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Abstract

Accurate prediction of stock market trends remains a daunting challenge, particularly in high-volatility and structurally
changing emerging economies. This paper presents a comprehensive model for binary day-to-day Dhaka Stock Exchange
movement classification specifically up or down, using a 25-year historical data set from January 2000 to February 2025. We
developed a comprehensive feature engineering pipeline that constructs lagged prices, price variations, daily returns, rolling
means and volatilities over several horizons, momentum factors, exponential moving averages, volume lags, and calendar-
based features. Three state-of-the-art tree-based classification algorithms, Random Forest, XGBoost, and LightGBM, were
trained and hyperparameter-tuned under the strict time-series split cross-validation scheme to ensure temporal consistency
and prevent leakage. Model hyperparameters were optimized with domain-specific tuning of tree depth, regularization
coefficients, learning rates, and sampling schemes. Average cross-validated test accuracies of 85.20 percent for Random
Forest, 85.42 percent for XGBoost, and 85.69 percent for LightGBM demonstrate the effectiveness of gradient boosting
methods in recognizing nonlinear market trends, while weighted soft-voting ensemble also smoothed the predictions to 85.68
percent accuracy with balanced precision—recall curves. Feature importance findings reveal that rolling volatilities and
momentum features have most substantial effects, impacting predictive performance. Our analysis indicates that LightGBM
offers the best accuracy, computational complexity, and stability tradeoff while the ensemble offers incremental progress
through complementary strengths of models. This paper fills an important gap in long-term, ensemble-based trend forecasting
for the DSE. To demonstrate practical applicability, we deployed the LightGBM model (chosen for its optimal performance-
efficiency tradeoff) in a production-ready web application that provides real-time trend predictions through a RESTful API
and interactive interface.

Keywords: Stock Trend Prediction, Machine Learning, Dhaka Stock Exchange, Ensemble Learning, Real-Time Financial
Analytics.

l. INTRODUCTION price action modeling and demonstrated that even linear

kernel-based models could be used to learn to identify

Accurate prediction of stock market movement has
been a central finance analytics problem owing to the
volatility, nonlinearity, and sensitivity of the market to
many economic and behavioral factors. Studies of the
Dhaka Stock Exchange (DSE) used earlier conventional
statistical approaches such as support vector regression for

relevant patterns from historical data (Meesad & Rasel,
2013). Subsequent comparative works stressed that no
individual model is ever necessarily better than others in
all market conditions, and therefore the need for robust,
ensemble-based approaches (Zaman & Rahman, 2019).
Within the broader machine learning literature, researchers
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have shown that tree ensembles, particularly gradient
boosted models, work well on structured financial data and
tend to be more accurate than shallow learners and deep
networks in terms of both accuracy and computational
expenses (Pahwa, Khalfay, Soni, & Vora, 2017) (Cervell4-
Royo & Guijarro, 2020).

The larger aim of this work is to design and cross-
validate an intra-day DSE stock direction prediction model
predicting upward or downward movement, using a huge
25-year dataset spanning January 2000 to February 2025.
We desire to construct a sophisticated compendium of
engineered features in terms of lagged prices, rolling
means and medians, and target-encoded classifiers, and
train three robust classifiers (Random Forest, XGBoost,
and LightGBM) and then ensemble them using weighted
soft-voting ensemble. By robust model performance
validation with time-series cross-validation, we strive to
attain the best prediction accuracy and generalization in
unseen market data for the arrangement.

Stock exchanges like the DSE which are evolving
pose unique forecasting issues through reduced liquidity,
rule alterations, and greater volatile sectoral swings, which
can destabilize models tuned from advanced markets
(Manasa, Praveenraj, & SR, 2023). In addition, the
majority of existing research on DSE forecasting has been
limited to small time horizons or single-model analysis,
with open questions regarding long-run stability and
ensemble value (Misra & Chaurasia, 2020) (Verma,
Tanwar, Garg, Gandhi, & Bachani, 2022). As a result of
the dramatic economic changes Bangladesh has
experienced in the last quarter century, what is required is
a model that not only fits past patterns but also continues
to hold up in changing regimes of markets. This promotes
our focus on large-scale feature engineering and
application of complementary learning algorithms.

