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Abstract

Financial market forecasting is increasingly incorporating textual sentiment cues from news and financial
reports alongside traditional market indicators. While prior work has frequently incorporated aggregated
daily sentiment indicators, the temporal structure through which sentiment propagates into market move-
ments remains underexplored. Sentiment influence on index price dynamics may continue beyond a single
observation period, thereby limiting the ability of point-in-time sentiment measures. Moreover, predictive
performance is often evaluated using regression metrics such as Mean Absolute Error and Mean Absolute
Percentage Error. Although these metrics provide valuable insights into prediction error, they fall short of
capturing the effectiveness required in financial settings, where accurately predicting the direction of price
movements is crucial. To address these limitations, we introduce temporally sentiment features that capture
the persistence and evolution of market perception over time rather than relying on the last-day sentiment.
In addition, we propose a Transformer-based forecasting architecture specifically designed to model temporal
dependencies between sentiment and index returns. Our approach also prioritizes directional evaluation and
incorporates an asymmetric custom objective function to better address the risks associated with negative
market movements. Findings indicate that, while conventional error metrics are comparable to baseline
models, the integration of temporal sentiment significantly enhances overall directional prediction. Fur-
thermore, employing an asymmetric custom objective function especially in the context of the Transformer
based model improves the identification of downward trends while ensuring a more effective balance between
positive and negative market fluctuations.
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1. Introduction

The stock market plays a central role in the global economic system, serving as a key mechanism for
capital allocation, risk transfer, and information aggregation. Major indices such as the S&P 500 and
NASDAQ reflect the performance of large segments of the econ- omy and influence investment decisions made
by institutions, policymakers, and individual investors [1, 2]. As a result, understanding and forecasting
index movements is of substantial economic and practical importance. In addition to traditional market
variables such as prices, returns, and trading volumes, financial news and public sentiment significantly affect
investor behavior and market trends [3, 4]. With recent advances in natural language processing, sentiment
analysis has become an important tool for extracting signals from financial texts and incorporating them
into forecasting models [5, 6].

Financial markets are inherently characterized by volatility and noise. Price variations are driven not only
by observable economic indicators but also by unpredictable events such as macroeconomic announcements,
geopolitical crises, natural disasters, or sudden policy changes [7]. These shocks can alter expectations
rapidly and generate abrupt fluctuations in returns. As a result, market behavior often exhibits nonlinear
dynamics and complex interactions across time, making accurate forecasting particularly challenging [7, 8].

Existing research demonstrates that integrating news sentiment with market data can enhance stock
prediction performance [9, 10]. Predominantly, existing methodologies utilize a singular daily sentiment
score derived from financial news, which is then incorporated into regression models alongside historical
prices or technical indicators [11]. Although these approaches can reduce numerical prediction error, they
often regard sentiment as a signal relevant only for the same day.

However, the impact of news may persist beyond a single day, as information can influence market behavior
across multiple periods rather than at a singular, isolated point in time [5]. For example, a major earnings
surprise, a regulatory investigation, or the announcement of a global health crisis may trigger an initial
price reaction, followed by continued adjustments over subsequent trading sessions as investors reassess risk,



rebalance portfolios, and incorporate additional related information. In such cases, treating sentiment as a
purely contemporaneous signal may underestimate its temporal propagation and delayed market effects.

Another limitation of existing approaches lies in evaluation methodology. Conventional metrics such as
MAE and MAPE quantify prediction error but do not fully capture the requirements of financial decision-
making, where correctly anticipating the direction of price movements is often more critical than minimizing
numerical deviations [11]. While the majority of prior work reports good overall recall and precision, these
results often reflect a bias toward predicting positive movements, since most models tend to favor the majority
class [12, 13]. This behavior can be particularly costly in finance: predicting an upward movement when
the market actually declines (a false positive) can lead to substantial losses. To address this, we reformulate
the task as a classification problem and implement Transformer-based models with a custom asymmetric
loss function that penalizes false positives more heavily [6, 14]. Our experiments show that this approach
substantially improves the detection of negative trends while maintaining reasonable performance on upward
movements. Although performance is not perfectly balanced across both directions, the model avoids extreme
bias toward a single class and achieves a more reliable trade-off between positive and negative predictions,
particularly during volatile market periods.

