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TOM TAT

Nghién ctiu nay dé xuit mot hé théng du bdo tich hgp danh cho nhém c& phiéu ngan hang tai thi
trudng Viét Nam, giai quyét thach thic vé bién dong manh (high volatility) va su bat dong bo gitta dit
lidu giao dich véi cdc yéu t6 co ban. Thay vi chi dua trén lich st gid, hé thdng két hop dic trung ky thuat,
cd ban va dic thi nganh ngan hang (nhu NIM, NPL, ting trudng tin dung), dong thdi hop nhét dit liéu da
tan suit dé xi 1y triét dé do tré thong tin. Bién muc tiéu dudc xac dinh thong qua co ché Loc nhiéu Thich
ting BAt ddi xing (Asymmetric Adaptive Thresholding) thay vi cac ngudng cb dinh, gitp cin bang 16p
dit liéu va thich nghi véi tinh phuong sai thay d6i (heteroscedasticity) ctia thi trudng.

V& miit mo hinh, nghién ctiu tién hanh khao sét thuc nghiém trén hai ludng kién tric mé hinh hoc
sau chuyén biét: (1) mo hinh lai ghép CNN-BIiLSTM va (2) md hinh Transformer Encoder. Ca hai dugc
trién khai trén tap dif liéu clia 8 ngan hang thuong mai 16n tai Viét Nam giai doan 2010-2025, véi quy
trinh tién x{ Iy nghiém ngit bao gdm hop nhét dit liéu da tan suét (backward merge-as-of) va chuin héa
dit liéu. Két qua cho thiy kha ning du bdo ngan han (T+1) con han ché (Balanced Accuracy ~50-61%).
Tuy nhién, hiéu suit dugc cai thién rd rét & cac khung trung va dai han (dic biét T+60, T+90), v6i do
chinh xdc can bang dat tir 80-92% va F1-Score 1én dén 93.25%. So véi céc nghién ciiu trude va chién
lude ndm giit (Buy & Hold), két qua nay khing dinh vai trd quan trong ciia tri thifc nganh va cd ché
ngudng thich tng.

Tir khoa: Stock price prediction, Deep learning, Industry-specific features, Transformer, CNN-BiLSTM.



Vo Doan Xuan Tien et al.

CONSTRUCTING INDUSTRY-SPECIFIC FEATURES FOR STOCK
TREND PREDICTION SYSTEMS IN THE VIETNAMESE STOCK

MARKET

Cao Tan Binh!,Vo Doan Xuan Tien'*, Ha Thuy Phuong',
Nguyen Huu Thinh!, Truong Chan Hao', Truong Tuan Kiet'

' Department of Mathematics and Statistics, Quy Nhon University

*Corresponding author. Email: tienvdx760995 @ gmail.com

Received: .../.../......... ; Revised: .../.../........ ;
Accepted: .../.../......; Published: .../.../.........

ABSTRACT

This study proposes an integrated forecasting system for the banking stock group in the Vietnamese
market, addressing challenges of high volatility and the asynchrony between trading data and fundamental
factors. Instead of relying solely on price history, the system combines technical features, fundamental
data, and banking-specific metrics (such as NIM, NPL, and credit growth), while unifying multi-frequency
data to rigorously address information latency. The target variable is defined using an Asymmetric
Adaptive Thresholding mechanism rather than fixed thresholds, helping to balance data classes and adapt
to the market’s heteroscedasticity. Regarding modeling, the study empirically investigates two specialized
deep learning architectures: (1) a hybrid CNN-BiLSTM model and (2) a Transformer Encoder model.
Both are implemented on a dataset of 8 major commercial banks in Vietnam from 2010 to 2025, following
a rigorous preprocessing pipeline that includes multi-frequency data fusion (backward merge-as-of)
and data normalization. Results indicate that short-term prediction (T+1) remains limited due to high
stochasticity (Balanced Accuracy ~50-61%).. However, performance significantly improves in medium-
and long-term horizons (notably T+60, T+90), with balanced accuracy reaching 80-92% and an F1-Score
up to 93.25%. Compared to prior works and the Buy & Hold strategy, these results confirm the vital role
of domain knowledge and adaptive thresholding mechanisms.

