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Abstract

In this study, a stock-outperformance prediction framework was developed using a comprehensive dataset of 150
NASDAQ-listed equities covering the period from 1962 to 2020. This diverse set of technical, price momentum-
oriented, dispersion-based and market-relative features was engineered to capture trend-following behavior and
systemic risk behaviors in financial time series. Four machine learning models were applied, the models that were
considered were-logistic regression, random forest, gradient boosting and XGBoost. These models were evaluated
using accuracy, F1-score and ROC-AUC metrics to assess their predictive capability. Experimental results indicate an
economic significance assessment that the price momentum-oriented, dispersion-based indicators were the strongest
predictors of short-term stock outperformance. On the other side, the market-relative features further improved the
model's discriminative performance. Among all the evaluated models, XGBoost achieved the highest overall accuracy,
Fl-score and ROC-AUC which indicated its effectiveness in modeling non-linear interactions and managing
correlated variables within high-dimensional financial data. The strategy produced positive risk-adjusted returns
which also highlighted that the model captures signals with original financial value rather than purely statistical
patterns. Overall, the findings illustrate the strong potential of machine learning techniques, particularly gradient-
boosted decision trees, because of their enhanced short-term stock outperformance prediction.
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I. Introduction

Financial markets are naturally complex systems marked by significant fluctuation arising from macroeconomic
factors, investor psychology, institutional conduct and technical trading dynamics. Traditional hypotheses claim that
stock prices follow to a natural cycle. However, some significant research indicate that this assumption is not entirely
valid in the real world. Research has shown that market returns-especially for small-capitalization companies, show
predictable patterns that are not random. These patterns can't be explained by infrequent trading or changing volatility.
These results show that financial markets have structures that can be used to make money, which opens the door for
quantitative modeling and data-driven forecasting methods.

Instead of trying to guess exact levels of prices, it's better to try to guess whether a stock will do better than the market
as a whole. From this viewpoint, the current study formulates a machine learning framework to forecast stock
outperformance over the next five trading days. The method combines engineered technical indicators, momentum
signals, volatility measures, volume dynamics as well as features that are relative to the market. The dataset contains
150 stocks from the NASDAQ exchange equities and 616,054 observations from 1962 to 2020, which means it covers
a wide range of market conditions. This study combines previous data on non-random behavior with modern machine
learning methodologies to assess the consistency of predicting short-term outperformance and the financial impact of
such forecasts.
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1.1 Objectives
Primary objectives of this study:
e To make a model that can predict if a stock will do better than the market in the short term.
To make features for prediction that are technical, momentum, volatility, volume and market-relative.
To compare different machine learning models based on their accuracy, F1-score, and ROC-AUC.
To find the most important factors that predict stocks will do better than the market.
To use a rule-based trading strategy and risk-adjusted returns to see how useful the model is in real life.

2. Literature Review

Predicting stock market behavior has been difficult due to the inherent noise, volatility and complex interplay of
economic and behavioral forces. Early foundational work in financial economics challenged the long-held Random
Walk Hypothesis. Lo et al. (1987) demonstrated that stock price movements, especially among small-cap stocks which
do not follow a purely stochastic process and that this deviation from randomness cannot be explained by infrequent
trading. The findings opened the door for systematic strategies built on identifiable market patterns and trends.

Among the most influential discoveries is the presence of momentum effects in asset prices. It is showed that buying
past winners and selling past losers generates significant positive returns over 3-to-12-month horizons, even if these
profits eventually dissipate in subsequent years (Jegadeesh and Titman 1993). Complementing this, Brock et al.
(1992) investigated technical trading rules, such as moving averages and trading-range breakouts which found that
buy signals consistently produced higher and less volatile returns than sell signals. These studies highlight the
predictive power of momentum and technical indicators by forming the conceptual basis for modern quantitative
trading models.

The integration of machine learning techniques has further transformed financial prediction. Fischer et al. (2017)
reported that long short-term memory (LSTM) networks outperform traditional classification models by capturing
temporal dependencies in stock returns. Gu et al. (2018) further demonstrated that machine learning methods including
tree-based and neural architectures are significantly improve the forecasting of asset risk premia compared to linear
regression-based approaches. Ensemble learning methods have shown particular promise. Chen and Guestrin (2016)
introduced XGBoost which is a scalable gradient-boosting algorithm capable of modeling complex nonlinear
relationships using fewer computational resources. This capability was reinforced by Zhang and Chen (2019), who
found that XGBoost achieves superior cumulative returns compared to Logistic Regression and SVM models in stock
selection tasks.