We extend a baseline framework by introducing sentiment features that capture per- sistence and evolution
over time and integrate them into the same predictive pipeline for controlled comparison [5, 11]. Both LSTM-
and Transformer-based models are employed to assess the effectiveness of sequential architectures in capturing
these temporal patterns [8, 14]. We further emphasize directional evaluation and adapt the modeling strategy
to better account for asymmetric risks associated with negative market movements. Our objective is to
determine whether temporally structured sentiment, combined with advanced sequential modeling, provides
more informative signals and leads to improved directional forecasts in financial prediction tasks.

The main contributions of this work are summarized as follows:

• We introduce temporally structured sentiment features that effectively capture the persistence and
dynamic evolution of market perception, moving beyond the limitations of single-day aggregated
sentiment signals.

• We propose a Transformer-based forecasting model designed to leverage these temporal representa-
tions and model dependencies between sentiment dynamics and stock index returns.

• We emphasize directional evaluation and incorporate an asymmetric objective formulation to enhance
the prediction of downward market movements, which is particularly relevant in financial contexts.

All experiments were conducted using our proposed framework. The code is available at: https://
github.com/benjaanabil/D-Stock-Prediction-with-T-Sentiment.

2. Related Work

Machine learning methods, espacially deep learning methods have become increasingly prominent in stock
market prediction due to their ability to capture nonlinear relationships in financial time series [1, 2]. Sequen-
tial models such as Long Short-Term Memory (LSTM) networks, have demonstrated strong performance in
modeling temporal dependencies [7, 8]. More recently, transformer-based models leverage attention mecha-
nisms to capture long-range dependencies and complex interactions, offering improved representation learning
for financial forecasting tasks [6, 14].

Sentiment analysis from financial news has emerged as an important exogenous signal for stock predic-
tion. Domain-specific language models such as FinBERT enable precise extraction of sentiment scores from
textual data, which can then be combined with historical prices and technical indicators to enhance fore-
casting performance [4, 5, 9]. Early approaches generally modeled sentiment as a single daily score, which
while improving overall numerical accuracy, often resulted in poor directional prediction, particularly for
negative movements. The FinBERT-LSTM framework proposed by Gu et al. [11] serves as a representative
baseline, integrating daily sentiment scores with historical stock prices. Despite achieving strong overall
accuracy, directional evaluation revealed significant imbalance, with models favoring upward movements and
underperforming on downward trends.

Subsequent studies have explored the use of transformer-based architectures and hybrid sequential models
to address these limitations. These studies generally improve overall directional performance by capturing
richer temporal and contextual dependencies [6, 14]. However, most of them still report a bias toward
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positive trends, and negative movement detection remains challenging, which is particularly costly in financial
applications due to the asymmetric impact of false positives.

In summary, prior research demonstrates the benefits of integrating sentiment and leveraging advanced
sequential architectures for stock prediction. Nonetheless, a common limitation is the imbalance in directional
performance, especially for negative movements. Our work addresses this gap by modeling sentiment as a
temporal signal and introducing a custom asymmetric loss function in both LSTM- and Transformer-based
models. This explicitly improves the detection of negative trends while maintaining balanced performance
across upward and downward movements, enhancing reliability in financial decision-making.

3. Methodology

This section describes the proposed framework in detail, following the pipeline shown in Figure 1.

