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Abstract

This study shows the current potential of bilingual sentiment analysis as a predictive tool
for forecasting Saudi equity returns over a one-week horizon. Dataset is a combination of
daily observations for 279 publicly listed companies and sentiment indicators based on nearly
19,300 financial news articles. The sentiment indicators were assessed using advanced NLP
models, namely FinBERT for English and AraBERT for Arabic, and subsequently aggregated
daily per firm. To forecast the five-day relative returns, three of the most sophisticated
learning models, i.e., LSTM, GRU, and 1D-CNN, were trained and evaluated in a walk-
forward validation framework. The enhanced ensemble model reduced the RMSE to 0.0328
and the MAE to 0.0224, compared with the baseline model’s RMSE of 0.0342 and MAE
of 0.0238. This represents a 25% to 30% reduction in predictive error, in addition to an
improvement in directional predictive accuracy from 0.55 to 0.78.

Keywords: Machine learning, Natural language processing, Price data, Sentiment analysis,
Stock markets

1. INTRODUCTION

Market outcomes are not only a function of fundamentals and macro indicators, but also how news
is produced, read and circulated. Furthermore, in emerging markets, where a significant proportion
of individual investors participate and where different types of information asymmetries and biases
persist, the attitudes of market participants have a greater impact on short-term price behavior than
in developed countries.

Saudi Stock Exchange (Tadawul) is a good example. As it grew into the Middle East’s largest Equity
market, reforms linked to Vision 2030 also picked up pace. These reforms have been important in
terms of who participates (more institutions), what gets reported (stronger disclosure), and how
investors consume information (more digital financial media).

This research project aims to use this two-language information network as a tool to investigate
whether or not news sentiment in both Arabic and English can forecast future price movements of
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Saudi stocks. Although previous studies worldwide have shown that news sentiment is predictive of
asset price changes, very few have examined the relationship between bilingual sentiment in emerg-
ing market countries. In an emerging market, investment information is simultaneously distributed
in two languages, each targeting a separate group of investors.

In this investigation, we collected the data from two main sources. The first source was a collection
of 279 firms listed on Tadawul, an online public exchange operated by the Saudi stock market
(from August 2, 2025, to September 1, 2025). The second source was the aggregation of emotions
expressed in Arabic- and English-language financial news articles. This dataset contains 9,600 daily
sentiment scores (sent_mean), recorded for each day based on all financial articles written that day
about each firm. We also created a long-term sentiment measure (sent_ema) using exponential
moving averages (EMAs) of 3 days (short term) and 7 days (long term).

Adding sentiment variables helps improve forecasts. Compared with the baseline model, average
errors are reduced by about 25-30% (RMSE = 0.0328; MAE = 0.0224). Directional prediction is
also strengthened and key results remain significant after controlling for multiple tests using false
discovery rate (FDR) procedure. In contrast, event studies show that significant sentiment shocks
usually lead to positive one-week cumulative abnormal returns (CARs) of about +1%. Overall,
bilingual news sentiment seems to have market-relevant signals that help explain and predict short-
term price movements in Saudi stocks.

Following this introduction, Section 2 reviews the related work, Section 3 explores the data source
and processing, and Section 4 describes the methodology. Section 5 presents the results, which are
subsequently discussed in Section 6. Finally, Section 7 provides a conclusion and suggestions for
future work.

2. RELATED LITERATURE

The discussion in this section is organized into nine thematic segments that collectively underpin
the rationale for the dual-language, machine learning (ML)-oriented network. Here, an exhaustive
examination of the theoretical and empirical underpinnings at the nexus of financial sentiment
analysis, media tone evaluation, ML methodologies, and the predictability of emerging market
trends is conducted.

