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EXECUTIVE SUMMARY

Market movements represent a direct and influential aspect of decision making for traders. However, the
dynamic nature of business environment imply that market movements are equally dynamic. Predictive
analysis of trade volumes, as an indicator of market movements, offers an approach that would make
decision making equally dynamic for traders. This project conducted predictive analysis of trade volumes
using linear regression, random forest and gradient boosting models to develop best modelling approach
for dynamic decision making from market movement perspective. The tuned gradient boosting model was
identified as the best model, with a predictive performance at 92.42

I. INTRODUCTION
A. Background

The pace at which businesses are conducted presently is high. This fast-paced business environment
is as a consequence of advanced technology, resulting in a dynamic business environment; consequently,
market movements across stocks are as well dynamic (Zhang et al., 2023; Bindeeba et al., 2025). Although
other factors are influential in trader decision making, market movements show the level of confidence
on the stocks and therefore give a direct indication of market reaction (Yamani, 2023; Care & Cumming,
2024). Market movements, despite not showing the shifts in stock value, give insights into how confident
the market is in the shifts (Panci¢ et al., 2023). This project will conduct a predictive analysis of market
movements and hence allow for the forecasting of the market confidence in shifts in stock value.

B. Problem Statement and Motivation

As an influential aspect of trader decision making, understanding of market movements gives traders an
added advantage. However, the dynamic business environment and consequently dynamic market move-
ments imply that traders cannot rely on an overview of market movement. Rather, a deeper interrogation
of market movements, through data analytics is necessary to allow traders’ decision making to be dynamic
enough to match the present dynamic business environment. The ability of market movements in informing
on the confidence of the market in the shifts in stock values implies that predictive analysis of market
movements has the potential enabling traders to make anticipatory and preemptive trades that would
positively impact portfolios.



II. DATA COLLECTION AND PREPARATION METHODOLOGY

The approach taken to addressing the problem from a data point of view, for this case is summarized
in Figure 1 below.
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From the chart above, the data collection for the project involved the identification of the top 50 most
valuable stocks in the US market using web scrapping in Yahoo Finance (2026). This was followed by
the collection of daily data on the last 6 months for the identified stocks through Alpha Vantage (2026).
The data collected from Alpha Vantage (2026) contained the following attributes; Adjusted Close. Stock
Exchange Name, Regular Market Volume, Regular Market Open, Regular Market Change (%) and Market
Capitalization. Following the collection of the stock market data, trade volumes data was then collected
from NASDAQ Trader (2026) across stocks exchanges. Interest rate data collection formed the last data
collection stage from FRED (2026) to give an external perception of market movements. Data collection,
presented above in Figure 1, utilized both access to API data and web scraping. Whereas API provides
access to live data from websites, web scraping provides access to website data that is not readily available
through API or download. The Alpha Vantage API, available from Alpha Vantage (2026), formed the data
source that was accessed through API among the four sources of data. Web scrapping was used to collect
data from the following three remaining data sources: Yahoo Finance (2026), NASDAQ Trader (2026) and
FRED (2026). Cleaning of the data was completed for each of the four data sources including filtering.
The data was filtered either during the process of collection or after the collection of data from API or
website. For the case of filtering during the data collection process, specifications were set to limit the
scope of the data being collected from the API and web scraping. In the case of the filtering of data after
collection, filtering functions within Python were employed for the already collected data. The filtering
process first targeted the scope of the data in terms of the stocks to retain, in this case the 50 most valuable
stocks were retained in the data on the stock market. Secondly, filtering targeted a 6-month study period
to capture data for the period covering the last 6 months. Data integration, through merging, followed



the data cleaning process. The target for the filtering of the data also formed the merging target for the
data. Using date and the 50 most valuable stocks, data on the stocks, interest rate and trade volumes
were merged into the final dataset for the study. After the merging of the datasets, the stock exchange
name variable was converted into dummy variables prior to the modelling. The data preparation for the
predictive analytics mainly involves the data partitioning into training and testing sets to allow for the
model to be trained and tested using separate datasets (Kaur et al., 2024). The final dataset from the data
integration process and creation of dummies for the stock exchange name variable was partitioned such
that 80% of the data was allocated to the training set while 20% was allocated to the testing set.
Table 1 below gives the summary of the variables in the final dataset.

Table 1

WVariable Description Nature of Variable

Trade Volumes Indicator of market movements showing the | Dependent vanable measured on the ratio
amount of stocks traded for the given scale.
observation date.

Adjusted Close The price of the stock at close of trade for Independent variable measured on the ratio
the given observation date. scale.