Figure 1. Overall architecture of the pipeline

Our approach builds upon the FinBERT-LSTM framework proposed by Gu et al. [11], which we use
as a benchmark baseline for comparison. By enriching sentiment representation and reformulating the
prediction task to better capture market direction. Our methodological approach combines a conventional
forecasting framework with temporally structured sentiment features, sequential modeling techniques, and
an asymmetric classification strategy.

Figure 1 presents the overall architecture of the proposed framework. The pipeline consists of four
main stages. First, financial news and historical price data are collected and temporally aligned on a daily
basis. Second, news articles are processed using FinBERT to generate daily sentiment scores, which are
then transformed into rolling temporal sentiment features. Third, these engineered sentiment features are
combined with historical price sequences to form sequential inputs. Finally, the combined sequences are fed
into either an LSTM or a Transformer model to perform next-day prediction, formulated either as regression
(price forecasting) or as directional classification with an asymmetric objective function.

3.1. FinBERT Score

To quantify the sentiment expressed in financial news text, we use FinBERT, a transformer-based lan-
guage model specifically adapted to the financial domain [5]. FinBERT is built upon the BERT architecture



and pre-trained on large collections of financial communications and reports, allowing it to capture domain-
specific terminology and sentiment patterns that differ from general-language models. The model takes
financial text sequences such as news headlines as input, which are tokenized and encoded to produce a
contextual semantic representation of the entire text.

FinBERT outputs probabilities for three sentiment classes: positive, neutral, and negative. These prob-
abilities are combined to produce a single continuous sentiment score ranging from −1 (strongly negative)
to +1 (strongly positive), with values near zero indicating neutral sentiment. When multiple news items
correspond to the same calendar date, their sentiment scores are averaged to obtain a single value aligned
with the corresponding price observation. These aggregated sentiment values are then used as explanatory
features in the predictive modeling framework.

3.2. Sentiment Feature Engineering

The baseline relies on a single sentiment value per day, which cannot capture delayed or cumulative
reactions of the market to news. To address this limitation, we construct temporally-informed sentiment
features derived from the daily FinBERT score St. Let St denote the sentiment score at time t, and let k be
the rolling window size. The following features are computed:

Table 1. Mathematical definition of sentiment features.

Feature Definition
Sentiment direction Sit = sign(St)

Sentiment difference ∆St = St − St−1

Momentum M
(k)
t = St − St−k

Rolling mean S
(k)
t = 1

k

∑k−1
i=0 St−i

Rolling volatility σ
(k)
t =

√
1
k

∑k−1
i=0 (St−i − S

(k)
t )2

Expected Sentiment Shift (ESS) ESSt =
1
k

∑k−1
i=0 Sit−i|St−i|

Sentiment Confidence Score (SCS) SCSt =
1
k

∑k−1
i=0 |St−i|

Weighted Sentiment Ratio (WSR) WSRt =
∑t

i=t−k max(Si,0)∑t
i=t−k

|min(Si,0)|+ϵ

Sentiment Polarity Ratio (SPR) SPRt =
∑t

i=t−k max(Si,0)−
∑t

i=t−k |min(Si,0)|∑t
i=t−k

|Si|+ϵ

Sentiment shock Shockt = ESSt − ESSt−1

where:

• St is the FinBERT sentiment score at time t,
• Sit represents sentiment polarity,
• k is the temporal window size,
• ϵ is a small constant preventing division by zero.

The rolling window size was set to k = 3 to capture the short-term impact of financial news on market
behavior. Financial sentiment typically affects prices within a few trading days, making short windows
more appropriate for modeling rapid reactions. From the data perspective, the sentiment series exhibits high
variability and non-stationary behavior; using a small window improves the stability of derived features while
limiting noise accumulation and avoiding excessive smoothing. Empirical experiments with larger windows
(k = 5, k = 10) led to weaker directional performance, particularly in terms of mean directional accuracy
we will discuss later. Thus, k = 3 provides an effective trade-off between responsiveness, stability, and noise
control in temporal sentiment modeling.