Beyond predictive accuracy, researchers have emphasized the importance of evaluating economic significance. Bailey
et al. (2015) introduced combinatorial symmetric cross-validation (CSCV) to address the problem of back test over
fitting which improving the reliability of trading strategy evaluation. Krauss et al. (2017) showed that deep neural
networks, random forests and gradient-boosted trees can achieve statistically significant arbitrage profits on the S&P
500, suggesting that machine learning models can exploit real-world inefficiencies rather than merely fitting noise.

Recent advancements continue to highlight the value of combining technical indicators with advanced machine
learning approaches. Sharma et al. (2024) demonstrated the effectiveness of XGBoost in forecasting stock market
volatility while Khan et al. (2023) reported enhanced accuracy through ensemble learning strategies. Similarly, Ifleh
and Kabbouri (2023) showed that incorporating feature selection techniques alongside deep learning improves stock
index prediction across global markets.

Collectively, these studies suggest that financial markets contain predictable structures at short horizons and that
machine learning is momentum-based indicators and gradient-boosted models offers substantial improvements in
forecasting performance. These insights support the use of advanced algorithms, such as XGBoost, for predicting
short-term stock outperformance and assessing the economic value of such predictions through rule-based trading
strategies.
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3. Methodology

3.1 Data Collection

Metadata and daily. The dataset was obtained from Kaggle, titled "Stock Market Dataset" by Jackson Crow. This
comprehensive dataset contains historical stock market data for NASDAQ-listed securities spanning
from 1962 to 2020. were gathered from separate CSV files (Figure 1).
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Figure 1. Overview of Market trend

Included in the final dataset are:
e 150 symbols for stocks
® 616,054 records in total
e Time frame: 1962-2020

3.2 Data Preparation

Some data pretreatment processes were required to ensure the integrity of the dataset before modeling. First, all
individual stock files were concatenated into an aggregated dataset. The dates were also made consistent, and the data
were sorted by stock symbol and time. Stocks were also filtered to ensure they had at least 100 valid trading days to
avoid noise. Null values were forward-filled.

The tails of the distribution of returns and momentum are trimmed in order to reduce the influence of outliers in the
dataset. These techniques gave a clean and consistent dataset for further feature engineering and modeling.

So, the steps that ensure that the dataset is consistent, clean, and ready for modeling are-
e Combine all stock information into a single dataset

Sorting by symbol and formatting dates.

Remove stocks where there are less than 100 observations.

Handling missing values using forward fill

Removing extreme outliers in returns and momentum

Time-series events should be ordered chronologically.

These steps result in the data being in a usable and clean state for modeling.

4. Case Study
4.1 Feature Engineering
A wide variety of indicators were created to measure stock behavior.
1) Price-Based Technical Indicators
e Daily return, price change, and price range
e SMA for 5, 10, 20, 50 days
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e Volatility deviates from the 20-day rolling standard.
e  Position relates to SMA20 (Figure 2).

Faature Distributions After Enginaering

aaily_return Distribmtion price_range Disfribution
e —— - Ve OCR0E — F - == Rdmai NS
i B i
(TR ' '
1 1
' '
1 1
! ERERH L !
ElRa : Li
P P
' LW F
= 1 o 1
FREERE i ]
= 1 [:4
H 1 E AN
i 1 i
i
AnnaG 1
i EEi
1
1
1
e i
EUETE 1 -
P
T WITF
a _.—.—n—n—lll_lll 1 '—H_I'In—u——.-._._._ o |I——'—|_|'H_H—h|.—.-.—-.—.—._.-._
ENS =y FTES s au ain [T wn HRE o
cally rowm pric: raTge
ri 14 Distribaution wolatility_20F Distribution
i . - 7 . .
agua H When BISEST BUKOE - Bdwes 20071
1
1
1
A '
! EINARH
1
il | |
FRIG =l i
il T LI
Fo 1 I~ =
et e i
5 1 g
5 i A
w 1 w
REFEE 1
1
1
1 ancy
RET !
1
1
1 - .
2077 ! —’»—’~ axs
1
‘
el : e :
a F 41 i e nu [ o m 1t El it
oL welzdble EU