We have five key contributions in this paper. We first
curate and preprocess a single 25-year DSE dataset with
temporal consistency for reliable model training. We then
engineer a complete feature set, namely spanning
momentum, volatility, rolling means, and target encoding,
that captures both price action and calendar effect. Third,
we train and tune three strong classifiers including
Random Forest, XGBoost, and LightGBM, and softly vote
together in an ensemble with cross-validation
performance-learned model weights. Fourth, we evaluate
our approach with time-series split cross-validation and
show better generalization than single-model baselines
and a fill a gap of long-term, ensemble-based trend
forecasting in the DSE. Fifth, we developed and deployed
a full-stack web application (Flask backend with
React/JavaScript frontend) that operationalizes our best-
performing LightGBM model. This system allows real-
time trend calculation via API endpoints and provides an
intuitive interface for market analysts, bridging the gap
between academic research and practical financial tools.

This research is restricted to binary trend forecasting
including predicting if a stock will close higher or lower
the following day, on the Dhaka Stock Exchange, between

January 1, 2000, and February 26, 2025. We confine our
models to engineered technical features from historical
price and volume data alone; macroeconomic information
and other data sources such as social media sentiment are
not covered in this study. Our interest measures are
precision, accuracy, F1-score, and recall, and they are
measured with five-fold time-series cross-validation.
Although our results are unique to the DSE, the approach
can be applied for other emerging countries with data
characteristics similar to these.

1. RELATED WORKS

The first forays in trend forecasting and analysis in
the Dhaka Stock Exchange (DSE) were rooted in
conventional regression approaches. Meesad and Rasel
(2013) opened this line of inquiry by applying Support
Vector Regression to DSE daily prices, illustrating the
potential of the technique to model the nonlinear dynamics
in stock prices but also its sensitivity to parameters
(Meesad & Rasel, 2013). Zaman and Rahman (2019) then
contrasted a battery of machine learning and statistical
models from moving averages to decision trees
referencing the fact that there was no model that performed
better in every market condition with regular consistency
(Zaman & Rahman, 2019). Misra and Chaurasia (2020)
contributed to the arsenal by contrasting a selection of
supervised learners (including k-nearest neighbors, naive
Bayes, and SVM) across Indian market data and observing
the result that ensemble techniques were lower in
forecasting error but at the cost of interpretability (Misra
& Chaurasia, 2020).

With advances in processing capacity and data size,
researchers have begun to integrate big-data infrastructure
and specialized pattern-based solutions. Verma et al.
(2022) integrated a rule-based pattern miner and the use of
MapReduce for big tick-by-tick preprocessing of data,
providing clean features to random forest and gradient
boosting for augmenting trend spotting in huge volumes
(Verma, Tanwar, Garg, Gandhi, & Bachani, 2022).
Pursuing the same line of research work, Gummadi et al.
(2021) attempted to overlap robotic process automation
with algorithmic trading with the use of Python-based
robots to generate and backtest machine-learning-based
signals (Gummadi et al., 2021). Ghani, Awais, and
Muzammul (2019) presented a general overview of ML
algorithms for stock forecasting and demonstrating that
tree-based approaches, if optimized well, are superior to
deep learning in table-based price data (Ghani, Awais, &
Muzammul, 2019). Nabipour et al. (2020) presented a
comprehensive comparison of classical machine learning
versus deep learning architectures for continuous
forecasting of prices and binary trend spotting and
concluded that neural networks can learn complex patterns
but require more data and processing as per ensemble tree
techniques (Nabipour, Nayyeri, Jabani, & Mosavi, 2020).

