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Abstract. In recent years, machine learning has gained substantial traction in fi-
nancial markets, particularly in predicting stock prices and optimizing investment
portfolios. Traditional methods for stock prediction, such as fundamental and
technical analysis, have limitations in capturing complex market patterns. This
study explores the application of the Random Forest model in stock price predic-
tion and portfolio optimization using NASDAQ-100 constituent stocks. By com-
bining return predictions from the Random Forest model with Monte Carlo sim-
ulations for portfolio construction, the research aims to create portfolios that
maximize returns while maintaining controlled risk levels. The results indicate
that the constructed portfolios significantly outperformed the NASDAQ-100
benchmark in annualized returns, though they exhibited higher volatility and risk,
particularly during market downturns. While the machine learning approach per-
formed well in normal conditions, certain limitations became evident during ex-
treme market environments. Future research could address these issues by incor-
porating broader diversification and more advanced risk management techniques
to enhance portfolio stability.
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1 Introduction

In the current years, the financial markets are really complicated, and traditional asset
pricing models are losing their flexibility to handle the situation due to their linearity.
Consequently, the research has found synergy with machine learning techniques,
particularly non-linear models like random forests, for conducting studies to improve
the accuracy of stock price forecasting. While data abstraction and invariant feature
learning and further analysis of the very relationships are increasingly being
supported by machine learning models, this is also true for financial markets and the
relevant strategies. Hence, research on machine learning for stock price prediction and
optimum portfolio formation is increasingly growing as a relevant theme on finance
research.
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Earlier studies have depicted the applicability of artificial intelligence in stock
trading. Heaton et al. highlight the opportunities that arise from deep learning
applications in financial markets, emphasizing complex models that outperform
others in the prediction of asset pricing [1]. Moreover, as problem discoverers who
sought to understand the efficiency of the machine learning models over the
traditional regression techniques, Gu et al. examined the performance of the machine
learning models on various asset classes [2]. However, a majority of the studies
investigate the role of Machine Learning (ML) algorithms in stock price forecasting
[3-5], but it is quite usual that the exact application of such predictions in the area of
portfolio optimization is frequently left out. The construction of the portfolio involves
more than just the forecasting precision. It also requires a specific set of risk
management and negotiating flexibility skills to be upheld during the dynamic
modulations. Empirical research has not been conducting practical studies in which
the effective integration of the machine learning forecasts with the asset allocation
strategies, especially in the highly volatile market environments, and the quick
flexibilities of the optimization models are the main points of the study.

The major research of the study is aimed at discovering how machine learning
techniques, particularly using the random forest model, is functioning in the process
of Nasdaq 100 stock constituent price forecasting, employing the empirical research
and the portfolio optimization in conjunction with the Monte Carlo simulation. This
research study not only aims at predicting stock price more accurately than earlier
studies, but also goes beyond that to incorporate the practical operation of
constructing efficient portfolios based on the forecasting outcome. The risk-
adjustment level as well as the dynamic adjustment of the portfolio in the market,
which was earlier discounted in some studies, turns out to be the visible contribution
of the present research work.

2 Method

2.1 Dataset Preparation and Preprocessing

The data for this study was collected from two reputable sources: Yahoo Finance and
iFund. The data covers a timeframe from 2010 to 2019, composed of 100 stocks that
constitute the NASDAQ-100 index. Yahoo Finance contains stock-related data such
as historical opening and closing stock price. Other fundamental data such as net
income, revenue, Return on Equity (ROE) for each company across different years, is
mainly gained from iFund. Earnings data comprise of varied financial information
like daily opening and closing prices, profits, yearly operating revenues, total debts,
total assets, and ROE. Furthermore, this set of corporate financial data included such
coping metrics as revenue growth rate, net profit growth rate, debt ratio, and operating
margin to obtain the overall financial state and effectiveness of companies.

The target variable in the research was the stock’s quarterly price, which were
achieved from the daily stock prices. The essential fundamental factors turned to
features for the predicting model involved different types of indicators such as Net
Profit Margin and Revenue Growth. Other technical factors were also included stock
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price, stock volume and volatility (252-days), which collected historical stock prices
to contribute to the prediction of current performance. The collected dataset has been
preprocessed to guarantee that the resulting one is clean and suitable for machine
learning analysis. Data imputation was done for missing data, and the test-set was
split into training and test datasets. This split ensured that 80% of the data was used
for training the model (namely 2010-2017), and 20% was reserved (2018-2019) for
testing. As a result of this separation, it is possible to evaluate the model on data that
it has never been exposed to, and thus prevent it from learning the irrelevant artifacts
in the training data set.