2.1 Correlating Media Tone With Investor Focus and the Predictability of Short-Term
Returns

Tetlock [1] elucidated that the use of pessimistic phrases in newspapers is an indicator of temporary
downward settings in stock prices, which are subsequently followed by reversals, aligning with the-
ories of attention-related underreaction. Expanding on each of these insights, [2] provide evidence
from corporate communications showing the benefit of analyzing mood rather than relying solely on
standard analysis methods for investment returns. It is also suggested that the majority of companies
are ignored in many ways, so many still have external opportunities due to “neglected-firm” theories.
According to [3], stocks with the least exposure to media and news have better projected returns
because they receive lower levels of investor attention. Based on [4], this connection between spikes
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in investor volume and attraction to high-profile news headlines was established. In continuation of
this idea, [5] sed the Google Search Volume Index as a forward-looking indicator of retail investor
attention, and [6] identified that localized news stories affect regional trading volume.

2.2 The Impact of Social Media on Crowd Sentiment and Indicators Derived from Attention

The rise of UGC as an alternative form of news dissemination has created new types of sentiment
channels. Antweiler and Frank [7] suggest that activity in online forums may be a strong indicator
that an asset is about to experience high volatility and increased trading volume. In addition, Bollen
et al. [8] found that aggregating Twitter sentiment can be used to predict trends in a given market
index. Their analysis further suggests that the sentiment expressed in a tweet about a specific
company is a good indicator of whether that asset will generate excess returns. However, the
reliability of these types of predictions is highly variable depending on the particular social media
outlet and time frame, as many signals may be negatively affected by factors such as automated,
responsive messages (bots), redundancy, and sarcasm [9].

2.3 A Review of Language Models in Financial Natural Language Processing

During the early days of NLP in finance, researchers primarily used specialized dictionaries to study
sentiments and their related behaviors. For example, Loughran and McDonald [10] found that many
general-purpose dictionaries had classified “liability” as a negative term. To address this problem,
Loughran and McDonald published a financial sentiment dictionary. Nevertheless, a drawback of
a dictionary-based approach is that it does not account for word-level contextual or morphological
variation. The introduction of context-aware transformer models (such as BERT) [11] marked a
significant advancement in the study of financial sentiment analysis. Conneau et al. [12] introduced
the XLM-R model, which enables the cross-lingual representation learning task, and Antoun et al.
[13] developed AraBERT for use with the Arabic language.

2.4 Sentiment Measurement: Challenges and Methodologies for Enhanced Accuracy

Researchers in this field have faced multiple obstructions due to the inherent noisiness of their own
sentiment issues and measures. In response, researchers have utilized temporal smoothing through
the use of EMAs (EMA(3) and EMA(7)) and have aggregated data at a firm level to effectively
measure shifts in tone [14].

The level of interest in marketing coverage by the media for a company (represented by “sent_count™)
is indicative of how much the marketing industry is reaching an audience and also the amount of
bias possible, as large-cap firms are often the focus of many of the stories written by the media
[3]. Researchers have attempted to mitigate the effects of such bias caused by excessive amounts of
market coverage by using fixed effect and/or adjustment approaches to enhance their sample size.
Gurun and Butler [15] explored how different types of media outlet biases related to the region and
to the media outlet itself impact the amount of information that is provided about publicly traded

5005



https://www.oajaiml.com/ | February 2026 Khalid Almeman.

companies operating in a bilingual market, where discrepancies in translation, tone, etc., can also
introduce an additional layer of bias in the reporting.

2.5 Econometric Techniques for Inference in Finance: Addressing Dependence and Multiple
Testing

The same dependencies that exist for cross-sectional and temporal data in other types of panels can
be accounted for in financial data through both temporal and cross-sectional correlations. Cameron
etal. [16] introduced a methodology called multi-way clustering that enables robust inference under
a two-dimensional dependency structure. Hochberg [17] has helped establish a procedure to balance
the need for statistical power with the potential for Type I error when performing multiple quasi-
sentiment regression analyses. Diebold and Mariano [18] highlighted the need for a formal test to
evaluate predictive accuracy in forecasting comparisons.

2.6 Event-Time Methodologies and Chronological Sequencing

Event studies are used to evaluate how the market reacts to events of limited scope, as reported
in [19, 20]. Boehmer [21] improved the accuracy of estimating small samples by using adjusted
variances. In the area of sentiment analysis, events usually indicate that there have been significant
changes in a company’s normal level of sentiment, termed as tone shocks. In addition, emerging
markets (due to liquidity constraints, bid—ask bounce effects, and infrequent trading) require the use
of the winsorization method and liquidity filters [22].