To reduce dimensionality and remove redundant sentiment signals, we apply a Random Forest classifier
to rank feature importance [15]. The model is trained on candidate sentiment features, and the resulting im-
portance scores are used to select the most predictive variables. Only the five top-ranked features ‘Sentiment
direction‘, ‘Sentiment difference‘, ‘Sentiment shock‘, ‘Sentiment Confidence Score‘, and ‘Expected Sentiment
Shift‘ are retained and used as inputs for the subsequent LSTM or Transformer models, improving efficiency
and minimizing noise.



3.3. Sequential Regression Models

Stock prediction is formulated as a sequential learning problem using time-series inputs composed of
historical prices and sentiment features. Let Pt denote the daily closing price and Ft the sentiment feature
vector. Each input sequence is defined as:

Xt = [Pt−T+1:t, Ft−T+1:t],

where T is size of the look-back window.
Following the framework proposed by Gu et al. [11], which we adopt as our benchmark baseline, the initial

task is formulated as a regression problem aimed at predicting the next-day closing price. In this context,
it refers to the previously published FinBERT-LSTM model that combines a single daily sentiment score
with historical price data. We reproduce this setup to ensure fair comparison and to evaluate whether our
temporally structured sentiment features provide additional predictive value.

To show the effectiveness of temporal sentiment features, we retain the same LSTM architecture used in
the baseline and extend its input space by incorporating the selected temporal sentiment features alongside
historical price sequences. The model is trained to minimize prediction error between the estimated and
actual next-day closing prices.

Although this regression formulation enables benchmarking against existing approaches, it is important
to note that numerical accuracy alone does not ensure reliable directional forecasts. Price estimation does
not necessarily translate into reliable prediction of market direction; this limitation motivates the directional
modeling approach presented in the next section. For instance, a model may produce predictions that are
numerically close to the true price while still failing to correctly anticipate whether the market will move
upward or downward. In financial decision-making, such errors can lead to incorrect trading positions despite
seemingly accurate forecasts.

3.4. Directional Classification with Asymmetric Loss

To better capture upward and downward market movements, the prediction task is reformulated from
regression to binary classification, where the objective is to predict the next-day price direction rather than
the exact price value. This formulation aligns more closely with financial decision-making, where correctly
anticipating negative movements is particularly critical for risk management.

The baseline regression setup is reformulated as a directional classification task aimed at predicting the
next-day price trend. To construct the target, daily price changes are first expressed as returns. Let Pt

denote the closing price at time t. The return is computed as:

rt =
Pt − Pt−1

Pt−1
.

The prediction target is then defined based on the sign of the next-day return:

yt =

{
1, if rt+1 > 0,

0, otherwise.
This formulation enables the model to focus on directional movement rather than exact price values.

We retain the same LSTM architecture used in the regression setting and replace the final layer with a bi-
nary classification head. The model outputs the probability of an upward movement via a sigmoid activation
function [16], producing values in the interval [0, 1]. The predicted class label is then obtained using standard
probability thresholding at 0.5, where 1 denotes an upward movement and 0 denotes a downward movement.
The network is trained on sequential inputs composed of historical prices and engineered sentiment features
to capture temporal dependencies relevant to market direction.

3.5. Asymmetric Objective Function

Financial markets exhibit asymmetric risk, where predicting a positive movement during an actual down-
turn can lead to substantial financial losses. In contrast, predicting a negative movement when the market
actually rises is generally more acceptable in practice, as it mainly results in a missed opportunity rather



than a direct loss. This asymmetry motivates the use of an objective function that treats these two types of
errors differently.