Keywords: Stock price prediction, Deep learning, Industry-specific features, Transformer, CNN-BiLSTM.

1. INTRODUCTION

Over the past decade, the Vietnamese stock market
has established itself as one of the most dynamic
frontier and emerging markets in the region, serving
as a vital capital channel for the economy.! How-
ever, this market is characterized by high volatility
and significant dominance by individual investors,
who account for 85-90% of trading liquidity. The
prevalence of retail cash flow often leads to short-
term price fluctuations driven by crowd psychology
rather than corporate intrinsic factors. In this context,
traditional forecasting methods or quantitative mod-
els relying purely on historical prices often struggle
to distinguish between signal and noise, resulting in
suboptimal risk management. >3

To address the forecasting challenge in Vietnam,
the selection of study subjects plays a pivotal role.
The banking sector, with a capitalization weight of
approximately 30-35% of the entire market, is consid-
ered the leading group and a key indicator reflecting
the health of the macroeconomy as well as the impact
of monetary policy.* Nevertheless, integrating the
fundamental factors of this industry into prediction
models faces a major technical challenge regarding
data asynchrony: while stock prices fluctuate in real-
time (high-frequency), critical financial ratios such as
Net Interest Margin (NIM) or Non-Performing Loans
(NPL) are only published quarterly (low-frequency)
with significant lag. Many previous studies have of-
ten addressed this issue using simple interpolation
methods, inadvertently causing look-ahead bias and
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distorting actual predictive capabilities.

The development of deep learning architectures
such as Recurrent Neural Networks (RNN) and Long
Short-Term Memory (LSTM) has opened new av-
enues for financial time series analysis. However,
most current studies still suffer from two main limi-
tations. First, models often mechanically apply past
price data while ignoring industry-specific structural
features—the core drivers of long-term trends. Sec-
ond, the determination of uptrends/downtrends is of-
ten based on fixed thresholds (e.g., +1%), failing to
reflect the time-varying volatility (heteroscedasticity)
of each stock, leading to inaccurate data labeling.

To overcome these limitations, this study proposes
an Integrated Hybrid Forecasting Framework combin-
ing domain-specific knowledge and advanced deep
learning techniques.’ Specifically, we: (1) Construct
a Multi-frequency Data Fusion pipeline to rigorously
handle information latency, combining trading data
with banking health indicators such as valuation, asset
quality, and liquidity; (2) Apply an Adaptive Thresh-
olding mechanism to define target variables flexi-
bly according to historical volatility;® and (3) Con-
duct a comparative analysis of the effectiveness be-
tween CNN-BiLSTM and Transformer architectures
on a dataset of 8 major commercial banks in Viet-
nam from 2010 to 2025. The research results not
only demonstrate the trend-capturing capability of the
Transformer architecture in medium- and long-term
horizons but also provide empirical evidence for a
Parallel Ensemble Strategy to support quantitative
investment decision-making.

2. MODEL ARCHITECTURE
2.1. Model Architecture

The study deploys two specialized deep learning ar-
chitectures to maximize the exploitation of financial
time series data characteristics:

2.1.1. Hybrid CNN-BiLSTM Model

This architecture is built upon the principle of func-
tional decomposition, combining the strengths of
Convolutional Neural Networks (CNN) and Long
Short-Term Memory (LSTM) networks. ”-3

Local Feature Extraction: The 1-dimensional

CNN (1D-CNN) layer acts as sliding filters to detect
candlestick patterns or short-term price fluctuations.”
The computation for the j-th feature at layer [ is:

x§~ = f<conle<Z(xf‘1 *wb—l—bé))) (1)

1

where * denotes the convolution operator, w is the fil-
ter weight, b is the bias, and f is the ReLU activation
function.

Sequential Modeling: The feature sequence, af-
ter noise filtering, is fed into the Bi-LSTM Ilayer. At
each step 7, the hidden state 4, is synthesized from

both directions: 10
By = LSTM pyq (X 1) )
— —
h ¢ =LSTMpya (e, hi41) 3)
- —
ht :Wh‘ht—'—W(E ht+bh (4)

This allows the model to capture the comprehensive
context within the observation window.