2.7 Overview of Emerging Markets, Multilingual Datasets, and the Gulf Context

In the emerging markets sector, the influence of attention and sentiment is increased by the existence
of less stringent disclosure requirements and fragmented media environments. Even with censorship
restrictions, public mood in Chinese social media may be used to predict returns, according to Chen
et al. [23]. Other developing markets with dominant ownership structures and less analyst partici-
pation show comparable dynamics. However, research with bilingual text in the Gulf Cooperation
Council (GCC) area is limited.

2.8 Distinctions Between Risk-Based and Behavioral Interpretations

Two main perspectives explain the relationship between sentiment and returns. The risk-based
perspective views sentiment as a reflection of changing discount rates [24, 25]. In contrast, the
behavioral perspective attributes predictability to factors such as limited attention and cognitive
biases [4, 26]. Engelberg and Parsons [6], along with Dougal et al. [27], looked at sudden changes
in local media coverage in attempt to trace possible causal relations, lending added weight to a
behavioral reading of market movements.
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2.9 Machine Learning Applications in Empirical Asset Pricing

Machine-learning methods have become firmly established in empirical asset-pricing research. Gu
et al. [28] found that flexible, regularized tools (elastic-net regressions, decision-tree methods and
neural-network variants) often explain cross-sectional returns better than familiar linear forms. This
line of work was extended to recurrent-sequence models by Bahdanau et al. [29] and Cho et al.
[30]. At the same time, Hochreiter and Schmidhuber [31] further improved it with long short-term
memory (LSTM) architecture. More recently, transformer architectures introduced by Vaswani et
al. [32] have enabled advanced modeling of market narratives by jointly capturing temporal and
semantic patterns.

3. DATA AND PREPROCESSING

This section discusses the data sources, formulation of sentiment-related variables, and preprocess-
ing methodology used to coordinate textual and financial datasets at the granular level of individual
firms and single trading days.

3.1 Price Data Extraction and Validation

Any firms that undergo trading suspensions for more than ten consecutive sessions were excluded
from the assessment to preserve continuity and data quality. Likewise, to maintain consistency
across the targeted data, all observations were realigned to a standardized trading-day calendar.
Tadawul reported the listing of approximately 285 firms in August 2025. Subsequently, after
applying the specified continuity and validation criteria, 279 firms remained suitable, comprising
approximately 98% of the whole data of listed companies.

The dataset was adjusted open, high, low, close, and volume (OHLCV) series for the selected firms.
From these prices we calculated the five-day ahead relative return (r;, —;+5). The legged five-
day return (r,_5 —,) and 21-day rolling volatility measure as control variables were also included.
These inputs were used in the econometric specifications as well as the ML models.

Within each firm’s time series, missing observations were treated by forward filling. The fill was
only done within firm’s own chronological sequence, so time order of the data was not disturbed.

Distribution of daily sentiment scores is reported in FIGURE 1. For reference, this type of distri-
bution is usually represented by histogram or kernel density curve so that spread and shape can be
more easily visualized. The scores are obviously right skewed, and the mean is about 0.17.

3.2 Sentiment Data Construction and Features

Bilingual corpus of financial news was based on multiple channels, such as RSS feeds and archived
material indexed through Google, and it included Arabic and English language sources. Each article
was assigned to a company listed in the Tadawul. This assignment was based on mixed mapping
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Distribution of Daily Sentiment Scores
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Figure 1: Distribution of daily sentiment scores

strategy that used combination of ticker matches, heuristic comparisons of company names and
transliteration rules to reconcile Arabic and English name variants used for Tadawul firms. The
resulting panel has 9,600 firm-day observations for 279 companies covering period from 2 August
to 1 September 2025.

For each firm on each standard trading day, we calculated a small set of sentiment features. The
first was sent - mean, which is the simple average of model-inferred sentiment scores for all arti-
cles available that day. Sent ema3 and sent ema7 which were also calculated are exponentially
weighted moving averages designed to track short -and medium- run changes in sentiment. To
include disagreement or mixed tone across coverage, we calculated sent_std, dispersion of sentiment
scores across articles. Finally, sent count was recorded, number of articles linked to the firm on
that day.