Figure 2. Target Variable Analysis

2) Momentum Indicators
e Momentum (1 month, 3 months, 6 months)

These were included as major predictors.
3)Volume Indicators
e Moving averages of volume
e Z-score for volume
e Binary spike indicator for volume
4) Features Relative to the Market
e These depict a stock's behavior in relation to the market:
e Average close and return of the market
e Return on stock versus return on market
e Market volume versus stock volume
e  Outperformance metrics
In order to frame the prediction as a relative comparison rather than an absolute forecast, these characteristics were
essential.

4.2 Construction of Target Variables
To make the problem a classification task, a binary target variable was created to show whether a stock would

perform better than the market as a whole over the next five trading days. The target was defined as follows:

1=The stock is expected to return more than the market's average five-day return.
0 = The stock is not doing as well as the market average.

© IEOM Society International



Proceedings of the 8th IEOM Bangladesh International Conference on Industrial Engineering and Operations

Manaoement Dhaka Ranoladesh Decemhber 20-21 2025
Target Variable Analysis

311,489rget Class Distribution

(51.1%) 297,706 i
(48.9%) 60000

5-Day Future Returns Distribution

——- Mean: 0.0011

300000 -

50000 -
250000 A

200000 - 40000 1

30000 4

Frequency

100000 20000 1

50000 - 10000

04

Class 0 Class 1 . . -0.1 0.0 0.1
(Underperforms) {Outperforms) Future Return

Figure 3. Feature Distribution After Engineering

After calculating these future return comparisons for each valid observation, the final distribution of the target
variable was:

® 48.9% outperforming stocks (class 1)

® 51.1% of stocks that don't do well (class 0) (Figure 3)

This relatively balanced distribution supports more stable and reliable model training by making sure that the
classification model can learn well without favoring any one class.

4.3 Predictive Model Comparison

This study evaluated four widely used machine-learning algorithms Logistic Regression, Random Forest, Gradient
Boosting, and XGBoost—to determine their predictive performance on the given dataset. The results were assessed
using three core evaluation metrics: Accuracy, F1-Score, and ROC-AUC. These metrics collectively provide a
balanced understanding of overall correctness, performance on imbalanced classes, and discriminative ability.

. TP
Precision = ————
TP + FP
The simplest baseline model, Logistic Regression achieved an accuracy of 0.5492, an F1-Score of 0.1256 and a ROC-
AUC of 0.5314. The low F1-Score showed that Logistic Regression has difficulties with the minority class, which
was probably because the classes were not balanced and the decision boundary was linear.

TP
Recall = ————
TP +FN
The Random Forest classifier performed quite better on the F1-Score (0.3864) which meant that combined learning
may help it make better predictions for the minority class. Its accuracy (0.5468) and ROC-AUC (0.5461) were still
low, which meant that Random Forest could find some non-linear relationships but it might still have problems with
feature variability or data imbalance.

Precession X Recall
F1—Score =2 X

Precession + Recall

Gradient Boosting showed slightly better overall (0.5529) and ROC-AUC (0.5534) than the first two models. The F1-
Score (0.1994) was still pretty low, which indicated that it failed to perform very well at precision-recall even though
it was better at ranking. This means that the model was learning more subtle patterns, but it still had difficulties
producing strong positive-class predictions.
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TP+ TN
TP+TN+FP+FN

Accuracy =

Among all models, XGBoost demonstrated the highest performance across all metrics. It achieved the best accuracy
(0.5567), the second-highest F1-Score (0.3772) and the strongest ROC-AUC (0.5669). These results reflect
XGBoost’s robustness in capturing complex, non-linear interactions and handling imbalanced datasets more
efficiently due to its regularized boosting framework.

Overall, XGBoost emerged as the most effective model for this predictive task, followed closely by Random Forest
in terms of F1-Score. Logistic Regression and Gradient Boosting provide limited improvements and may require
further tuning or data preprocessing strategies. Given these findings, XGBoost was recommended for final model
deployment, subject to additional hyperparameter optimization and validation.