2.1.2. Transformer Encoder Model

The Transformer architecture completely eliminates
recurrence mechanisms to overcome the information
forgetting problem in long sequences, replacing them
with Self-Attention mechanisms. !

Positional Encoding: Since processing is not se-
quential, temporal order information is injected into
the model via positional encoding vectors added di-
rectly to the Embeddings.

Scaled Dot-Product Attention: Allows the
model to compute the importance weight of each past
time step relative to the present:

Attention(Q,K,V) ft (QKT> Vv )
ention(Q,K,V) = softmax | =—

Vi
Where Q (Query), K (Key), and V (Value) are pro-
jection matrices of the input data.

Multi-Head Attention: The model employs
multiple parallel attention heads to learn multi-
dimensional relationships (e.g., one head focuses on
price volatility, another on macroeconomic indica-
tors):

MultiHead(Q, K,V) = Concat(head, ..., head;,)W?
(6)
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This architecture is particularly effective in detecting
long-range dependencies in distant forecasting hori-
zons (T+60, T+90). To further clarify the operating
mechanism, from local feature extraction and context
capturing (CNN-BiLSTM) to learning long-term re-
lationships via attention mechanisms (Transformer),
the following figure presents the overall structure of
both architectures:
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Figure 1. Overall architecture diagram of the hybrid
CNN-LSTM model

3. MATERIALS AND METHODS

To realize the proposed Integrated Hybrid Frame-
work, the study approaches the problem with a data-
centric orientation. We identify that the biggest bar-
rier hindering current forecasting performance lies
not only in algorithmic limitations but fundamentally
in the scarcity of high-information-content input (In-
put Scarcity) and serious asynchrony between data
streams.

Therefore, this section details the construction of
a Comprehensive End-to-End Feature Engineering
Pipeline. This pipeline is designed as a methodolog-
ical basis to rigorously address the asynchrony be-
tween high-frequency trading data and low-frequency
financial data, while eliminating look-ahead bias
risks. Based on the standardized and enriched data,
the study configures and trains specialized deep learn-
ing models to verify the hypotheses set forth.

3.1. Data and Modeling Context

The subjects of the study are 8 listed commercial
banks with market capitalization and liquidity among
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the top tier on the Vietnamese stock market: VCB,
BID, CTG, TCB, MBB, VPB, ACB, HDB. This selec-
tion is based on three criteria: (1) high capitalization
and liquidity ensuring feasibility for real-world strat-
egy deployment; (2) leading role in sector indices,
creating price spillover effects to the entire market;
and (3) availability and transparency of financial re-
port data.

The database includes:

* Market Data (OHLCYV): All trading sessions
from 01/2010 to 12/2025.12

¢ Quarterly Financial Reports: Key indicators
(NIM, NPL, LDR, CASA, ROE, ROA, P/B...)
extracted directly from officially published re-
ports. 13

* Macroeconomic Data: Policy rates, interbank
rates, exchange rates, used to check model sta-
bility.

Data splitting technique adheres to a Strict
Chronological Split:

* Training Set (01/2010-12/2022): ~13 years,
covering phases of crisis, growth, and recovery.

* Validation Set (01/2023-06/2024): ~18

months, used for hyperparameter tuning.

* Testing Set (07/2024-12/2025): Completely
new data phase (Out-of-sample) to evaluate
real-world performance.

3.2. Multi-level Feature Engineering Technique

The study approaches the problem with systematic
layering thinking, transforming raw data into opti-
mal input tensors through three intensive processing
steps: 14

3.2.1. Feature Space Construction

The input feature space is designed with multidimen-
sions comprising 30 variables, strictly categorized
into two functional groups to capture both market
behavior and intrinsic value:

Technical Universe: Calculated entirely from
past price and volume data, this group plays the role
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of capturing Market Sentiment and short-term cash
flow. 13:16

* Momentum Indicators: Using RSI (14) and
Stochastic Oscillator to detect local over-
bought/oversold zones; MACD Histogram to
measure trend intensity and divergence.

» Trend Indicators: EMA system (7, 21, 50)
helps smooth price noise; Bollinger Bands
provide information on relative volatility and
breakout points.

* Liquidity and Volatility: ATR (Average True
Range) measures absolute fluctuation range,
assisting in determining intraday risk.