Across entire panel, sent-count represents 19,294 unique news items. Coverage is not uniform:
the median firm appears in around 30 articles, whereas firms at the 90th and 99th percentiles
have around 120 and 150 articles, respectively. This is in keeping with heavier attention paid to
large-capitalization names. To reduce distortion from duplicate feeds or badly formatted items,
conservative winsorization rule to truncate outliers was applied. There was also one record per firm
per day policy.

This ensured that all the records from firms were aggregated consistently without any duplication
errors. In addition, date observations were combined with price data panel as shown in Section 3.1.
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As shown in the heatmap in FIGURE 2, correlations between the different sentiment variables
(sent_mean, sent_std, sent count, sent_ema3, and sent_ema7) were computed using pairwise corre-
lation coefficients. This analysis showed strong positive correlations (approximately 0.9) between
the EMAs during short-term (ema3) and medium-term (ema7) periods, indicating that both EMAs
measure very similar sentiments over an extended period. On the other hand, since the sentiment
count metrics exhibit very low correlations with tone analysis and coverage assessment metrics, this
further confirms that tone analysis and coverage assessments represent two separate and independent
dimensions within the overall realm of information dissemination.

Correlation Matrix of Sentiment Variables
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Figure 2: Correlation matrix of sentiment variables

FIGURE 3 is a scatter chart illustrating the relationship between the intensity of news coverage
and the level of sentiment expressed in that coverage (sent_count). The data demonstrated a weak
positive correlation, with significantly greater variance. Accordingly, firms with greater size and
heavier media attention tend to exhibit more homogenous tone in coverage, which is reflected in
lower dispersion in sentiment. Put differently, the information environment is shaped more strongly
by the names which are dominant in the flow of news. For that reason, firm fixed effects are included
to limit bias that would otherwise be created just because some firms are much more popular in terms
of coverage than others.

3.3 Data Incorporation and Target Variable

In order to maintain both numerical and textual records in line, the sentiment and stock-value data
sets were carefully merged together by firm and date. This resulted in a balanced panel that included
a number of explanatory variables, including mean sentiment score (sent_mean), the standard devi-
ation of a sentiment (sent_std), three and seven days sentiment EMAs (sentema3 and sent_ema?7),
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Figure 3: Average sentiment versus coverage intensity

number of related articles (sent_count), the previous lagged stock returns, and a measure of market
volatility.

Alongside these variables, the predictive target, that is, the five-day forward return (target r5) was
included. This arrangement permitted a direct comparison between models based on sentiment
information and models based purely on price data, which makes the overall analysis more robust.

In order to expand the scope, the values for the sent_mean within each calendar week were averaged
at the weekly level, although the sentiment indicators themselves were collected on a daily basis.
This smoothing step eliminated the noise caused by day-to-day swings but, as expected, added mild
serial dependence. The autocorrelation of sentiment in the first order was computed as weekly
autocorrelation and was about AR(1) = 0.10. Based on 787 firm-week records, this value implies
effective sample size (N, s y) of about 640. TABLE 1 gives the descriptive statistics for sentiment
variables, indicating the average tendencies - mean and median - and general spread of sample as a
whole.

The confidence intervals and p-values shown in the analysis reflect the number of truly independent
samples, ensuring that any serial dependence was properly adjusted for. TABLE 2 displays the
correlation matrix of sentiment measures at the firm-day level. It illustrates the direction and
strength of association among the indices, making the potential overlaps and connections between
sentiment variables easier to see.
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Table 1: Summary of sentiment variables

Variable Mean SD P25 P50 P75

sent mean 0.1677 0.2619 0.0301 0.1520 0.3194
sent ema3 0.1730 0.1856 0.0724 0.1615 0.2773
sent_ ema7 0.1808 0.1697 0.0964 0.1712 0.2657
sent_std 0.1414 0.1763 0.0000 0.0628 0.2505

Table 2: Correlations among sentiment variables (firm-day)