Stock Exchange Categorical variable with levels giving the Independent variable measured on the
respective stock exchange where a stock 1s | nomunal scale.
listed.

Regular Market Average traded volumes for the current Independent variable measured on the ratio

Volumes trading session. scale.

Regular Market The price of the stock at close of trade for Independent variable measured on the ratio

Open the given observation date. scale.

Regular Market The percentage change in stock price from | Independent vaniable measured on the ratio

Change (%) previous close price. scale.

Market Capital Total market value of the outstanding shares | Independent variable measured on the ratio
for the stock. scale.

FF FRED (2026) interest rate indicator Independent variable measured on the ratio

scale.

ITI. ANALYSIS METHODS AND IMPLEMENTATION DETAILS

The solution for the challenge of dynamic market movements is based on predictive analysis of market
movements to potentially enable traders to make anticipatory and preemptive trades that would positively
impact portfolios. Predictive analytics offers an approach for modelling where a known combination
of output and inputs trains a model for the determination of the output given a completely new set
of inputs (Jamarani et al., 2024; Kaur et al., 2024). In order to implement this solution approach, the
following predictive models were trained and tested for predictive performance for market movements;
Linear Regression, Random Forest and Gradient Boosting. The three predictive models are distinct from
each other and offer alternatives for the prediction of market movements. According to Azure (2024), an
equation-based approach to predictive analytics is the linear regression; which describes the equation of



the output being a linear function of the inputs. The random forest amplifies the classification tree through
employing several decision-based algorithms that split conditions for inputs in a tree like manner until
all inputs are exhausted and the output predicted at the base (Ojo & Ayodele, 2025). Gradient boosting
is explained in Rizkallah (2025) as an ensemble tool that trains weak predictive models sequentially
with each new model learning from the previous model’s residuals; and combines these models to form a
predictive tool. According to Jamarani et al. (2024), the parameters for the predictive models can be tuned
to improve on the predictive performance. Consequently, for each of the three predictive models, both
the baseline and the tuned models will be developed and assessed for predictive performance. Presented
below in Figure 2 is the summary of the methodology approach.
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IV. RESULTS AND FINDINGS

Presented in Figure 3 below is the overview of the trade volumes across all US Stock markets. The
data captures the period between December 17, 2025 and January 30, 2026 for 30 trading days across all
the stock markets in the US. The line charts in Figure 3 show the trend in both the average total moving
(for volumes moved) and average total (for total traded volumes). The average moving volumes show a
general rising trend as the month progresses while the average total volumes generally fluctuate about the
2 billion shares mark with a notable spike (day 19) and drop (day 24) as the month progresses.
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In Figure 4 below is the comparison of the total moving volumes across the different stock exchanges
in the US over the 30-day period. We note that majority of the volumes traded were in FINRA/NASDAQ
TRF Exchange, followed by the NASDAQ, ARCA and NYSE Exchanges.
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The results of the predictive analytics are summarized in Table 2 below. The metrics, MSE and R-



Squared are measured for the testing set and used for the comparison of the predictive performance across
the three models.

Table 2
MSE R-Squared MSE E-Squared MSE R-Squared
Baseline 1509392215684 33 0.8527 1093342355545.121 0.3933 1171373827227.7117 03557
Model
Tuned 1520763396104.184  0.8516 7392809244668 3167 0.9230 T768435239846.1954 05242
Model

For the linear regression model, the baseline model had both the lowest MSE and the highest R-
Squared, making the baseline model the best linear regression model. In the random forest modelling,
the tuned model had both the lowest MSE and the highest R-Squared, making the tuned model the best
random forest model. Gradient boosting modelling showed that the tuned model had the lowest MSE
and the highest R-Squared, making the tuned gradient boosting model the best gradient boosting model.
With an R-Squared value of 0.9242, the tuned gradient boosting model had a predictive performance of
92.42%, and hence the highest predictive performance across the three models.

V. CONCLUSION

The results from the descriptive analysis indicated that the average moving volumes showed a general
rising trend as the month progressed with the total moving volumes being highest for the FINRA/NASDAQ
TRF Exchange, followed by the NASDAQ, ARCA and NYSE Exchanges. R-Squared for the baseline and
the tuned models across all three models showed that the predictive performances exceeded 85%; hence
Adjusted Close, Stock Exchange, FF (Representing Interest Rates), Regular Market Volumes, Regular
Market Open, Regular Market Change Percentage and Market Capital can sufficiently predict the trade
volumes for the market movements. The best model for the prediction of market movements would be
the tuned Gradient Boosting Model with a prediction performance of 92.42%.
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