Fundamental & Banking-Specific Universe:
This is a critical contribution of the study, integrat-
ing specific KPI indicators reflecting the financial
health ("value anchors") of credit institutions. Unlike
manufacturing enterprises, banks are evaluated via
the quantified CAMELS set of indicators: !’

* Profitability: NIM (Net Interest Margin) - Mea-
sure of the difference between interest income
and interest expense, reflecting core capital us-
age efficiency. ROE (Return on Equity) reflects
profitability performance for shareholders.

* Asset Quality: NPL (Non-Performing Loan Ra-
tio). This is a Leading Indicator; an increase
in NPL often signals increased provisioning,
eroding future profits and exerting downward
pressure on stock prices.

* Liquidity and Capital Adequacy: LDR (Loan-
to-Deposit Ratio) measures liquidity stress lev-
els; CASA (Current Account Savings Account)
reflects cheap capital cost, creating long-term
competitive advantage.

* Hybrid Valuation: P/B and P/E ratios are cal-
culated in real-time (Real-time Price / Lagged
Earnings), helping the model identify relative
expensive/cheap valuation states compared to
history.

3.2.2. Multi-frequency Data Fusion (Temporal Align-
ment)

The biggest challenge when integrating the "Feature
Universe" is the Frequency Mismatch between price

(daily) and fundamental indicators (quarterly). Linear
Interpolation often leads to data distortion. The study
solves this problem using the Backward Merge-As-Of
algorithm.

* Operating Mechanism: At each trading session
t, the value of fundamental variables F; (such
as NIM, NPL) is retrieved from the most re-
cent quarterly financial report that was actually
publicly available at time #,,, such thatz,,;, <t.

* Handling Latency: The study introduces a lag
parameter Ay, (typically 15-30 days after the
quarter ends) to accurately simulate the time
information reaches investors.

* Significance: This mechanism ensures Data In-
tegrity and completely eliminates look-ahead
bias, keeping empirical results absolutely faith-
ful to the actual investment context. '8

3.2.3. Robust Normalization

Vietnamese financial data is often non-Gaussian and
contains Fat-tails due to market shocks (Flash crashes,
arrest rumors). Traditional Z-score normalization
(based on mean and variance) is very sensitive and
easily distorted by these outliers. The study applies
Robust Scaling based on position statistics: 1

X —0(X)
03(X) — 01(X)

Where Q1, 0>, Q3 are the 25th, 50th (median), and
75th percentiles respectively. This method brings
data to a standard scale while preserving the original
distribution structure, helping the model learn more
stable patterns.

(M

chal ed =

3.3. Adaptive Thresholding and Asymmetric
Thresholds

Traditional labeling methods using fixed thresholds
often err by assuming price volatility is uniform
across stocks and market phases. To overcome this,
the study applies Adaptive Thresholding.® The core
principle is that the trend distinction threshold must
automatically adapt to the specific volatility o; of
each stock i and forecast horizon H. This threshold is
determined by the formula:

Threshold;;, = k- ;- Vh (8)
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Where:

* 0;: Standard deviation of daily returns of stock
i (calculated on the training set).

« /H: Time multiplier according to diffusion
law.

* k: Sensitivity adjustment coefficient.

Due to the long-term growth characteristic of the Viet-
namese market, the study applies asymmetric coeffi-
cient k to balance samples:

kup = 0.55
Kdown = 0.45

Choosing kgown < kyp helps the model be more sensi-
tive in detecting early downtrend signals, which often
occur faster and more severely than uptrends.

&)

3.4. Experimental Setup

To ensure scientific transparency and allow the re-
search community to reproduce results, we publish
detailed optimal hyperparameters. These parameters
are determined through a rigorous Grid Search pro-
cess on the Validation set, aiming to balance model
complexity and generalization capability. 2

3.4.1. Input Data Configuration

* Look-back Window: W = 30 sessions. This
parameter was selected based on empirical op-
timization results (Grid Search), representing
an optimal trade-off between: (1) providing
enough historical context for the model to rec-
ognize Pattern Recognition and (2) minimizing
the noise impact of distant past data with no
predictive value (Stale Information). This time
frame corresponds to about 1.5 trading months,
suitable for capturing short-to-medium-term
momentum specific to cash flow in the Viet-
namese market.?!