Variable sent_ mean sent std sent count sent ema3 sent ema7

sent_mean 1.000 -0.080 -0.038 0.857 0.617
sent_std —-0.080 1.000 0.364 -0.074 —-0.056
sent_count —-0.038 0.364 1.000 —-0.044 —-0.041
sent_ema3 0.857 -0.074 —-0.044 1.000 0.901
sent_ema7 0.617 —-0.056 —-0.041 0.901 1.000

The estimated first-order autocorrelation, AR(1) = 0.10, indicates a low level of persistence in the
weekly sentiment series. After correction for this dependence, effective sample size is about N,y 5 =
642. TABLE 3 summarizes the weekly autocorrelation and corresponding effective sample count. It
also mentions the temporal dependence, which influences the precision of the later statistical work,
reminding that time-based data have their subtleties in terms of inference.

Table 3: Weekly dependence and effective sample size

Statistic = Weekly AR(1) Weekly N_raw  Weekly N,
Value 0.1010 787 642

4. METHODOLOGY

To investigate influence of bilingual sentiment information on returns forecast and interpretation
in the Saudi equity market, research draws on combination of machine learning tools and standard
econometric analysis. Data consistency and underlying model assumptions are maintained under a
tight control and empirical design is deliberately layered, utilization drawing on time series fore-
casting, panel data inference and event-based checks.

4.1 Research Framework

Framework combines both predictive and inferential components to get results that are stable across
different analytical perspectives. First, sentiment is used to evaluate performance of time series
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prediction models to determine if sentiment improves short-horizon predictions of return movement.
Second, panel regressions with firm fixed effects are estimated to capture marginal contribution
of sentiment while taking into account persistent cross-firm differences and time-related variation.
Third, event-study design looks at abnormal return patterns that follow episodes of unusually strong
sentiment shocks. Finally, out-of-sample (OOS) validation is performed to determine if identified
relationships occur beyond the estimation period and are not artifact of specific sample period.

4.2 Data Preprocessing

Data preprocessing starts with construction of firm-day price matrices, continuing with the align-
ment of bilingual sentiment measures at the same firm-day resolution and the trimming of outliers
following specifications described in Section 3.

To make the data set suitable for ML Estimation, several other transformations are applied. Contin-
uous variables such as returns, volatility, and sentiment scores are standardized within each firm so
that they have a mean of zero and a variance of one; this is done to make the predictors on similar
scales given different units within raw data.

For recurrent network architectures like LSTM and GRU, data are then restructured into rolling
sequences of 24 trading days so that the models can learn time-dependence instead of considering
observations to be independent. In order to avoid look-ahead bias, sentiment variables (sent _mean,
sent_ema3, sent_ema?7, sent_std, and sent_count) are lagged by one trading day before they are used
to predict five-day forward return r, — ;5.

Finally, integrity checks are performed on the assembled sequences: missing observations are for-
ward filled only within each firm’s own series and any sequence with an imputation rate greater
than 20% is not included in training to ensure results are not driven by heavily reconstructed data.

4.3 Machine Learning Forecasting

Current potential improvement that sentiment-related features can provide to the accuracy of the
multi-step predictions of short-term returns is explored using advanced deep sequential modeling
techniques:

 Architectures: LSTM, GRU and 1D CNN.
* Sequence length: 24 trading days (=1 month).
* Training window: 80% of rolling window for training, and 20% for validation.

* Optimization environment: Adam (learning rate = 0.001) which minimizes mean squared
erTor.

*» Forecast horizons: Recursive predictions for h = {1, 3, 5, 10} days; primary focus =h =5
(~one trading week).
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Model performance is assessed using several metrics such as RMSE, MAE and Dir-Acc indicating
percentage of directional predictions correctly made in terms of returns. The research shows that
average reduction in forecast error (between 25% and 30%) when sentiment analysis is integrated
into predictive methods is impressive. Additionally, inclusion of sentiment analysis resulted in
greater Dir-Acc metric from about 0.55 (approx) to ~0.78 (approx), showing the higher accuracy of
models with sentiment analysis in directionally predicting returns.

