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Abstract

Rapid AI adoption has intensified public and media attention toward AI-related develop-
ments, making news sentiment an increasingly important indicator of expectations and
perceptions. This study constructs a global daily AI News Sentiment Index using data
from the GDELT Global Knowledge Graph and examines the forecasting properties of the
index using statistical, sequential deep learning and image-based forecasting methods. The
period of observation of the dataset spans from January 2016 to December 2025, and the
sample consists of 3635 daily observations. A sentiment index is constructed from the
positive and negative sentiments and is analyzed together with its constituent series. For
the empirical framework, ARIMA, ARIMA–GARCH, ETS, LightGBM, LSTM, CNN, TCN,
GAN, and convolutional models based on Gramian Angular Summation Field (GASF) and
Gramian Angular Difference Field (GADF) transformations are compared using accuracy
evaluation on the out-of-sample test set. In this study, we find no evidence that increasing
model complexity leads to better forecasting performance for the AI news sentiment series.
In most cases, sequential forecasting models perform better than their image-based counter-
parts, while GASF and GADF transformations do not deliver consistently better forecasting
performance for sentiment series of different types and different forecasting horizons. This
result indicates that transforming noisy sentiment time series into an image may hide
rather than preserve useful information for forecasting purposes. The study contributes to
the growing literature on AI news sentiment forecasting by providing a comprehensive
comparison of statistical, sequential, and image-based forecasting paradigms and offers
practical insights for researchers, policymakers, and practitioners interested in monitoring
AI-related expectations and sentiment dynamics.

Keywords: artificial intelligence; sentiment analysis; time series forecasting; deep learning;
Gramian Angular Field; convolutional neural networks

MSC: 62M10; 62M45; 68T07; 68T50; 91B84

1. Introduction
The growing diffusion of artificial intelligence technologies has intensified public

and media attention toward AI-related developments. News-based sentiment indicators
provide a high-frequency measure of public perception and expectations, complement-
ing survey-based indicators and macroeconomic data. Large-scale news databases such
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as GDELT enable the construction of daily sentiment measures based on global media
coverage, offering a rich source for empirical analysis.

Building on [1], this study constructs a daily Artificial Intelligence News Sentiment
Index using GDELT data accessed through Google BigQuery. The dataset covers the period
starting from 1 January 2016 until 31 December 2025, allowing for an extended time-series
analysis of AI-related sentiment dynamics.

This paper compares traditional univariate time series models with deep-learning
approaches, including both sequence-based architectures and image-based models. In
particular, it applies a Gramian Angular Field transformation to convert sentiment time
series into images, which are then used as inputs for CNN models. This approach allows the
extraction of spatial features that encode temporal dependencies, providing an alternative
framework for sentiment forecasting.

The study contributes to the literature in three ways. First, it constructs a daily AI-
related news sentiment index using a large global media dataset. Second, it provides a
systematic comparison between traditional forecasting models, deep-learning models, and
image-based deep-learning models. Third, it evaluates whether image-based representa-
tions improve predictive performance relative to that of conventional time-series modeling
approaches.

2. Literature Review
News-based sentiment indicators have become an important empirical tool in eco-

nomics and finance, capturing forward-looking expectations embedded in media coverage.
Recent studies show that sentiment extracted from policy communications, financial news,
and social media contains predictive information for macroeconomic outcomes and asset
prices, complementing traditional quantitative indicators.

In the context of economic policy communication, ref. [2] show that sentiment derived
from FOMC statements can be forecasted using both traditional time-series models and
deep-learning approaches, with neural architectures such as CNNs and GANs providing
improved predictive performance.

A parallel literature examines the role of news sentiment in financial markets; ref. [3]
demonstrates that global and ESG-related news sentiment significantly improves stock price
forecasting when integrated into deep-learning frameworks, highlighting the asymmetric
effects of sentiment during market downturns.

Similarly, ref. [4] shows that sentiment extracted from social media, combined with
technical indicators in hybrid deep-learning models, improves stock-price prediction accuracy.