4.4 Graph Descriptions and Insights

a. The correlation Technical Indicator Heatmap

This heatmap shows how common technical indicators like daily return, RSI, MACD, volatility and the price relate to
SMAZ20. There are not that many strong correlations between the features with each other, which can be beneficial for
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Figure 4. Heatmap Correlation Indicators.
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machine learning because it shows(Figure 4) that each feature gives different information. Even though they don't
show duplicate data, a few moderate correlations (like RSI vs. price_vs_sma_20) do show how the market is expected
to behave. The indicators give the model a lot of different feedback that helps it develop greater detail.

b. RSI Distribution by Prediction Outcome

The boxplot shows the RSI values of stocks are classified into
two  distributions based on the performance -
underperforming (0) and outperforming (1). Even though the
two distributions are very similar, the median RSI for
outperforming is the stocks is slightly higher, which suggests
that stronger performers tend to have higher RSI levels. Butthe .,
overlap makes it clear that RSI alone is not enough to reliably
tell the difference between categories of stock performance.

00

z

Rl value

This aligns with previous findings that individual technical
indicators often don't have much predictive power on their =
own, but they become more informative when they
are combined with other features in systematic trading models.

So, RSI gives useful information about direction, but it is much . .
more effective in predicting when it is used with other features s it LA
(Figure 5). Figure 5. RSI Distribution by Prediction Outcome

¢. The Average Daily Return of the Top 10 Performing Stocks

The stocks with the highest average daily returns throughout the dataset are highlighted in this bar graph. Some
symbols performed better than others on a regular basis. The inclusion of momentum-based predictors (e.g., 1 month,
3 months, and 6 months momentum) It is validated by the historical strong momentum of some stocks.

5. Risk—Return Scatter Plot

The average daily return of each stock is plotted against its
average volatility. According to the traditional risk-reward
relationship, stocks with greater volatility typically show
higher potential returns. Features based on volatility, such
as volatility 20 and volatility ratio, contain useful
predictive data (Figure 6).
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In financial markets, outperform events are more unpredictable, which leads to this asymmetry. Although XGBoost
is able to identify patterns in the data, it still has trouble with the naturally noisy out-of-the-ordinary category,

which is common in stock prediction tasks. The XGBoost model achieved the highest ROC-AUC, which is 0.5669,
and the best balance of metrics overall.

The confusion matrix shows that the model performs strongly in identifying class 0, correctly classifying 83,346 cases,

but struggles significantly with class 1, misclassifying 70,000 actual positive instances as negative. This imbalance
indicates that the model has learned patterns favoring the majority class, leading to a high false-negative rate that

© IEOM Society International



Proceedings of the 8th IEOM Bangladesh International Conference on Industrial Engineering and Operations
Management, Dhaka, Bangladesh, December 20-21, 2025

severely impacts recall for class 1. Although the overall accuracy may appear reasonable, it is misleading because the
model fails to detect a substantial portion of the minority class. This behavior is typical in datasets with class imbalance
or insufficient signal for the positive class, justifying the need for further model tuning, rebalancing techniques, or
threshold adjustment to ensure more reliable detection of class 1.

6. The Best Model: XGBoost

XGBoost outperforms in this dataset because it can naturally describe the nonlinear interactions found in stock
movements, where momentum, volatility, and market-relative variables interact in complicated ways. When working
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Figure 7. XGBoost Confusion Matrix

with extremely noisy financial data, its built-in regularization techniques such as shrinkage, tree trimming, and L1/L.2
penalties help prevent overfitting. By automatically identifying and highlighting the most informative features,
XGBoost also efficiently manages high-dimensional and related indicators, even when several indicators have the
same meaning (Figure 7).

Ultimately, the model demonstrates exceptional generalization on time-series data that has never been seen before,
obtaining the best ROC-AUC and balanced performance across both classes, demonstrating its ability to identify subtle
but significant prediction patterns.

