantage. These findings align with existing literature suggesting that while machine learning techniques can
enhance breakout detection, data representation and feature engineering remain critical to achieving robust
performance.

Overall, the results illustrate both the promise and the limitations of using combined technical and
fundamental data within a Support Vector Machine framework. Fundamental data integration improved
precision, whereas the Random Forest-based feature did not deliver a tangible increase in predictive quality,
likely due to the binary nature of its implementation. Future research could explore alternative representations
of the RF output, such as confidence intervals or probabilistic values, to reduce noise and capture more nuanced
trend information. By refining breakout definitions and incorporating broader data sources—potentially
including macroeconomic indicators, market sentiment, and multi-timeframe analyses—the model may
achieve higher recall rates and better generalization to other stocks or market conditions.

4. CONCLUSION

This research investigated how integrating fundamental data and Random Forest (RF) long-term
predictions within a Support Vector Machine (SVM) framework could enhance the detection of breakout
events in Tesla (TSLA) stock. Although all tested models—technical only, technical plus fundamental, and
technical plus fundamental plus RF—achieved a uniform accuracy of 0.89, notable differences emerged in
their ability to correctly identify breakout instances. Incorporating fundamental variables (net income and
Earnings Per Share) substantially improved precision from 0.08 to 0.18, underlining the value of augmenting
technical analysis with corporate performance data. However, the binary RF-based feature did not produce a
corresponding benefit, as its inclusion introduced noise that reduced precision to 0.13. These findings
demonstrate the need to go beyond simple accuracy metrics when assessing stock breakout models, given the
relative rarity of breakout events. Additionally, they highlight the potential of fundamental data to provide
meaningful context for technical signals, as well as the importance of careful feature engineering for long-term
trend forecasts. Future work can refine the RF prediction feature by using probabilistic outputs instead of binary
labels, extend the dataset to include macroeconomic indicators or sentiment analysis, and perform more robust
parameter tuning to address the persistent challenge of low recall.

Integration of fundamental data such as net income and Earnings Per Share (EPS) is proven to increase
the precision of the SVM model in detecting TSLA stock breakouts. The technical data-based model alone has
a precision of 0.08, while with the addition of fundamental data, the precision increases to 0.18. This suggests
that the fundamental data provides a richer context to the stock price movement, so the model can reduce false
breakout predictions. However, recall remains low, the overall accuracy of the model has not shown a
significant improvement.
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The addition of long-term trend prediction (90 days) from the Random Forest algorithm does not
provide a significant performance improvement to the SVM model on TSLA stocks. Precision of the model
actually decreased from 0.18 to 0.13 when Random Forest prediction results were added in the SVM model
for breakout identification. This indicates that the additional trend prediction feature from Random Forest
introduces noise or less relevant information. Therefore, there is a need to re-evaluate the way the Random
Forest prediction features are represented in the SVM model. One approach that could be considered is to use
the probability or confidence index of Random Forest predictions as a feature for the SVM model in breakout
identification, instead of binary values (1 and 0) to ensure the information added is more meaningful and
relevant to breakout identification.
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