To address this issue, we introduce a custom asymmetric objective function that penalizes false positive
predictions more heavily than false negatives. The loss is defined as:

L(y, ŷ) = BCE(y, ŷ) + λ · ŷ(1− y),

where BCE denotes binary cross-entropy

BCE(y, ŷ) = − [y log(ŷ) + (1− y) log(1− ŷ)] .

and y ∈ {0, 1} represents the true direction, ŷ is the predicted probability, and λ > 1 controls the penalty
assigned to false positives. This formulation reflects financial decision-making constraints, improving sensi-
tivity to negative market movements while allowing the model to tolerate conservative predictions that may
miss some positive trends but avoid costly incorrect bullish signals.

We hypothesize that introducing an asymmetric objective within the LSTM framework will improve the
detection of negative trends, which are often underrepresented in conventional models. This hypothesis is
motivated by financial decision-making considerations, where failing to anticipate a market downturn can
lead to direct financial losses, whereas predicting a decline during an actual upward movement mainly results
in missed investment opportunities. However, we also expect that stronger penalization of false positives
may reduce performance on positive movements, as the model may become more conservative and less likely
to predict upward trends. The empirical validity of this hypothesis is evaluated in the experimental section.

3.6. Transformer-Based Directional Modeling

LSTM models process data sequentially, older signals fade, causing the model to default to safe, aver-
age predictions to minimize errors. The Transformer encoder avoids this limitation. By using attention
mechanisms, it views the entire history of price and sentiment data at once without compressing it. This
direct access allows the Transformer to confidently spot the distant patterns that trigger positive or negative
movements, making accurate predictions rather than defaulting to the mean, even under the exact same loss
penalty.

This configuration leads to more balanced directional performance, improving the detection of negative
trends while maintaining competitive accuracy for positive movements. The combination of temporally
structured sentiment, attention-based modeling, and asymmetric learning provides a more robust framework
for directional financial forecasting.

3.7. Implementation

Two deep learning architectures were implemented to predict next-day market direction from historical
returns and news-based sentiment signals. Daily FinBERT sentiment scores were aggregated into temporal
features, and the most informative variables were selected using a Random Forest importance ranking. Input
sequences of 10 consecutive days, composed of past returns and selected sentiment indicators, were used for
both models.

The LSTM-based classifier, implemented in TensorFlow/Keras, consists of a three-layer stacked LSTM
network with 70, 30, and 10 hidden units, respectively. Dropout regularization (rate = 0.2) was applied to
the first LSTM layer to mitigate overfitting. The final hidden representation was fed into a fully connected
layer with a sigmoid activation function to perform binary classification. The model was trained using the
Adam optimizer (learning rate 5 × 10−4) for 100 epochs with an asymmetric binary cross-entropy loss to
penalize misclassification of negative market movements more heavily.

The Transformer-based classifier, implemented in PyTorch, projects the same 10-day input sequences
into a 64-dimensional embedding space with learnable positional encodings. The representations are pro-
cessed by a two-layer Transformer encoder (4 attention heads, feed-forward dimension 128). The encoded
sequence is mean-pooled and passed to a fully connected classification layer. The model was trained using
Adam (learning rate 3× 10−4) for 200 epochs with binary cross-entropy loss.

Performance was evaluated on chronological splits using accuracy, precision, recall, F1-score, and Mean
Directional Accuracy (MDA). The MDA is defined as:



MDA =
1

N

N∑
t=1

1
(
sign(yt − yt−1) = sign(ŷt − yt−1)

)
,

where 1(·) denotes the indicator function. MDA ranges between 0 and 1. Under balanced class probabil-
ities, a value of 0.5 corresponds to random directional guessing, while values above 0.5 indicate predictive
skill. In financial time-series forecasting, even moderate improvements above the naive benchmark can be
economically meaningful, and sustained MDA levels above 0.6 are generally considered strong out-of-sample
performance for liquid equity indices [17, 18].