2.2 Stock Price Prediction

The Random Forest algorithm was selected for stock prices prediction as it is a robust
and accurate model for dealing with high-dimension financial data [6-8]. The Random
Forest is an ensemble algorithm that works because it consists of a collection of
decision trees that each were trained with a different complementary dataset. Decision
trees are used for predicting outputs of the model in the case of regression problems
or stock returns and volatilities. Imported averaging the results of the decision trees
help avoid overfitting the individual decision trees and thus create a more
representative final model, which will reduce the error term. In this study, Random
Forest model is used to forecast quarterly stock returns and volatility of Nasdaq 100
Index constituents over the period 2010 to 2019. The model is subjected to rigorous
hyperparameter tuning and training with the aim of improving the prediction of stock
performance. The Random Forest model has been widely used in finance, especially
excelling in dealing with high dimensional data and non-linear features [2].
Hyperparameter tuning was performed to reduce the model from overfitting. Some
of the main hyperparameters of a Random Forest model are: 1) n_estimators: The
usual number of decision trees in the forest. After many runs, this study opted for 135
trees, which in the end gave the proper mix of prediction correctness and
computational efficiency. 2) max_depth: Maximum possible depth for trees in groups.
This paper sets the depth of 20, which is the best choice as it gives a chance to models
hierarchy without overfitting. 3) random_state: Seated as 42 to make the outcomes
reproducible. Through the usage of the train model function, the Random Forest
model was trained on the training set data. The function that split the dataset into
training and testing data set and fitted the model on this training data and predicted on
the testing data was run. To give an assessment whether the model is accurate in
predicting stock returns and volatility, the Mean Squared Error (MSE) as well as R?
score was used.
2.3  Portfolio Optimization

For the construction of the portfolio, the portfolio is strived to reach highest returns
with minimum risk. Thus, the method of the Monte Carlo simulation was employed to
create lots of portfolios with varying compositions of asset proportions. Monte Carlo
simulation is a computational algorithm that uses repeated random sampling to
estimate the probabilities of different outcomes [9, 10]. In portfolio optimization, it
helps generate a large number of possible portfolios by varying asset weights,
allowing the identification of the most efficient portfolio that maximizes returns while
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minimizing risk. The key to the portfolio optimization lies in the efficient frontier
identification - such set of portfolios offer the highest possible expected returns for a
desired level of risk. Thus, this work was done by decreasing the weight of costly
stocks in the portfolio as well as by reducing overall risk of the holdings in other
undervalued stocks. The goal of this optimization was to maximize returns while
adjusting volatility within a reasonable framework as that was derived from the
Random Forest model. A threshold of volatility would be set up, enabling
optimization of returns and balancing risks, making the portfolio risk adjusted.

By running the Monte Carlo simulation experiment, a wide range of portfolios
were generated by adjusting the allocations made in the previous experiment. In each
simulation, a unique set of weights was applied to the 10 top-scoring stocks identified
by the Random Forest method. Ultimately, the portfolio selected belonged to the
efficient frontier and had the highest expected returns, while keeping the volatility
below the preset threshold. On a quarterly basis, the final portfolio was adjusted
according to the recalibrated returns and volatilities. These adjustments allowed the
model to remain flexible to market shifts, continuously ensuring that the portfolio
stayed in line with the preset risk tolerance and target return.

2.4  Backtest

The research backtesting framework, built on the basis of the NASDAQ 100 Index
ETF, spans the given period. The backtesting period is from January 1st, 2018to
December 31st, 2019. The real stock prices of the given portfolio's components were
tested in a given period. The Nasdaq 100 ETF was chosen as the portfolio includes
stocks where the stock selection strategy is based on the construction of the
constituent stocks of the Nasdaq 100 Index and its goal is to outperform the Index.
The NASDAQ 100 ETF functions as a tradable representation of the index and thus
the performance of the NASDAQ 100 Index is mirrored by the ETF unit prices. In
this sense, the portfolio that nicely fits with this role is the most liquid, easy to imitate,
and flows directly back to the research performance relative to the market. Therefore,
this strategy is measured against the benchmark. The index fund is assumed to be a
passive index fund whose returns are equal to market returns, which is the index
fund's performance measure against which the strategy is being evaluated.