There have also been detailed comparative studies
and reviews in recent years. Singh et al. (2019) mapped a
roadmap of stock forecasting ML algorithms and
promoted the use of hybrid models of sentiment or event
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data and technical indicators (Singh, Madan, Kumar, &
Singh, 2019). Manasa, Praveenraj, and SR (2023) pushed
the hybrid technique to the next level with the use of
macroeconomic attributes and price signals in a Random
Forest-XGBoost combination (Manasa, Praveenraj, & SR,
2023). Chen (2024) validated the power of boosting
approaches on a set of international indexes, illustrating
how boosting of decision stumps adaptively can compete
with more sophisticated learners if tuning is judicious
(Chen, 2024). Punjabi and Faridi (2024), in their review of
SMP platforms in play, spoke of a trend away from single-
pipeline approaches toward ensemble architectures for
improved stability (Punjabi & Faridi, 2024).

Review articles have also paved the way by
generalizing lessons from markets. The performances of
well over a dozen ML algorithms were reviewed by Pahwa
et al. (2017) using historical stock data, illustrating how
moving average and ensemble model trees consistently
provide good accuracy (Pahwa, Khalfay, Soni, & Vora,
2017). Guntaka et al. (2023) and Likhith et al. (2023)
independently repeated the results on Indian indices, both
illustrating how weighted ensemble of XGBoost,
LightGBM, and Random Forest can provide well over 85
% test accuracies (Guntaka et al., 2023; Likhith et al.,
2023). Cervell6-Royo and Guijarro (2020) presented a
controlled comparison of SVM, random forest, and
gradient boosting over European stocks, once more
reaching the conclusion that boosting outperforms bagging
by the whisker (Cervell6-Royo & Guijarro, 2020). The
business significance of ML-based forecasts was also
made apparent by Prasad and Seetharaman (2021),
illustrating how portfolio returns are optimized when the
model is most confident (Prasad & Seetharaman, 2021).

There have also been many conference publications
to substantiate these observations. Kumar et al. (2018)
contrasted supervised learners on multi-class trend
forecasting and concluded the best precision-recall curve
by gradient-boosted trees (Kumar, Dogra, Utreja, &
Yadav, 2018). Rohit et al. (2020) added to this with
sentiment indicators reporting moderate gains where text
and prices were used (Rohit, Bhat, Manohar, & Mamatha,
2020). Sultana et al. (2024) and Jain et al. (2024) used
ensemble approaches to BRICS markets against global
shocks, model retraining frequency and automatic drift
detection being useful in dynamic economies (Sultana et
al., 2024; Jain, Saluja, Pimplapure, & Sahu, 2024).
Vignesh (2018) and Dinesh et al. (2021) used simpler
pipelines with moving averages and decision trees, the
critical point being good cross-validation to avoid
lookahead bias (Vignesh, 2018; Dinesh, R, Anusha, & R,
2021).

Compared to these predominantly single-market
studies, Rath et al. (2024) and Deshpande et al. (2022)
carried out meta-analysis of numerous published pieces of
research and established that no approach universally
supplants and acknowledged ensemble stacking's potential
(Rath, Das, & Pattanayak, 2024; Deshpande, Lunkad,
Kunjir, & Ingle, 2022). Deterministic data preprocessing

and feature importance analysis were highlighted by
Walunjkar et al. (2022) and Patel et al. (2015) to maintain
replicability (Walunjkar, Desai, Gholap, & Shukla, 2022;
Patel, Shah, Thakkar, & Kotecha, 2015). Mehta, Pandya,
and Kotecha (2021) reported the combination of social
media sentiment and deep-learning forecasts for the first
time, where sentiment-enhanced models beat baseline
prices (Mehta, Pandya, & Kotecha 2021).