4. Experiments and Results

4.1. Datasets

• Stock Price Datasets
The stock price dataset includes the following variables: Date, Open, High, Low, Close, Adjusted Close,
and Volume. Daily returns were computed from closing prices and used for modeling and price movement
analysis. Historical data for the NASDAQ Composite and the S&P 500 indices were downloaded from Yahoo
Finance[19]. To avoid look-ahead bias, the datasets were split chronologically. For the NASDAQ Composite,
the sample was divided into a training set (85%, 2,400 observations, February , 2009–January , 2019) and
a test set (15%, 424 observations, January , 2019–June , 2020), with the latter including the onset of the
COVID-19 market regime. Similarly, the S&P 500 dataset was split into a training period (85%, June
2009–January 2019) and a test period (15%, January 2019–June 2020), also covering the emergence of the
COVID-19 crisis.

• Financial News Sentiment
The sentiment dataset contains 13 columns, including the Date column and FinBERT sentiment scores.

For NASDAQ, we collected 843,062 news articles from the publicly available NASDAQ News dataset hosted
on Hugging Face [20]. The raw news corpus was filtered, processed, and temporally aligned with corre-
sponding stock price observations as part of our data construction pipeline. To focus on relevant market
movements, the news was filtered using keywords related to NASDAQ, selecting up to 10 articles per day
over the entire period. For the S&P 500, we collected 243,519 news articles from the Hugging Face S&P 500
News corpus [21]. Similar preprocessing, filtering, and alignment procedures were applied to construct the
final dataset used for modeling. During preprocessing, we observed incomplete company-level coverage in the
raw corpora, which could introduce temporal sparsity in sentiment signals. To ensure consistent daily repre-
sentation, we collected additional company-related news from the same Hugging Face source when coverage
was incomplete. This gap-filling procedure was applied systematically to maintain balanced and continuous
sentiment signals across the entire observation period.

The FinBERT model was applied to these daily news headlines, and the mean sentiment score for each day
was computed. These daily scores, ranging from -1 (strongly negative) to 1 (strongly positive), were used to
generate engineered sentiment features for modeling. The mean near zero indicates balanced sentiment over
the period.

4.2. Baseline Replication

We first replicated the baseline approach [11] using a single sentiment feature (FinBERT score) with the
original LSTM architecture. While regression metrics were strong, directional performance remained limited,
as shown in Table 2. In particular, although the baseline model achieved high accuracy (0.955), its MDA
was below 0.5 (0.467), indicating poor directional skill and bias toward the majority class.

We then replaced the single daily sentiment score with the selected temporal sentiment features described
in Section 3.2. As reported in Table 2, this enhancement improved both regression and directional perfor-
mance, increasing MDA from 0.467 to 0.524 and accuracy from 0.955 to 0.983. This discrepancy between
high accuracy and low MDA further confirms that accuracy alone can be misleading in imbalanced directional
forecasting settings.

The global MDA represents the overall proportion of correctly predicted directions, while MDA+ and
MDA− measure directional accuracy conditional on upward and downward movements, respectively. The



Table 2. Comparison of baseline LSTM with finbert score and LSTM with top temporal sentiment features
on NASDAQ.

Model MAE MAPE (%) Accuracy MDA MDA+ MDA−
LSTM (baseline) 0.00083 21.77 0.955 0.467 0.806 0.257
LSTM + Top Sentiment Features 0.00072 19.55 0.983 0.524 0.725 0.385

strong imbalance between MDA+ and MDA− confirms that both model are biased toward predicting upward
movements.

4.3. Classification with Asymmetric Objective

We evaluate the classification formulation using the proposed asymmetric objective. We retained the same
LSTM architecture as the baseline but replaced the output layer with a sigmoid activation. In addition, we
introduced a custom asymmetric loss function to penalize incorrect predictions of negative market movements
more heavily.

4.3.1. LSTM Classification Results

We evaluated the LSTM classification model under two settings to assess the contribution of sentiment
feature engineering and the asymmetric objective function.

First, the classification model was trained using only the raw FinBERT sentiment score and standard
binary cross-entropy loss, replicating the baseline configuration. As reported in Table 3, the overall directional
performance was modest (MDA = 0.515). While this value is slightly above 0.5, it does not necessarily imply
strong predictive skill, particularly given potential class imbalance in equity markets.