Hence, the choice of key performance risk metrics is critical in order to fully
evaluate the portfolio performance. 1) Annualized Return, which is a ratio that
measures the portfolio performance to the benchmark in the backtesting period. 2)
Volatility as the measure of the risk given that the annualized portfolio volatility
reflects the level of diversification. 3) Maximum Drawdown (MDD), which captures
the highest level of downside capitalization during drawdowns, that is when the
market is bearish. The calculation of this drawdown key performance indicator (KPI)
assumes that there are 252 trading days in a year. 4) Sharpe Ratio is the metric that
combines both the return and risk to assess the portfolio's return per unit of risk.
Hence, it provides a more thorough feature that includes the measure of the portfolio's
return and risk characteristics, and then serves the same function of the optimality
determination.
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3 Results

3.1 The Performance of Stock Price Prediction

The Random Forest model achieved a remarkable convergence exercise by providing
very precise predictions regarding the policy impact of the investment, in relation to
the quarterly objectives followed by the returns. The model's R? value measured on
the test set reaches 0.78. This finding proves the Random Forest ability to conquer
problems of a high dimension and non-linearity. For a more quantitative measurement
of the model's forecasting efficacy, Mean Square Error (MSE) is applied. The MSE
value obtained for the model when tested on the test set was 0.015, implying a low
prediction error.

The figure representation under Fig. 1 shows the exchange of the predicted and
actual values of the model. The model yields a consistent curve of forecasted stock
returns that demonstrates a high correlation and coincidence between the actual
returns curve of the period over most of the time. However, the model error increases
under certain extreme market conditions, such as during the fourth quarter of 2018
when the market was highly volatile. Notwithstanding that, the Random Forest model
has much to capture the broad direction of stocks' returns under the usual market
development.
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Fig. 1. The performance of the model on train and test set (Photo/Picture credit: Original).

Not forgetting about the residuals, the error prediction is mainly low value,
showing that moderately volatile stocks are predicted better by the model most of the
time, followed by slight increase in the residuals of standard deviation against the
extreme volatility. This observation implies that the model can make more precise
predictions under the prevailing market conditions, but just a step behind it in
predicting the extreme volatility and major market events.

A key goal of this study is volatility forecasting that, in turn, not only is relevant
for investors' risk management decisions but also affects the efficiency of the
portfolio. The model has an R? value of 0.73 with regard stock volatility estimation.
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Actual vs Predicted volatility on “Test Set”

Fig. 2. The performance of train and test set (Photo/Picture credit: Original).

The MSE on the test set demonstrated is 0.028, which is a reasonable intermediate
error for the volatility forecasts of the model. There are additional factors why
volatility forecasts MSE is slightly above that for return forecasts which are, firstly,
the factor of volatility being more sensitive than returns to external influences such as
an investor's sentiments or macroeconomic events. As illustrated in Fig. 2, the degree
to which the model has forecasted volatility versus the actual one can be appreciated.
Predictably, the model reaches the best approximation of volatility since it not only
considers the quintiles of the groups but also the regular quarterly performance when
the given forecast does not differ significantly from the actual values. But when there
were some, albeit small, extreme market events like the market pullback in the fourth
quarter of 2018, the forecast error of volatility measurement increased.

3.2 Portfolio Construction

Through the random forest estimation of volatility, Nasdaq's company volatility fell to
6.7% and experienced a 33% decrease starting in 2018 and going on to 2019. The
stock strategy for the portfolio entails the selection of stocks with 18% average
volatility and weighting the top 10 stocks with the highest return accordingly. The
result of this venture is shown in Table 1, in which ten stocks were chosen, together
with predicted aspirated profit period for out-of-sample.

Table 1. 10 stocks selected in portfolio.

Stock code Average Return Average Volatility
ADSK 11.423% 17.922%
FINT 10.467% 17.016%
LULU 9.322% 16.517%
PANW 8.993% 16.343%

MU 8.821% 16.597%
FANG 8.657% 17.731%
EA 7.853% 15.211%
TTWO 7.529% 16.751%
ILMN 7.453% 15.327%
MRVL 7.371% 16.679%

Through the process of Monte Carlo modelling, efficient boundary curves are to be
constructed, and selecting the appropriate weights to maximize the return is the aim of
the technique. The investment weights for the tier portfolios from 2018 Quarter 1—
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2019 Quarter 2 will require eight sets of portfolios generated. Thus, the allocation of
capital among the portfolios will be monthly adjusted with an aim to achieving
maximization of returns.

3.3  Portfolio Performance

Fig. 3 demonstrates the cumulative return performance of the constructed portfolio
(named as Portfolio A here) in the backtesting period, which is compared to the
benchmark Nasdaq 100 ETF. The figure shows that despite an overall good
performance of the strategy during the period and with excellent results throughout
the bear markets and strong bull markets, Portfolio A surpassed the benchmark
indicator.

Cumulative Returns: Portfolio vs Benchmark
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Fig. 3. Cumulative Return Comparison: Portfolio A vs Nasdaq 100 ETF (2018-2019)
(Photo/Picture credit: Original).
Table 2 presents the metrics for the performance of Portfolio A against the
benchmark, which comprises annualized return, annualized volatility, maximum
drawdown, and Sharpe ratio.