* Batch Size: B = 32. This size helps stabilize
gradient updates (Gradient Descent stability)
while efficiently utilizing GPU memory.

Vo Doan Xuan Tien et al.
3.4.2. Network Topology Configuration

Based on the technical specifications of the source
code, the architectural hyperparameters are set in de-
tail as follows:

For CNN-BiLSTM Model: The model receives
input of size (batch, seq_len, features) and permutes
dimensions to fit the convolutional layer.

* CNN Layer (Feature Extraction):
Uses 1 ConvlD layer with output fil-
ters (out_channels) = 64 and kernel size
(kernel_size) = 3. This layer is followed by a
1D Max Pooling layer with size 2 to reduce
dimensionality. A light Dropout layer (p = 0.1)
is applied immediately after CNN to enhance
generalization.

* Bi-LSTM Layer (Sequence Dependency
Learning): Consists of 2 stacked LSTM lay-
ers, set in bidirectional mode. Hidden state size
(hidden_size) is 64. Due to bidirectionality,
the output of this layer has a feature size of
64 x 2 =128.

* Output Layer (Classification): Uses a Lin-
ear (Fully Connected) layer receiving 128-
dimensional input and mapping to 3 target
classes (Up/Down/Sideways).

* Regularization: Applies Dropout with rate
p = 0.25 between LSTM layers and before the
final Linear layer.??

For Transformer Encoder Model: The model
processes data in ‘batch_first=True‘ format and uses
pooling mechanism by taking the last time step (x[:

7_17:])‘

* Input Projection: Original data is passed
through a Linear layer to project dimensions to
hidden vector space dpqe1 = 64.

* Positional Encoding: Added directly to fea-
ture vectors for the model to perceive temporal
order.

* Encoder Block: Uses 2 stacked Encoder layers
(N =2). Each layer includes Multi-Head Atten-
tion mechanism with 4 attention heads (h = 4)
to learn multi-dimensional relationships.
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* Position-wise Feed-Forward Network: Hid-
den layer size inside the Encoder block is set to
drr=128.

* Output Layer: After extracting features at the
last time step, data passes through a Dropout
layer (p = 0.25) and a final Linear layer to map
from d,,p40.1 = 64 to 3 result classes.

3.4.3. Training Setup

* Loss Function: Applies Focal Loss instead
of standard Cross-Entropy. With focusing pa-
rameter y = 2.0, this function is designed to
automatically down-weight "easy" examples
(usually the majority sideways trend) and focus
training on "hard" examples (important trend
reversal points). This strategy helps thoroughly
overcome the Class Imbalance phenomenon
specific to financial markets.??

* Adaptive Learning Rate Strategy: Learn-
ing rate is initialized at 1 = le=3 (0.001). To
ensure stable model convergence and precise
weight refinement when approaching the opti-
mum, the study applies dynamic ReduceLROn-
Plateau adjustment. Specifically, the system
monitors Validation Loss; if this metric does
not improve after a patience of 8 epochs, the
learning rate will be automatically reduced by
a decay factor of 0.5.%*

* Max Epochs: 100 epochs.

* Early Stopping: Patience = 20 epochs. If ac-
curacy on the validation set does not improve
after 20 consecutive epochs, training will au-
tomatically stop and restore the best weights
(Best Checkpoint) to avoid Overfitting.

4. RESULTS AND DISCUSSION
4.1. Evaluation Metrics

In the context of financial data often encountering
class imbalance, relying solely on accuracy can lead
to misleading conclusions. Therefore, the study es-
tablishes a multi-dimensional evaluation system in-
cluding:

* Accuracy: The ratio of correctly predicted
samples to the total number of test samples.

This metric provides an initial overview of
model performance.

* Precision: The ratio of correctly predicted
samples among all samples classified as that
class (TP / (TP + FP)). In trading, this met-
ric represents signal reliability; low Precision
implies the model emits many False Positives,
leading to loss risk when entering wrong posi-
tions.

* Recall (Sensitivity): The ratio of correctly pre-
dicted samples to the total actual samples of
that class (TP / (TP + FN)). This metric mea-
sures the model’s opportunity "capture” capa-
bility; low Recall means the system misses im-
portant price waves (False Negatives), causing
opportunity costs.