The XGBoost model's accuracy in classifying the two

classes is displayed in the confusion matrix:

True Negative (0 — 0): 78,029
False Positive (0 — 1): 23,106
False Negative (1 — 0): 58,789
True Positive (1 — 1): 24,798
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Based on these values, the model performs much better at identifying underperforming stocks (class 0) than
outperforming stocks (class 1). Because outperforming events are more difficult to identify due to noise and
randomness, this behavior is typical in financial prediction problems (Figure 8).
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The model consistently identifies underperformers, as evidenced by the high class 0 accuracy (= 77%). Outperforming
stocks are more unpredictable as evidenced by the lower class 1 accuracy (= 30%). Due to the inherent difficulty of
identifying consistent outperformers, the imbalance in detectability is a reflection of real market behavior.

7. Top 10 Features — XGBoost

The feature importance visualization highlights the top predictors contributing to the XGBoost model’s classification
decisions. The most influential variable is Feature 26 with an importance score slightly above 0.10, making it more
than twice as impactful as many of the remaining features. This is followed by Feature 0 (~0.07) and Feature 21

(~0.06) which form the next level of influential predictors. A middle group that consists of Features 25, 23, 32, 22 and
24 exhibits moderate importance scores ranging from 0.035 to 0.045. Although Features 16 and 33 are ranked lower,
their contribution values of approximately 0.03 indicate that they still provide meaningful information to the model.

Overall, the distribution of importance scores shows that the model relies heavily on a compact subset of strong
predictors, likely capturing key financial signals such as price momentum, volatility characteristics or market-relative
indicators.

At the same time, the presence of multiple mid-tier features underscores XGBoost’s ability to extract predictive value
from a broad and diverse feature set rather than depending on a single dominant variable. This behavior aligns with
XGBoost’s known strength in modeling subtle interactions and nonlinear relationships within high-dimensional
financial datasets.

8. Analysis of Key Predictive Features

The feature importance analysis shows that the model depends a lot on a mix of momentum, volatility, and market-
relative indicators to predict which stocks will do better in the future. The market close, 6-month momentum, and the
volatility ratio were the best predictors. The 20-day volatility, 3-month momentum, and relative position to the market
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were also good predictors. Technical indicators like price vs. SMA20, MACD, and RSI (14-day) were also important.
This shows that both trend-based and technical-strength signals can
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Figure 9. Advanced Feature distribution

give useful predictive information (Figure 9). Overall, the fact that features related to momentum and volatility are
the most important ones fits with what we already know about finance, which says that trend following behavior and
risk dynamics are the main factors that affect short-term market performance.

9. Economic Significance Evaluation

To determine if the model's predictions actually lead to real financial gains, we ran an economic significance test using
a straightforward trading strategy. This strategy only takes a long position when the model predicts a high probability
(over 0.6) of future outperformance.

We then compared the returns from this portfolio to an equal-weighted market benchmark. Although the cumulative
return values show as nan% because some early historical periods lack future-return data, the strategy achieved a
Sharpe Ratio of 1.2619, which suggests it performed well when adjusting for risk.

The graph that accompanies this analysis shows the cumulative returns of both the strategy and the benchmark over
time. While the benchmark stays pretty flat, the model-driven strategy takes off sharply in the later years, highlighting
the times when the model successfully spotted opportunities to beat the market.

Even with some challenges in calculating returns, the overall shape and separation of the curves indicate that the model
is picking up on economically significant signals rather than just fitting random statistical patterns. This underscores
the real-world importance of using predictive modeling in financial decision-making.

10. Conclusion
This study developed a comprehensive system designed for predicting short-term stock outperformance by utilizing a
large data set from 1962 to 2020 in a time zone along with a varied collection of customized financial features. The
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results indicate that price momentum and volatility-based indicators were essential for calculating the probability of a
stock outperforming market performance in the short term. After adding market-oriented indicators like- assessments
to index fluctuations and trade performance, the model became much better at forecasting outcomes by giving it
valuable data about the overall market environment.

Among all the analyzed machine learning models, XGBoost excelled in overall performance. It is especially good for
predicting in financial time series as it can identify irregular patterns, deal with correlated indicators well and
generalize throughout periods of time. A simple trading experiment was conducted to evaluate its practical
significance. The strategy generated significant returns adjusted for risk, indicating that the model's predictions
provide economically beneficial suggestions rather than only statistical changes. When it comes to making
investments and trades the results demonstrate toward the recommended system's capacity for helping people make
decisions based on statistics.
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