4.4 A Closer Look Through Fixed-Effects Regression

To complement the predictive models, fixed-effects panel regressions of the following form are
estimated:
Firvh = @ + A + B1Sentiment,; ; + BoCoverage; , +y Xi s + & s,

where a; denotes firm-fixed effects, A, denotes day fixed effects, Sentiment; , denotes the bilingual
sentiment score (sent_mean), Coverage; , denotes intensity (sent_count), X; ; denotes the controls
(lagged returns and volatility), and ¢; ; denotes the residual.

Inference uses two-way clustered standard errors (firm X date) and Driscoll-Kraay corrections to
a handle serial and a cross-sectional dependence. Given the large model grid, FDR adjustments
(Benjamini—Hochberg) control for multiple testing. Both raw and adjusted p-values are reported.

4.5 Understanding the Event-Study Setup

Return responses to sentiment shocks are analyzed, defined as a firm-day sentiment exceeding
+1.50 relative to the firm’s historical mean.

* Estimation window: [—120, —21] days before event.
» Event window: [0, +5] days post-event.
» Benchmark: TASI.

» Adjustment: CARs computed with Boehmer—Masumeci—Poulsen correction for small-sample
robustness.

Results suggest that strong positive sentiment shocks are followed by ~+1% CARs over the one-
week horizon, which implies that sentiment reflects incremental market-moving information over
and above fundamentals.

4.6 Out-of-Sample Evaluation

Predictive and economic importance are evaluated by means of time-ordered validation of OOS on
three benchmark classes:

1. price-only models (returns + volatility);
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2. sentiment-only models (sent_mean, EMA factors and coverage);

3. hybrid models (mixed feature sets).

Every model fosters a tough temporal segmentation to avert any forward-looking bias. The perfor-
mance of regularized linear methods such as ridge and elastic net is contrasted with the comprehen-
sive deep learning ensemble.

5. RESULTS

This section presents the empirical findings derived from forecasting, regression, and event-study
analysis.

Relative to the previously established baseline models, the incorporation of sentiment analysis
resulted in considerable and statistically reliable improvements in performance across every di-
mension.

5.1 Measuring Performance on Unseen Data

The initial phase is the evaluation of the predictive precision of forecasting models scaled up with
sentiment data. TABLE 4 presents the RMSE, MAE, and Dir-Acc metrics for an easy comparative
analysis all across four major distinct model classes: based purely on price, using sentiment data ex-
clusively, integrating both price and sentiment information, and incorporating price and sentiment,
in addition to interaction terms.

Table 4: OOS predictive metrics (2 =5 days, N = 279 stocks)

Model RMSE MAE Directional Accuracy
Price-only 0.0342 0.0238 0.552
Sentiment-only 0.0336  0.0231 0.745
Price + Sentiment 0.0328 0.0224 0.776
Price + Sent. + Interactions  0.0327  0.0223 0.778

The comparison against a baseline illustrates that the unified model demonstrated a sizable improve-
ment over historical price and volatility data by integrating both price (i.e., price movement) and
sentiment (i.e., investor impression). In terms of overall accuracy of predictions, the integration
of price and sentiment data resulted in an improved RMSE of 0.0342 to 0.0328, calculated as a
4.1% improvement. The integration also improved Dir-Acc from 55.2% to 77.9%, indicating a
meaningful and substantial economic effect.

The models incorporating sentiment indicators performed better across all three forms of neural
network (LSTM, gated recurrent units [ GRUs], convolutional neural networks [CNN]), as observed
for all model training data window (size) configurations and all Lag configurations used. This
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finding consistently indicates that investor impressions (i.e., sentiment) have additional value added
predictive information not otherwise captured by volatility or price history.

The increase in directional accuracy of the predictive models incorporating sentiment data was
significant for trading purposes, as predictive models using sentiment data had improved ability
for predicting future return direction. Thus, changes in sentiment or investor perspective appear
in a relatively short time or approximately one week following a change in investor sentiment or
perception.

5.2 What the Panel Regression Tells Us

Empirical evidence was presented indicating that fixed effects and panel regressions exhibit a pro-
nounced ability to forecast returns of individual companies at an interval of one day, based on
changes in sentiment metrics. Among the 370 different specifications tested, 252 (i.e., 68%) pro-
duced estimates with sufficient statistical power (i.e., p < .05) after adjustments for FDRs.