In spite of this vast literature, there are significant
voids. First, while many studies have confirmed ensemble
tree models on established markets or pan-regional
indexes, not many of them have attempted strict time-
series cross-validation on long-horizon emerging-market
datasets like the DSE 2000-2025. Second, while most
research has focused on single-model or naive ensemble
accuracy, none of the authors have attempted a weighted
soft-voting  technique  based on  error-pattern
complementarity. Third, while some authors have
attempted sentiment or macro indicators, relative
usefulness of engineered technical features such as multi-
horizon rolling statistics, momentum constraints, and
target-encoded scrip identifiers have yet to be
systematically evaluated in an ensemble setting. This work
fills these voids by suggesting the use of XGBoost,
LightGBM, and Random Forest in a weighted soft-voting
ensemble, validated through strict time-series cross-
validation of a 25-year DSE dataset, and through detailed
examination of the relative contribution of the features to
trend forecast ability.
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1. METHODOLOGY & EXPERIMENTAL RESULTS

Data Collecthion

Data Exploration ]—{ Data Preprocessing,

Model Traming & Tuning,

Model Selection }—[ Feature Engimeering

l

Model Evaluation

Result Interpretation

Model Deployment

Fig 1 Flow Chart of Methodology

» Data Collection

We utilized a full dataset of stock prices of the Dhaka
Stock Exchange (DSE), which we obtained from Kaggle,
accessible at
https://www.kaggle.com/datasets/muhammedalif/dsc-
prices. It has 1,381,571 rows and 7 columns of daily
trading data (Date, Scrip, Open, High, Low, Close, and
Volume) of 464 companies from 1 January 2000 to 26
February 2025.

» Data Exploration

Data exploration, also known as Exploratory Data
Analysis (EDA), is the process of examining datasets to
summarize their major characteristics and understand the
underlying structure. It allows us to detect inconsistencies,
investigate the relationship of the features, identify trends,
and make preprocessing and modeling decisions
intelligently. The dataset consists of 1,381,571 rows and 7
columns of daily stock market data (Date, Scrip, Open,
High, Low, Close, Volume) of 464 companies from the
period of January 1, 2000, to February 26, 2025. We begin

with checking the shape of the dataset, the data types, and
null values through the use of df.head(), df.tail(), df.info(),
df.describe(), and df.isnull().sum(). These offer the facility
to ascertain the integrity and completeness of the data. We
comprehend the range, distribution, and central value of
the numeric variables.

We employ a correlation matrix to quantify linear
correlation among variables and subsequently apply a
heatmap for visualization:

e Mathematically, Pearson correlation coefficient P_xy
can be defined as:

Cov(X)Y)
B, = ===

p—— 1)

e This helps us identify multicollinearity and duplicate
features which may be harmful to the model's
performance.
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Fig 2 Correlation Heatmap of Dataset’s Features
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For a better idea of what each stock does over time,
we graph the historical closing price. Because there are so
many stocks in the data set, we simply pick 6 stocks to
represent typical behavior:

e Itis employed to find temporal behavior, volatility, and
seasonality of the stock prices.

e It assists in developing hypotheses regarding which
stocks will be more stable or predictive.
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» Data Preprocessing

Data preprocessing is an essential process in every
machine learning pipeline. It is the process of bringing raw
data to a clean, uniform, and structured form to utilize in
the modeling process. The key purpose is to rectify the
missing values, normalize the data, code the categorical
variables, and incorporate temporal continuity to the time
series data.

We begin by filling in or removing the missing
entries df.dropna(inplace=True). The line removes the
rows with NaN values. When there is missing data in a
time series, continuity of trends can be destroyed.
Removing the rows with incomplete data (in contrast to
imputation) gives the LSTM complete, unbroken
sequences.

In a bid to preserve temporal ordering and for feature
engineering. Temporal ordering is necessary even for non-
sequence methods since the features would be based on the
lagged variables or moving averages. This also enables us

Fig 3 Historical View of Closing Price

to create sensible time-based features for every individual
stock.

We only include columns needed for the modeling df
= dff['Date’, 'Stock’, 'Close']] We retain only the Date, the
stock ID, and the Close price, which are the only columns
needed for univariate time series forecasting. Downstream
processing is reduced and redundant noise from unwanted
features is avoided.