Beyond sentiment modeling, recent methodological advances propose transforming
time series into image representations to exploit convolutional neural networks. Refer-
ence [5] converts financial time series into Gramian Angular Field images and shows that
two-dimensional representations allow CNNs to capture global temporal structures and
improve forecasting accuracy relative to that of one-dimensional time-series models. Refer-
ence [6] further compares vision-based deep-learning models with numerical approaches
for stock prediction, highlighting that visual representations of time-series patterns provide
complementary predictive information.

Sequence-based deep learning has emerged as the dominant approach for time-series
forecasting. References [7,8] demonstrate that LSTM- and GRU-based architectures incor-
porating news sentiment improve stock-price forecasting. Bidirectional variants further
enhance performance: Reference [9] shows that Bi-LSTM models achieve superior cryp-
tocurrency forecasting when combined with sentiment features, while ref. [10] uses news
sentiment analysis to achieve higher accuracy in gold price forecasting using Bi-LSTM
with FinBERT sentiment analysis. Hybrid architectures amplify these gains, i.e., ref. [11]
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integrates deep autoencoders with LSTM for noise removal, and ref. [12] combines CNN–
LSTM–Transformer, achieving an R2 of 99.28% for energy demand forecasting.

Temporal Convolutional Networks (TCNs) provide efficient alternatives to recurrent
architectures. Zhang et al. demonstrate that CEEMDAN–TCN models outperform LSTM
by decomposing time series before applying temporal convolutions, enabling parallel
processing while maintaining temporal ordering.

Image-based representations leverage computer vision for time-series analysis. Ref-
erence [13] introduces the foundational GAF methodology, encoding normalized time
series as polar coordinates, with Gramian matrices capturing temporal correlations. Recent
applications extend this approach: ref. [14] achieves predictive maintenance improvements
through GAF-based image encoding for bearing fault diagnosis, while ref. [15] shows that
GAF enhances transfer learning in financial forecasting. Alternative encodings such as
Markov Transition Fields and Recurrence Plots capture complementary temporal char-
acteristics, ref. [16] demonstrates robust image encoding techniques while maintaining
computational efficiency, and ref. [17] shows patch-level contrastive learning with Vision
Transformers, capturing fine-grained temporal features.

Generative Adversarial Networks enable probabilistic forecasting with uncertainty
quantification. Reference [18] introduces Fin-GAN, incorporating economics-driven loss
functions, achieving superior risk-adjusted returns vs. those of LSTM and ARIMA.
TimeGAN [19] addresses data scarcity by generating synthetic sequences that preserve
temporal dynamics. Topology-aware extensions prove powerful: ref. [20] achieves a 318%
Sharpe ratio improvement through persistent homology integration.

Empirical comparisons consistently favor deep learning. Reference [21] shows that
LSTM achieves an 84–87% error reduction vs. that of ARIMA across multiple datasets.
Additionally, ref. [22] finds that hybrid attention-based models outperform individual ap-
proaches across six industry sectors. This is also shown by [23,24], which demonstrate im-
provements through LSTM–ARIMA ensembles. However, ref. [25] challenges transformer
superiority, showing that simple linear models outperform sophisticated architectures on
benchmark datasets due to temporal ordering preservation.

Media sentiment serves as high-frequency expectations measure. This is shown by [1],
which showed that GDELT-derived news attention metrics improve directional accuracy by
2.4 percentage points over that of prices alone. News-based Economic Policy Uncertainty
indices exemplify practical application: ref. [26] develops Nigeria’s EPU index predicting
exchange rates and inflation, while ref. [27] demonstrates the causal impact of the cable
news-based EPU on major asset returns. Reference [28] shows that sentiment improves
volatility forecasting, with 14.99% gains on extreme variation days.

Advanced NLP enables domain-specific sentiment extraction. Shah et al. apply
FinBERT to financial sentiment using LSTM forecasting, substantially reducing errors vs.
those of generic analyzers. AI-specific sentiment indices remain underdeveloped despite
AI’s growing importance. This is shown by [29], which documents AI coverage surging
post-ChatGPT with rising emotional polarization, while ref. [30] show media attention
increased tenfold with discourse centering on experts. Additionally, ref. [31] find risk-
benefit tradeoffs and value expectations drive public AI acceptance, mediated by literacy
and communication.