Table 2. Portfolio A Performance Metrics vs. the Benchmark NASDAQ 100 ETF

A li M
Portfolio Annual Return nnua. 1.z ed ax Sharp Ratio
Volatility Drawdown
Portfolio A 27.14% 26.47% -28.11% 0.937
NASDAQ 0 o 0
100 ETF 17.55% 19.79% -22.80% 0.769

Portfolio exceeded significantly the benchmark NASDAQ 100 ETF by an
annualized return of 27.14%, which is far beyond the benchmark's 17.55%. This
result illustrates the strategy about its return generation potential as good. That said,
forecasting Portfolio's returns which are on the high side implicates there to be high
risk as well. While its annualized volatility of 26.47% is indeed substantially above
the benchmark's level at 19.79%, it signifies that the reporting numbers are volatile. In
the same analysis, the level of maximum drawdown was 28.11% and 22.80% for the
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benchmark. Whereas the portfolio performed exceedingly well during market rallies
and thus was found to be very profitable, it also exhibited excessive volatility during
the downturn in the market. Looking at the accumulated Logarithmic Return graphs
presents that the Portfolio cried out for help= signifying a much larger loss than the
Nasdaq 100 ETF during the market downturn in 2018 and in early 2019. As
mentioned, alluded to by the performance of the Portfolio, it experienced significant
telegraph during the 2018 period from October to December, or in the second half of
2018, and the yield curve was jagged, as opposed to the smoothed benchmark curve,
which was smooth during the same period.

The justification for the values of the Sharpe Ratio is whether the strategy is taking
an extreme risk or not and for what gain. The portfolio achieves a Sharpe Ratio of
0.937, which beats the benchmark's 0.769, meaning that the adjusted risk-return
profile of the portfolio is superior to the benchmark's. However, this Sharpe Ratio is
relatively low for Quantitative Means since the strategy was able to generate an
annual CAGR of 27.14%. The quantitative strategy was naturally able to achieve high
return on high-risk, as it took significant risks. It still requires more improvement,
particularly achieving risk-adjusted return better than high-return strategy.

4 Discussion

These findings show that the Random Forest model performs exceptionally well in
predicting stock returns under normal market conditions due to its ability to handle
high-dimensional data and capture nonlinear relationships. As an ensemble learning
method, Random Forest reduces overfitting by averaging multiple decision trees,
making it a versatile tool for incorporating various financial factors that influence
stock prices. The model’s high R? value of 0.78 and low MSE highlight its strong
effectiveness in capturing general market trends most of the time.

However, the design of Random Forest model in the study has limitations when
applied to quarterly stock data. The findings indicate that while the model performs
well in stable conditions, its accuracy drops significantly during periods of increased
market volatility, such as in the fourth quarter of 2018. This is because the model
relies on historical patterns, which may not account for sudden market shocks. As
financial markets undergo structural changes during volatile periods, they become
non-stationary, causing the model to pick up short-term noise instead of meaningful
long-term trends.

Moreover, portfolio optimization using Monte Carlo simulations can offer an
opportunity to outperform the Nasdaq 100 ETF benchmark index through portfolio
rebalancing. However, the increased returns come with trade-offs. The constructed
portfolios show much higher annualized volatility compared to the benchmark,
particularly during market downturns. This indicates that concentrating investments in
a few high-return equities amplifies the portfolio’s risk exposure. While the
portfolio’s Sharpe ratio is higher, suggesting better risk-adjusted returns, the overall
performance remains below expectations.
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The concentrated nature of the portfolio amplifies the effects of individual stock
movements, especially during volatile periods, and its drawdown during market
corrections highlights its vulnerability. Additionally, the study identifies weaknesses
in the portfolio’s risk management strategy, such as repeatedly selecting the same
equities, leading to limited diversification. This lack of diversification hinders the
portfolio’s ability to manage risks during turbulent markets, which could be mitigated
through broader diversification or dynamic risk management techniques.

5 Conclusion

The purpose of this study is to investigate how the Random Forest model can be
applied to predict stock prices and optimize portfolios of Nasdaq 100 constituent
stocks. The aim is to create effective portfolios that minimize investment risk by
considering financial theory and data analysis. The Random Forest model is used for
stock price prediction, followed by Monte Carlo simulations to identify optimal
portfolios for different risk levels. Backtesting results indicate that the predicted
portfolios outperform the Nasdaq 100, suggesting that machine learning can greatly
assist investors in navigating complex markets. The findings show that using machine
learning to predict stock returns significantly enhances portfolio performance,
particularly in terms of risk-adjusted returns. However, the study has some
limitations, and future research will continue.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.


http://creativecommons.org/licenses/by-nc/4.0/

	Predicting Stock Prices and Optimizing Portfolios: A Random Forest and Monte Carlo-Based Approach Using NASDAQ-100