We normalize the closing price to the range 0 to 1
using Min-Max normalization.
o x—min(x) (2)

X = max (x)—min(x)

This ensures data magnitude consistency, improving
model convergence and speeding up the process. It also
prevents highly volatile stocks from dominating the loss
function.
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» Feature Engineering

Feature Engineering is the process of transforming
raw data to useful input variables (features) the model can
utilize to enhance its ability to make good forecasts. For
the stock market data, this includes the formation of lag-
based indicators, moving averages, price momentum,
volatility, and time-based trends. These include capturing
temporal dependence as well as market behavior.

We derived some features from raw stock prices at
historical time points to aid model performance:

e Lagged Closing Price: Stores the prior day's price for
use as a reference in return and trend determination.

prev_close, = P,_, 3)

e Trend Label (Target Variable): Converts price
prediction to a binary classification task (Up = 1, Down
=0).

1,if P, > P4
0, Otherwise

trend; = { 4)

e Price Change and Daily Return: Stores relative
movement and volatility.

Price Change: P, = P,_; — P;_, (5)

Pr_1—Pp_
Return: r, = % (6)

e Rolling Average and Volatility: Remove noise and
keep track of trends and volatility.

Rolling Mean: p, ; = %Z{‘zlPt_i @)

Rolling Std Dev: o, = J% YK L (Pesi — Heg)? (8)

e Momentum & Exponential Moving Average (EMA):
Identify short-term profits or losses.

EMA: Weighted average that assigns more weight to
recent prices.

e Lagged Volume: Past volume can reflect the degree of
interest or activity in the market prior to a price
movement.

e Date-Time Features: Time segmentation allows the
model to see monthlies or weekday trends.

e Visualization of Engineered Feature shown in Figure 4
— Figure 9.
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Fig 4 Correlation Heatmap (Raw + Engineered Features)
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Overall Up vs. Down Days
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» Model Selection

Model selection is an important stage in every
machine learning process, most significantly in financial
time series forecasting, which is volatile, non-stationary,
and susceptible to noise. We sought a combination of
good-performing, independent  classifiers  with
complementary abilities where their combination in an
ensemble would vyield improvement. After rigorous
testing, we chose three individual models including
XGBoost, LightGBM, and Random Forest and combined
them in the ultimate ensemble with the help of Soft Voting.
These models were chosen on account of their stability,
ability to handle tabular data, and proven success in a
broad scope of structured forecasting tasks.

We began with XGBoost (Extreme Gradient
Boosting), an advanced and proven gradient boosting with
in-built regularization. XGBoost can model linear as well
as non-linear relationships, can effectively cope with
missing values, and even accommodates monotonic
constraints, which we used to specify a positive
relationship between some of the engineered variables
(e.g., momentum) and direction of the target. Due to the
sequential nature of our data and the engineered variables
which might introduce lag, XGBoost's in-built overfitting
control using regularization (‘reg_lambda’, ‘reg_alpha’)
made the selection a correct one for stable forecasting.

Then we appended LightGBM (Light Gradient
Boosting Machine), another gradient boosting library
optimized for speed and efficiency. LightGBM works with
histogram-based decision trees, which are far more
memory and speed-efficient compared to conventional
gradient boosting approaches. It is also particularly well-
suited to work with big datasets with vast feature spaces,
such as presented in our engineered feature set. Its leaf-
wise tree growth option and subsampling of features
option (“feature_fraction™) were beneficial in picking up
complex patterns in our trend classification problem, and
having the regularizing terms helped in preventing
overfitting problems.

Random Forest, with its ensemble of decision trees
learned from bootstrapped samples and random subsets of
features, was chosen for its interpretability and overfitting
immunity. Unlike greedy tree-building algorithms used in
boosting, Random Forest builds trees in parallel, reducing
variance and generalizing better. It is a highly effective
means of modeling interacting effects between properties
in a natural manner and is also quite intuitive with regard
to the resultant feature importance scores. Given the noisy
and high-variance nature of stock market trends, the ability
of Random Forest to regularize the forecasts and avoid
overfitting was a welcome addition to our arsenal.