* Balanced Accuracy: Calculated as the arith-
metic mean of recall of each separate class
(Up/Down). This is a critical metric in this
study to eliminate "virtual accuracy" — where
the model merely predicts the majority class
(e.g., always predicting sideways). We estab-
lish a baseline threshold for Balanced Accuracy
at > 60% to confirm the model’s ability to ex-
ploit real signals.?

* Weighted F1-Score: The harmonic mean be-
tween Precision and Recall, weighted by the
number of samples of each class. This metric
ensures objective assessment of the harmony
between precision and coverage, especially im-
portant when label distribution is uneven.

4.2. Analysis and Discussion of Results by Hori-
zon

Empirical results record a distinct divergence in
model performance corresponding to the length of
the forecast horizon. This divergence reflects the
intrinsic movement law of the stock market: stochas-
ticity dominates in the short term, while fundamental
convergence dominates in the long term.

4.2.1. Performance on Short-term Horizon (Short-
term: T+1, T+3, T+5)

In short time frames, prediction performance is
strongly impacted by Market Noise, leading to signif-
icant challenges for deep learning models.
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Table 1. Average Performance on Test Set - Short-term

Horizon
Ticker | Hor. | Model Acc B. Acc F1
VCB T+1 | CNN-BIiLSTM | 55.38% | 50.52% | 45.80%
VPB T+1 | Transformer 56.57% | 58.24% | 51.44%
MBB | T+3 | CNN-BiLSTM | 59.41% | 61.34% | 56.46%
BID T+5 | Transformer 69.59% | 61.84% | 64.86%
Discussion:

* Impact of Random Walk Theory: For the ma-
jority of stocks (typically VCB, TCB at T+1),
Balanced Accuracy fluctuates around the ran-
dom threshold (50% - 55%). This reinforces
the hypothesis that in extremely short time
frames, price movements are mainly dominated
by crowd psychology and momentary news
(shocks), causing technical and fundamental
signals to be obscured, not yet having enough
time to reflect in the data structure.

* Capability to Detect Micro-patterns: Despite
noise influence, positive exceptions like MBB
(T+3) and BID (T+5) with Balanced Accuracy
exceeding 61% have demonstrated the potential
of deep learning architectures. Specifically, the
CNN-BiLSTM architecture effectively lever-
aged the local feature extraction mechanism, al-
lowing identification of candlestick patterns or
subtle volume fluctuations signaling short-term
momentum. This result suggests the potential
for applying the model to High-frequency trad-
ing strategies on highly liquid stocks.

4.2.2. Performance on Medium and Long-term Hori-
zon (T+30, T+60, T+90)

As the forecast horizon extends, the lag of finan-
cial information is gradually absorbed into prices.
This is the phase where models demonstrate supe-
rior performance, confirming the value of integrating
fundamental variables.

Table 2. Typical Performance on Medium and Long-term
Horizon (Balanced Acc > 80%)

Ticker | Hor. | Model Acc B. Acc F1

BID T+30 | Transformer 76.51% | 70.55% | 73.91%
CTG T+60 | CNN-BIiLSTM | 93.90% | 80.30% | 93.25%
HDB T+60 | Transformer 87.72% | 83.06% | 87.90%
VPB T+90 | CNN-BIiLSTM | 72.73% | 85.94% | 81.65%
HDB T+90 | Transformer 88.80% | 92.55% | 89.38%

Vo Doan Xuan Tien et al.

Discussion:

* Information Convergence Point at T+30: The
result of BID (Balanced Acc 70.55%) at T+30
reflects an optimal balance point, where stock
prices have reacted to macroeconomic changes
(interest rates, exchange rates) but have not yet
been diluted by uncertain factors too far in the
future.

* Leading Role of Industry Features: The strong
breakthrough at T+60 and T+90 frames (typ-
ically HDB reaching 92.55% Balanced Acc
and 89.38% F1-Score) is empirical proof that
banking-specific indicators (NIM, NPL, Credit
Growth) act as the main drivers shaping long-
term price trends. The Transformer model with
Attention mechanism learned this long-term
causal relationship effectively.