Multimodal integration combines heterogeneous representations. Reference [32]
demonstrates CNN–LSTM–Transformer hybrids achieve superior performance through
complementary feature extraction.

Despite progress, critical gaps persist. Sentiment forecasting and image-based mod-
eling remain separate research strands. GAF and alternative encodings for sentiment
time series lack exploration. AI-specific sentiment indices from global news coverage are
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underdeveloped, and GAN approaches for sentiment forecasting require deeper investi-
gation. The present study addresses these gaps by constructing daily AI news sentiment
indices from GDELT, comparing traditional models with image-based deep learning, and
evaluating whether GAF–CNN frameworks enhance sentiment prediction—integrating
media analysis, expectations formation, and advanced forecasting techniques.

3. Materials and Methods
The daily AI-related news sentiment was constructed from the GDELT Global Knowl-

edge Graph (GKG) 2.1 dataset, accessed through Google BigQuery. Data extraction, pre-
processing, and sentiment index construction were performed in Google BigQuery using
SQL queries. The sample covers 1 January 2016 to 31 December 2025, yielding 3635 daily
observations, with the year 2025 reserved as the out-of-sample test period. The resulting
dataset was then imported into Google Colab, where all subsequent statistical analyses,
deep learning model development, forecasting, and model evaluation were implemented
in Python 3.12.13.

A record-level timestamp is reconstructed by parsing the first fourteen characters
(YYYYMMDDHHMMSS) of the GKG record identifier into a BigQuery TIMESTAMP. AI-
related records are identified by a case-insensitive match for the terms “artificial intel-
ligence”, “machine learning”, “deep learning”, and “generative AI” in the AllNames
(entity/name) field. Sentiment is taken from the V2Tone field, a comma-delimited list
whose leading elements are the document tone, the positive score, and the negative score:
by construction, the tone equals the positive score minus the negative score, while the
positive and negative scores give the percentage of positively and negatively charged words
in the document (each on a 0–100 scale) [32].

The resulting dataset is then aggregated at the daily level using DATE(ts) and simple
averaging across all matching records per day:

Avg_Tone: daily average of AvgTone;
PositiveS: daily average of PositiveScore;
NegativeS: daily average of NegativeScore.
Type conversion is handled defensively using SAFE_CAST to avoid query failures

from malformed records.
Daily aggregation by simple averaging follows the standard GDELT Global Knowledge

Graph methodology, in which the document-level tone scores are averaged to summarize
the tone of coverage over a period [32,33]. This convention is the basis of GDELT-derived
news-sentiment measures [1,34] and is adopted here for comparability and reproducibility.

Following the normalized polarity approach used in sentiment-index forecasting
studies [35,36], the AI News Sentiment Index is computed from the daily positive and
negative components as

Sentimentt =
Positivet−Negativet
Positivet+Negativet

(1)

This scaling bounds the index between [−1, 1] and standardizes the measure across
days with different overall sentiment intensity.

3.1. ARMA–GARCH Models

Classical time-series modeling techniques rely on the assumption of stationarity to
produce robust results. Stationarity implies that the statistical properties of the series
remain constant over time, exhibiting no trend, no seasonality, and constant variance.

A trend reflects a long-term systematic increase or decrease in the level of the series and
may be either deterministic or stochastic. Seasonality arises when the series is influenced
by recurring, calendar-based patterns, such as daily, weekly, monthly or quarterly cycles.

https://doi.org/10.3390/math14152789

https://doi.org/10.3390/math14152789


Mathematics 2026, 14, 2789 5 of 24

We applied the Box–Jenkins methodology to model and forecast the sentiment time
series. Stationarity was first assessed using a combination of graphical tools and formal
statistical tests. Specifically, we examined the autocorrelation function (ACF) and the partial
autocorrelation function (PACF). The ACF measures the correlation between and its lagged
values, while the PACF captures the direct correlation at lag k, the net of the effects of
shorter lags.