Finally, to utilize the strength of each of the three
models, we have created a Soft Voting Ensemble. The
strategy accumulates the predicted probabilities of the
models of prediction (the XGBoost model, the LightGBM
model, and the Random Forest model) and gives the class
with the highest mean probability. We have also assigned
specific weights to each of the models based on their

respective performances to achieve the best combination.
The ensemble strategy utilizes the model diversity and
reduces the risks of over-reliance on the bias and defaults
of a particular model, resulting in a more stable and well-
balanced trend-prediction mechanism.

» Model Training & Tuning

We trained all machine learning models and also
tuned  their  performances via  hyperparameter
optimization. Because we have time-series stock market
data, the chronological order while training models was to
be maintained. We utilized a collection of engineered
features ("x’) such as lagged prices, rolling statistics,
volatility signals, and momentum signals, along with stock
identifier encoded variables, and target variable ('y") being
the binary “trend” of the market direction (up = 1, down =
0).

To ensure the models generalized and did not
memorize the data but rather learned general patterns, their
hyperparameters were adjusted iteratively following
financial modeling best practice and industry knowledge.

We initially trained the XGBoost model emphasizing
regularization (‘reg_lambda=3.0", ‘reg_alpha=1.0") and
constraining interactions among the features. We utilized
a comparatively flat tree structure with a depth of 3 and
also adjusted the learning rate (0.05) to avoid overfitting.
We additionally used a constraint of monotonicity for the
“momentum_5" function to ensure that normal behavior
within the forecasts is always ensured i.e., a higher
momentum does not reduce the possibility of an upward
trend.

We used the same learning rate of (70.05%) and
limited number of leaves ("num_leaves=10") in the interest
of model simplicity and effectiveness. We used
“extra_trees=True" to add controlled randomness in order
to assist with generalizability. We were careful to set the
regularisation terms as hyperparamters
(‘colsample_bytree’, “feature_fraction’) and feature
sampling in order to control overfitting but still produce
good quality predictions.

For Random Forest classifier, we employ
‘n_estimators=100" and “max_depth=5" so that the
constituent trees are interpretable and not excessively
deep. We employed “min_samples_split=20" and
“min_samples_leaf=10" to stabilize splits and prevent
fitting noise. We added the “class_weight="balanced"
parameter to achieve class imbalance adjustment of the
target variable.

Finally, we averaged the three models together using
a Soft Voting Ensemble, which takes probabilistic output
and not hard labels. We weighted the entire set of the
models ("0.32" for XGBoost, "0.4" for LightGBM, and
*0.28" for Random Forest) based on their respective tuning
cross-validation score. We wused this ensemble in
preparation to leverage the power of each algorithm and
reducing the output.
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» Model Evaluation

We outline the evaluation procedure that was
followed to ascertain the effectiveness and applicability of
our trained models. Since the data in the stock market is
time-series in nature, it is crucial that our evaluation
preserves adherence to the chronological structure of the
dataset to avoid data leakage and over-estimation of
performance.

To this end, we used a TimeSeriesSplit cross-
validation approach. It divides the data into a number of
sequential train and test splits in such a way that all the
train data comes before the test data in time. This mimics
the situation in real-world forecasting in which data from
the future is never used for training. We used 5 splits,
which provided a reasonable estimate of how each model
would generalize to new, unseen market conditions.

In each split, the model was trained on the prior
segment and tested on the subsequent segment. Training
accuracy and testing accuracy were noted for each fold to
check for overfitting or underfitting tendencies. Aside
from accuracy, we noted key classification metrics like
precision, recall, and F1-score. These metrics tell us how
each model is doing relative to the imbalance or skew in
the upward and downward trends.

We also graphed the confusion matrix for each model
to read off the frequency and type of prediction errors. This
gave information on whether a model was biased towards
one class (e.g., overpredicting rising trends) and allowed
us to look at misclassifications at a fine-grained level.