» Effectiveness of Adaptive Thresholding Tech-
nique: Applying Adaptive Thresholding suc-
cessfully filtered out sideways market phases
(sideway noise). This helped the training
dataset for long-term frames become "cleaner,"
clearly polarizing between Up and Down
trends, thereby significantly improving clas-
sification model accuracy.

4.3. Impact Analysis and Economic Significance
of Sector-Specific Features

One of the most significant contributions of this study
is providing quantitative evidence regarding the lead-
ing role of banking-specific indicators within deep
learning models. To decode the "interpretability"
mechanism and verify the alignment between model
results and financial theory, this study utilizes the
Mean Decrease in Impurity (MDI) technique to mea-
sure the degree of information contribution.

The most quintessential example of this pattern is
the case of VPB Bank. The tables below compare the
shifts in feature weights between two time horizons:
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Table 3. Top 5 most important features of VPB -
Short-term Horizon (T+5)

Rank | Feature Name | Indicator Group | Coefficient
1 MACD Technical 0.1514
2 Close_MA7 Trend 0.1385
3 RSI_14 Momentum 0.1293
4 High_to_Low | Price Volatility 0.1279
5 Volatility_14 Volatility Degree 0.1147

Table 4. Top 5 most important features of VPB -
Long-term Horizon (T+90)

Rank | Feature Name | Indicator Group | Coefficient
1 NPL (%) Credit Quality 0.1160
2 EPS (VND) Profitability 0.0641
3 Provision_Cov | Risk Provisioning 0.0620
4 Loan_to_Asset | Asset Structure 0.0520
5 Time_Index Long-term Trend 0.0464

The analysis results indicate that the model has
established an intelligent adaptive mechanism rela-
tive to the forecasting horizon:

¢ In the short-term horizon (T+5): The model
concentrates weights on technical indicators
(Volatility, MACD). This accurately reflects the
characteristics of the Vietnamese stock market,
where short-term fluctuations are often dom-
inated by crowd psychology and speculative
cash flow (Market Sentiment) rather than fun-
damental factors.

¢ In the long-term horizon (T+90): The weight
structure reverses completely toward Financial
Health indicator groups. The absolute dom-
inance of variables such as NIM (Profitabil-
ity Efficiency) and NPL (Credit Risk) demon-
strates that the model has automatically learned
to value the business based on intrinsic capa-
bilities. Specifically:

— NIM and Net Interest Income serve as
Growth Drivers.

— NPL and Provision Coverage Ratio serve
as Risk Discount Factors.

This shift demonstrates that integrating Domain
Knowledge not only improves statistical accuracy but
also enables the model to grasp the economic nature
of stock price movements, overcoming the limitations
of pure time-series forecasting methods.

4.4. Architecture Comparison: CNN-BiLSTM or
Transformer?

Experiments indicate distinct functional specializa-
tion between the two architectures, rejecting the "one-
size-fits-all" view:

¢ CNN-BiLSTM (Medium-term Stabilizer):
With the advantage of convolutional filters in
local noise reduction, this architecture main-
tains the highest stability in the medium term
(T 430 to T +60). It operates effectively as a
Trend Filter, minimizing false signals during
sideways market phases.

* Transformer Encoder (Long-term Spear-
head): At 7 + 90, Transformer completely
outperforms thanks to the Multi-Head Self-
Attention mechanism. Unlike recurrent net-
works (RNNs) which face limitations in "for-
getting" information in long sequences, Trans-
former establishes direct global connections,
allowing linking past macroeconomic events
(e.g., interest rate changes from 3 months ago)
with current price fluctuations. This ability
to model long-range dependencies is key to
achieving >90% accuracy.

From this performance divergence, the study recog-
nizes the potential to develop "Adaptive Multi-scale
Architectures"” in the future. Instead of maintaining
rigid separation, next-generation models could inte-
grate Context Gating mechanisms to automatically
adjust weights between local and global features. This
mechanism allows the model to dynamically adapt to
Market Regimes—automatically prioritizing stability
during accumulation phases and shifting to enhanced
sensitivity when confirming long-term macro trends.