More importantly, the model exhibited clear asymmetry across classes. The F1-score for positive move-
ments was 0.594, compared to only 0.398 for negative movements. Similarly, recall for the negative class
(0.381) was substantially lower than for the positive class (0.613), confirming the model’s difficulty in cor-
rectly identifying downturns, especially during volatile periods such as the early COVID-19 market shock.

Next, we incorporated the proposed sentiment feature set and applied feature selection, combined with
an asymmetric objective function to penalize misclassification of negative movements. As shown in Table 3,
this configuration produced consistent improvements across evaluation metrics. The MDA increased from
0.515 to 0.592. Importantly, the F1-score for negative movements improved markedly from 0.398 to 0.526,
and negative recall rose from 0.381 to 0.540, indicating substantially better detection of market downturns.

Although the asymmetric loss improved sensitivity to negative movements, higher penalty values reduced
performance on positive predictions, reflecting the trade-off inherent in cost-sensitive learning. The parameter
λ was selected through hyperparameter experiments by testing values in the range [0.5, 2.0] with increments
of 0.25. Model performance was evaluated using class-wise directional accuracy, and λ = 1.25 was chosen as
it provided the best empirical balance between improved detection of negative movements and acceptable
performance on positive predictions.

Table 3. Comparison of LSTM classification performance on NASDAQ: baseline vs. enhanced model with
sentiment features and asymmetric loss.

Model Class Precision Recall F1-score Accuracy / MDA

Baseline LSTM (FinBERT only) Positive 0.576 0.613 0.594 0.515Negative 0.417 0.381 0.398

LSTM + Sentiment Features + Asymmetric Loss Positive 0.640 0.595 0.617 0.592Negative 0.513 0.540 0.526

4.3.2. Transformer Classifier Performance

We compared the proposed Transformer classifier with our previous LSTM-based model (see Table 3) to
assess improvements in directional forecasting when using sentiment features and an asymmetric loss. The
comparison is summarized in Table 4, which presents class-wise precision, recall, and F1-scores for positive
and negative market movements, as well as overall accuracy and MDA.



Table 4. Comparison of LSTM and Transformer classification performance on NASDAQ only during the
COVID-19 volatile period.

Model Class Precision Recall F1-Score

LSTM + Sentiment Features
+ Asymmetric Loss

Positive 0.561 0.651 0.603

Negative 0.559 0.592 0.575

Accuracy / MDA = 0.592

Transformer + Sentiment Features
+ Asymmetric Loss

Positive 0.748 0.524 0.616

Negative 0.659 0.839 0.738

Accuracy / MDA = 0.688

Table 4 shows that the Transformer improves overall accuracy and MDA compared to the LSTM. It
achieves notably higher recall for negative movements (0.839 versus 0.592 for the LSTM), reflecting improved
sensitivity to market downturns. Positive recall is slightly lower (0.524), highlighting the trade-off introduced
by the asymmetric loss function. These results indicate that, while the Transformer performs better in
detecting negative trends, no model achieves perfect prediction in both directions. Although Table 4 focuses
on the NASDAQ dataset, the model was also evaluated on the S&P 500 index to assess generalizability. On
the S&P 500, the Transformer achieved an accuracy (and MDA) of 0.661. Precision scores were balanced
across classes, with 0.646 for positive movements and 0.675 for negative movements. Recall values were
similarly symmetric (0.639 for positive and 0.681 for negative movements), resulting in F1-scores of 0.642
(positive) and 0.678 (negative).

We further compared our Transformer with three recent studies that report directional accuracy on NAS-
DAQ or S&P 500. We applied our model also on S&P 500 during comparable test periods (see Table 5).
These studies were selected because they (i) cover the same stock indices, (ii) are closer in time to our
evaluation period, and (iii) report overall directional accuracy metrics.