Based on the 252 significant estimates produced, the average estimated coefficient of sentiment was
positive (8 = 0.09 , p < .01), indicating that when sentiment exceeds its previous day’s value (i.e.,
yesterday’s sentiment), the stock’s return over the next five trading days will generally be positive.
Additionally, the interaction terms related to coverage added significant and economically mean-
ingful dimensions to these relationships. The coefficient for Sentiment X Coverage was positive
and significant in these analyses, providing further evidence that the presence of coverage enhances
the impact of sentiment derived from sources that generate large amounts of news on short-term
pricing dynamics. This result is consistent with what behavioral finance would lead one to expect:
the more salient information is, the more sharply the market tends to react to it.

FIGURE 4 shows definite inverse relationship between RMSE and directional accuracy (Dir-Acc).
In other words, models that produce smaller forecast errors are also more likely to predict the
direction of returns correctly. This pattern does support the joint use of error-based measures and
directional criteria in evaluating performance since they capture related but distinct dimensions of
predictive quality.

FIGURE 5 shows that directional accuracy is centered around 0.776 with a moderate spread (o =
0.025). For most firms Dir-Acc is greater than the random benchmark of 0.5 suggesting the models
are capturing directional content that goes beyond noise.

5.3 Event Study

Event-time analysis is used to analyze how markets react to sharp changes in sentiment. Events are
defined as firm-days on which the standardized measure of sentiment differs by more than plus or
minus 1.5 standard deviations from firm’s average level of sentiment. Cumulative abnormal returns
(CARs) are calculated with respect to the TASI in the window [0, +5]. Following positive sentiment
events average CARs are in the range of +1.0% to +1.3%. Placebo windows moved forward by ten
trading days move back towards zero, in line with desired ordering of sentiment change leading
price movement.
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Relationship between RMSE and Directional Accuracy
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5.4 Evaluation of Strategy Performance

Economic significance is determined with the help of portfolio simulations based on sentiment-
informed forecasts. A long-only portfolio created using top decile of stocks with the highest pre-
dicted returns under sentiment-enhanced model has returns of about 0.8% per week relative to equal-
weight benchmark. Risk-adjusted performance improves as well: the out-of-sample Sharpe ratio
stands at about 0.26, compared to about 0.11 for the baseline strategy. And although transaction
costs and turnover would be expected to eat into realized returns (especially on smaller and less
liquid equities), the gap in performance is economically meaningful.

FIGURE 6 shows that the top 10% of the firms reaches Dir-Acc above 0.80, indicating a high and
fairly stable level of predictive performance among the names that drive the trading rule. These
firms are critical for the long-only strategy explored in the next few sections: linking the accuracy
of forecasts to the impact on economy.
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Figure 6: Stock symbols by directional accuracy

6. DISCUSSION

6.1 Interpretation of Findings
6.1.1 Signal prediction analysis

The bilingual sentiment affects the prediction of futures in addition to patterns that result in histor-
ical price movements. The increased accuracy of directional forecasts is observed via an average
decrease in RMSE when the bilingual sentiment was included in the forecast creation process, indi-
cating that short-term prediction of futures can be achieved by using news sentiment as a predictive
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tool. These results reflect findings by [1, 14] that the effectiveness of news on predicting returns is
evidenced on a global scale.

6.1.2 Broader economic implications

The economic performance differences created by today’s most modernized capabilities are substan-
tial. The long-only strategy targeted toward the best performing decile provided a positive excess
return, thereby demonstrating that the nonlinear advantages linked with higher predictive accuracy
enable improved trade profitability when consistently applied.

6.1.3 Timing effects and their implications

The increase in CAR following sentiment shock over time supports the theories of Barber and Odean
[4] and Hong and Stein [26], which deal with limited attention and underreaction. Investors in Saudi
Arabia appear to gradually assimilate multilingual sources of news information over several trading
days, especially for larger companies that have received substantial media coverage.

6.1.4 Cross-language insights

The empirical findings indicate that the coefficients from the panel data analysis have a statistically
significant positive relationship between real-time sentiment written in Arabic and English, which
has the most substantial impact on directional movements of stock prices during shorter (short-term)
periods. Thus, it is essential to incorporate multilingual sources of data when developing predictive
models of stock price behavior, particularly within emerging market countries where investors are
likely to receive their news from a wide variety of languages.