» Result Interpretation

Table 1 Classification report for XGBoost model.

Class Precision Recall F1-score Support
Down 0.84 0.88 0.86 580528

Up 0.87 0.83 0.85 570762
Accuracy 0.85 1151290
Macro Avg 0.86 0.85 0.85 1151290
Weighted Avg 0.85 0.85 0.85 1151290

In examining the performance of the XGBoost
classifier, we observe that it achieved an average cross-
validated training accuracy of 88.82 % and a test accuracy
of 85.42 %. Its precision (0.855), recall (0.854), and F1-
score (0.854) indicate a well-balanced ability to identify
both up and down days, with the confusion matrix

illustrating 84 % correct identification of down days and
87 % of up days (Figure 10). The detailed classification
report (Table 1) confirms this balanced performance
across classes, underscoring XGBoost’s strength in
learning complex, non-linear patterns in our engineered
feature space.
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Fig 10 Confusion Matrix of XGBoost
Table 2 Classification report for LightGBM model.

Class Precision Recall F1-score Support
Down 0.85 0.87 0.86 580528
Up 0.87 0.84 0.85 570762
Accuracy 0.86 1151290
Macro Avg 0.86 0.86 0.86 1151290
Weighted Avg 0.86 0.86 0.86 1151290
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The LightGBM model delivered similarly robust
results, posting an average training accuracy of 87.90 %
and an even higher test accuracy of 85.69 %. With a
precision of 0.857, recall of 0.857, and F1-score of 0.857,
LightGBM demonstrated slightly improved generalization
over XGBoost, particularly in its ability to correctly

predict up days. Its confusion matrix (Figure 11) shows a
marginal reduction in false positives for upward trends,
and the accompanying classification report (Table 2)
confirms its efficacy in handling the imbalanced class
distribution.

Down = 505736

Actual

Up

a

Confusion Matrix

Predicted

= 500000

- 4530000

- 400000

- 350000

= 300000

250000

200000

150000

100000

Fig 11 Confusion Matrix of LightGBM

Table 3 Classification report for Random Forest model.

Class Precision Recall F1-score Support
Down 0.84 0.87 0.86 580528

Up 0.87 0.84 0.85 570762
Accuracy 0.85 1151290
Macro Avg 0.85 0.85 0.85 1151290
Weighted Avg 0.85 0.85 0.85 1151290

Random Forest achieved 88.39 % training accuracy
and 85.20 % on the test folds, with precision, recall, and
Fl-score all approximately 0.852. As shown in its
confusion matrix (Figure 12), Random Forest correctly
classifies 84 % of downward movements and 86 % of
upward movements, slightly trailing the gradient boosting

methods. The classification report for Random Forest
(Table 3) reflects its reliable yet somewhat conservative
predictions, highlighting its robustness but also its
tendency toward higher bias relative to the boosting
algorithms.
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Fig 12 Confusion Matrix of Random Forest

55



Table 4 Classification report for Soft-voting Ensemble model.

Class Precision Recall F1-score Support
Down 0.85 0.87 0.86 580528
Up 0.87 0.84 0.85 570762
Accuracy 0.86 1151290
Macro Avg 0.86 0.86 0.86 1151290
Weighted Avg 0.86 0.86 0.86 1151290
Our soft-voting ensemble, which combines evidenced by the confusion matrix in Figure 13 and
XGBoost, LightGBM, and Random Forest with classification metrics in Table 4. This consensus approach

empirically derived weights, produced a training accuracy
of 88.48 % and a test accuracy of 85.68 %. Its precision
(0.857), recall (0.857), and F1-score (0.857) match or

successfully harnesses the complementary strengths of
each base learner, reducing individual biases and yielding
a more stable prediction profile.
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Fig 13 Confusion Matrix of Soft-voting Ensemble