4.5. Discussion: Contributions to Data Method-
ology and Managerial Implications

4.5.1. Core Value: Data-Centric Al Approach

Unlike previous studies that often focused purely on
refining model architectures (Model-Centric), this
study asserts that in financial problems, the biggest
barrier lies in input data quality and structure. The
most important contribution of the project is the stan-
dardization of the Data Construction Pipeline:
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* Thorough Resolution of Information La-
tency: Through the Backward Merge-As-Of
algorithm, the study proves that deep learn-
ing models are only truly effective when input
data strictly adheres to temporal causality, com-
pletely eliminating look-ahead bias often found
in financial report data.

* Handling Data Uncertainty: The applica-
tion of the Adaptive Thresholding mechanism
contributes a new methodology: Training data
needs to be "personalized" according to the
specific Volatility of each stock. This helps
separate Signal from Noise — a key foundation
for building clean datasets for financial time
series forecasting problems.

4.5.2. System Role Positioning: From "Forecasting”

to "Decision Support”

Experimental results show distinct performance di-
vergence between short and long terms, leading to a
repositioning of the model’s actual role:

» Strategic Reference Channel: Instead of be-
ing used as a risky High-frequency Trading
tool, the system optimizes the role of peri-
odic strategic planning. The convergence of
high accuracy at T+60 and T+90 frames aligns
with efficient market theory: In the short term,
prices are strongly impacted by crowd psychol-
ogy and random news (Random Walk), mak-
ing prediction low-probability. Conversely, in
the medium and long term (equivalent to 1
quarter), price fluctuations more closely reflect
Fundamental factors and macro cycles — fea-
tures that the Transformer architecture excels
at extracting and memorizing.

* "Independent Critic'' Mechanism (Second
Opinion): The system operates as an objec-
tive hypothesis verification layer (Cross-check
mechanism). In investing, humans often suf-
fer from psychological biases like FOMO (fear
of missing out) or Loss aversion. When an
investor’s subjective judgment coincides with
the model’s long-term signal, reliability is re-
inforced. Conversely, a contradiction acts as
an early warning signal, forcing investors to
review risks with discipline rather than acting
on emotion.

Vo Doan Xuan Tien et al.

 Parallel Consensus Strategy as a Safety Fil-
ter: This strategy aims not to maximize the
number of orders, but to optimize order quality
(Precision over Recall). By acting only when
there is consensus between different model ar-
chitectures, investors accept missing ambigu-
ous opportunities ("gray zones") to preserve
capital. This is risk management thinking con-
sistent with professional financial institution
standards.

5. CONCLUSION AND RECOMMENDATIONS
5.1. Conclusion

This study has successfully established a methodolog-
ical framework for applying deep learning to analyze
the Vietnamese stock market, shifting the focus from
"pure price prediction" to "data construction and de-
cision support". Key conclusions include:

1. Standardization of Data Engineering: The
study’s greatest contribution is the multi-level
"Feature Universe" construction process and
multi-frequency data processing technique. We
affirm that integrating Domain Knowledge into
data cleaning and structuring is a prerequisite
for Al to operate effectively in noisy environ-
ments like the stock market.

2. Objective Reference Framework with Rea-
sonable Trade-off: The system has proven its
role as a powerful support tool in medium and
long-term horizons. Empirical results achieved
impressive accuracy (Balanced Accuracy >
80% at T + 60,T 4 90) on selected data sam-
ples. It should be emphasized that this result is
achieved through a trade-off between Coverage
and Precision: The model accepts not making
predictions during sideways market phases to
ensure the highest reliability when the trend is
clear.

3. Risk Management Mindset as Foundation:
Through the Adaptive Thresholding mecha-
nism and Parallel Consensus Strategy, the study
prioritizes capital safety over expected profit.
The model does not replace human decision-
making but acts as a "filter" helping to elimi-
nate false signals and confirm high-quality in-
vestment opportunities, assisting investors in
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maintaining discipline in the face of market
volatility.

5.2. Recommendations and Future Directions

The methodological value of the study — particularly
the Backward Merge data processing and adaptive la-
beling — has high generalizability. Potential expansion
directions include applying this processing framework
to other sectors or macroeconomic forecasting prob-
lems, contributing to the substantive development of
Al in Finance in Vietnam.
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