6.2 Positioning the Results Within Existing Research

This paper not only focuses on the development of the bilingual emerging market industry, but
it is also one of the first studies on this topic in the context of the global literature environment.
Consistent with [1], the authors of this research predict that negative sentiment will lead to short-
term market reversals based on their findings; however, these short-term effects are weaker than
observed in previous studies and hint at improved information efficiency since the implementation of
Vision 2030. Unlike U.S. equity markets, where social media is one of the most important channels
for conveying sentiment [8, 33], most signals in the Saudi context tend to come through official
government announcements and established domestic financial media. The estimated coefficients
for the Saudi market are typically smaller in magnitude, but are also internally consistent across
specifications. In comparisons with China’s market [23] and with other emerging-market settings,
patterns are more consistent with stronger institutional participation and lower background noise in
price formation.
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7. CONCLUSION

Purpose of this study was to determine whether use of bilingual sentiment analysis, which captures
both Arabic- and English-language news, enhances the prediction of returns when incorporated into
machine-learning models for the Saudi equity market. This involved constructing and analyzing
massive dataset of 279 Tadawul-listed firms observed in August 2025. The analysis was combi-
nation of structured financial variables and corpus of about 19,000 sentiment-scored news articles
from outlets publishing in both languages. The empirical design was deliberately wide-ranging
using both event-study tests, time-series forecasting models, fixed-effects panel regressions and
out-of-sample portfolio evaluations.

The empirical results provide set of clear contributions:

Incremental predictive power: Incorporating sentiment materially strengthens forecasting perfor-
mance on unseen data. RMSE decreases from 0.0342 to 0.0328 with an improvement of 4.1%,
and directional accuracy increases from 55% to 77.6% which shows that sentiment features provide
nonlinear signals in addition to what financial variables provide.

* Fixed-effects panel regressions provide support. After controlling for heterogeneity across
firms and over time, sentiment measures are still statistically meaningful. The results also
survive multiple-testing control. With false-discovery-rate corrections, around 70% of speci-
fications still meet conventional significance thresholds indicating that the effect is not limited
to one specification of choice.

» Results of event studies have economic relevance too. Positive sentiment shocks are fol-
lowed by cumulative abnormal returns of around +1.0% to +1.3% over a single trading week.
Such sizes are consistent with behavioral explanations related to gradual investor reaction and
limited attention. Besides these, out-of-sample portfolio strategies act as a mirror to these
results by showing that long-only strategies aimed at top-decile sentiment-based forecasts can
generate approximately 0.8% in weekly excess returns.

 The institutional setting of Saudi Arabia sheds more light on the features that drive such results.
In contrast to Western markets, where social media is often the main source of sentiment, the
Saudi market largely depends on the well-organized financial news and bilingual corporate
communication, partly influenced by the Vision 2030 reform. Despite increase in institutional
participation, retail investors still seem sensitive to tone, narrative framing and overall flow of
information. Beyond predictive performance, analysis demonstrates how bilingual sentiment
features can be put to work in practice, for portfolio construction, risk monitoring and tactical
asset allocation.

* Regulators should take advantage of sentiment aggregation as a likely source of early-warning
signals for market exuberance, herd behavior, or emerging liquidity constraints.

8. DATA AVAILABILITY

Financial data used for this study were collected from TADAWUL (saudiexchange.sa) and are
subject to its licensing restrictions. The author cannot redistribute these data, but they can be
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obtained directly from TADAWUL in accordance with the access policies of the exchange (saudiex-
change.sa). The sentiment dataset was compiled from publicly accessible news feeds, collected via
the Google News RSS service. The sources for Arabic language content encompassed platforms
such as Argaam, Tadawul, Mubasher, Aleqtisadiah, Asharq Business, AlArabiya, and Maal. For
English-language content, the sources included Zawya, Reuters, and Bloomberg, alongside general
news results in both Arabic and English retrieved through Google News. DOI: https://doi.org/
10.5281/zenodo.18061436.
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