Finally, to compare overall model behaviors, we
present a bar chart of the average training versus test
accuracies for all four approaches (Figure 14). This
visualization highlights the consistent gap between

training and test performance, which indicating minimal
overfitting and confirms that the ensemble’s balanced
accuracy closely tracks or surpasses that of its constituent
models.
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» System Architecture & Real-Time Deployment

To ensure the practical usefulness of our predictive
model, we developed a full-stack web application that
utilizes our trained model for real-time trend prediction.
The deployment of our model will ensure its robustness
under real-world scenarios. The developed model can
prove to be highly useful for financial analysts and
investors.

e Backend Implementation

The backend is written in Python with the help of the
Flask framework (v2.0+) with support for cross-origin
requests via the included CORS library. The overall
architecture is based on a modular design with three main
parts: model persistence, feature engineering replication,
and REST API.

This is done by utilizing joblib’s serialization
functionality on the trained LightGBM classifier, saving it
to a file named Igbm_trend_classifier.joblib, which is then
reloaded during application startup by a custom wrapper
class named TrendClassifier. This ensures that the precise
feature engineering process used during the development
of the model, as described in Section 4.4, is repeated
during deployment, thus guaranteeing consistency
between the two environments. The feature engineering
process is dynamic, calculating all thirteen features,
including lagged price data, statistics, momentum, and
target-encoded scrip, from the incoming market data
stream.

A specific endpoint for the RESTful API, named
"[predict,” is created to handle POST requests with JSON

payloads that contain the seven required fields for the input
data: Date, Scrip, Open, High, Low, Close, Volume. This
endpoint checks the input data for completeness and
correctness in terms of data type, executes the feature
engineering pipeline in real-time, makes the prediction
using the created model, and generates JSON response
with the prediction results, including the UP/DOWN class
with corresponding probabilities for each class.

e Frontend Interface

Finally, the client-side application is written in such
a manner using HTML, CSS, and JavaScript to provide the
highest level of compatibility with the minimum level of
latency. The application has a clean and simple form to
input the prevailing market data. Additionally, the
application validates the form fields to provide the highest
level of usability. The application utilizes JavaScript to
provide the highest level of async communication with the
server to fetch the prediction data.

e Deployment & Performance

The application is also packaged with an explicit set
of dependencies that can be easily managed using
requirements.txt. The application also ensures that all
containerization guidelines for scalable deployment have
been met. Performance metrics show that, on average, it
takes less than 300 milliseconds per request for data
validation, feature engineering, and prediction. This is an
indication that the system is ready for real-time financial
decisions. The system architecture is shown in Figure 15,
while Figure 16 displays an example of an application
interface for the deployed system.
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Fig 15 Web Application Architecture
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Date
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Scrip
ZEALBAMGLA

Open
a0

High
100

Low

80

Close
a9

Volume

100

Prediction: UP
Down: 0.01%
Up: 99.99%

Stock Trend Predictor

Fig 16 Web Application Interface

V. CONCLUSION AND FUTURE
WORKS

Our thorough analysis proves that ensemble-based
machine learning techniques, especially gradient boosting
algorithms, are more accurate for predicting stock market
trends in the Dhaka Stock Exchange. Among all tested
models, our analysis demonstrates that LightGBM
achieves the optimal balance between prediction accuracy
(85.69%) and computational speed. Additionally,
weighted soft voting ensemble improves prediction by
leveraging different strengths of each used algorithm.
Feature importance analysis reveals that rolling volatilities
and momentum indicators dominate trend prediction.

In addition to experimental validation, this research
makes a practical contribution via its deployment as a
working web-based application for real-time trend
prediction. The deployment of this model confirms its
practical viability for decision-making for financial
businesses operating in emerging markets.

Some areas for further research include integrating
live market data feeds for real-time prediction, building
out version control structures for smooth updates, creating
batch prediction endpoints for portfolio analysis, and
adding alternative data sets, such as news sentiment and
macroeconomic data. Additional longitudinal research on
the effects on investment decision-making processes
would also offer further research avenues for
understanding the value proposition for emerging market
ML tools.
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