Table 5. Comparison of Transformer with selected recent directional forecasting studies. Models are cited
in the related work section.

Study / Model Market Directional Accuracy / MDA
ATFNet + StockMixer [22] NASDAQ 0.412
Blending Ensemble (PMC8446482) [23] NASDAQ 0.667
Random Forest + LSTM (Zhong & Hitchcock, 2021) [24] S&P 500 0.662
LSTM + Sentiment Features + Asymmetric Loss NASDAQ 0.592
LSTM + Sentiment Features + Asymmetric Loss S&P 500 0.610
Proposed Transformer NASDAQ 0.688
Proposed Transformer S&P 500 0.662

Several observations arise from Tables 4 and 5:
• The Transformer achieves higher overall MDA than LSTM and slightly outperforms the selected

recent studies. However, differences in datasets, testing periods, and market conditions make direct
comparison challenging.

• Most prior studies report only overall directional accuracy or MDA and do not provide class-wise
metrics (positive vs. negative). As a result, their models may achieve high MDA by primarily predict-
ing upward movements, potentially underperforming in detecting negative trends. Our Transformer
explicitly maintains strong negative recall, which is particularly relevant for risk management.

• Many high-performing models in the literature are evaluated on relatively stable market periods. By
contrast, our evaluation includes the onset of the COVID-19 pandemic, a period of extreme volatility.
Maintaining high negative recall during such turbulent times suggests the Transformer is robust to
regime shifts.

• While the Transformer performs well, recall for positive movements (0.524) is lower than negative
recall, indicating that no model is perfectly balanced. This emphasizes the importance of reporting
and analyzing class-wise performance rather than relying solely on aggregated metrics like MDA.



• The comparison highlights that even if other papers report strong directional metrics, their results
may not generalize to volatile periods or reflect sensitivity to downward movements. Including
positive/negative analysis provides a more realistic and practical assessment for financial forecasting.

These results demonstrate that both overall accuracy and directional balance are crucial for evaluating
market prediction models. Our Transformer model shows competitive performance while explicitly addressing
the challenge of negative movement detection in volatile market conditions.

5. Conclusion

This paper proposes a directional stock forecasting framework that integrates temporally structured senti-
ment derived from financial news with historical price series. Unlike traditional regression-based approaches,
the prediction task is reformulated as a binary classification problem to better reflect financial decision-
making requirements, where anticipating market direction is often more critical than minimizing numerical
error.

The methodology combines sentiment representations extracted using FinBERT with temporal feature
engineering and feature selection, and evaluates sequential deep learning models, including LSTM and Trans-
former architectures. In addition, a custom asymmetric objective function is introduced to penalize risky
false positive predictions, improving sensitivity to negative market movements while maintaining balanced
performance across positive and negative trends.

Experimental results demonstrate that modeling sentiment as a dynamic temporal signal, rather than a
single daily observation, contributes to improved directional forecasting. Both LSTM- and Transformer-based
models benefit from the proposed formulation, with the Transformer providing competitive performance in
capturing complex temporal dependencies and improving directional stability.

Future work will focus on extending the framework to multiple tickers and longer historical periods
to improve generalization and robustness across market conditions. Additional feature types, including
technical indicators, macroeconomic variables, and richer topic-specific sentiment representations, could
further strengthen predictive performance. Exploring adaptive or regime-aware objective functions may
also help balance financial risk and opportunity under different market environments. Moreover, generating
synthetic financial time series that replicate realistic market behavior could support training when historical
data are limited, while zero-shot and transfer learning strategies may enable models to generalize to unseen
tickers with minimal retraining. Finally, integrating backtesting procedures and strategy-level evaluation
will be essential to assess the practical financial impact of the proposed approach beyond predictive metrics,
and hybrid or ensemble architectures may further enhance directional forecasting performance.
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