Formally, the autocorrelation at lag k is defined as

p(k) = Cov(yt ,yt−k)√
Var(yt)Var(yt−k)

(2)

All sentiment series (Positive, Negative and SI) were formally tested for stationarity
using two complementary unit-root tests: the Augmented Dickey–Fuller (ADF) test and the
Kwiatkowski–Phillips–Schmidt–Shin (KPSS) test. The ADF test is based on the regression

∆yt = α + βt + γt−1 +
p

∑
i=1

δ∆yt−i + εt (3)

where the null hypothesis H0: γ = 0 indicates the presence of a unit root. In contrast, the
KPSS test assumes stationarity under the null hypothesis and decomposes the series as

yt = µt + rt + εt, rt = rt−1 + ut (4)

where stationarity corresponds to σ2
u = 0.

Since no clear seasonal patterns were detected, stationarity was achieved through first
differencing of the original series

y(1)t = yt − yt−1 (5)

The stationary series are modeled using the ARIMA process of the form

φ(L)(1 − L)dyt = θ(L)εt (6)

where φ(L) = 1 − φ1L − · · · − φpLp and θ(L) = 1 + θ1L + · · ·+ θqLq are lag polynomials,
d = 1 denotes the differencing order, and εt is white noise.

Model orders (p, q) are selected using a grid search strategy, with maximum lag lengths
guided by the ACF and PACF, with the final specification chosen by the minimum Akaike
Information Criterion (AIC) among diagnostically checked candidates on the training sample.

Due to the high-frequency nature of the data, pronounced heteroskedasticity was
observed in the residuals of the mean equations (AR(I)MA models) for all time series. In
order to evaluate the adequacy of the mean models and the reliability of their forecasts, we
conducted diagnostic checks on the residuals, including the Ljung–Box test for residual au-
tocorrelation, the Jarque–Bera test for normality, and Engle’s ARCH-LM test for conditional
heteroskedasticity.

The ARCH-LM test is based on the auxiliary regression

ε2
t = α0 +

m

∑
i=1

αiε
2
t−1 + ut (7)

with the null hypothesis of homoskedasticity H0 : α1 = · · · = αm = 0.
Significant ARCH effects were detected, indicating the presence of volatility clustering

and time-varying conditional variance. We therefore model the conditional variance explic-
itly, comparing two specifications selected by AIC on the training residuals: the symmetric
GARCH(1,1) model [37] and the asymmetric GJR-GARCH(1,1) [38], each estimated under
Gaussian and Student-t innovations.

The standard GARCH(1,1) model is given by

εt = σtzt, zt ∼ N(0, 1) (8)

https://doi.org/10.3390/math14152789

https://doi.org/10.3390/math14152789


Mathematics 2026, 14, 2789 6 of 24

σ2
t = w + αε2

t−1 + βσ2
t−1 (9)

where w > 0, α ≥ 0, and β ≥ 0. This framework allows the model to capture persistent
volatility dynamics and improves both in-sample fit and forecast reliability.

To capture the leverage effect, whereby negative sentiment shocks may raise condi-
tional variance more than do positive shocks of equal magnitude, we also estimate the
asymmetric GJR-GARCH(1,1) model, as follows:

σ2
t = ω + (α + γ It−1)ε

2
t−1 + β σ2

t−1, It−1 =

1, εt−1 < 0

0, εt−1 ≥ 0
(10)

where It−1 equals one when the previous shock is negative, adding the asymmetric re-
sponse γ.

For each series, the volatility specification (GARCH vs. GJR-GARCH) and the in-
novation distribution (Normal vs. Student-t) are chosen by the minimum AIC on the
training sample.

3.2. ETS Models

To complement ARIMA-type specifications, forecasts are also generated using Expo-
nential Smoothing State Space (ETS) models. ETS models provide a flexible framework for
time-series forecasting by decomposing the observed process into latent components such
as level, trend, and (if present) seasonality, while allowing different functional forms for
the error term. In contrast to ARIMA models, ETS models do not rely on differencing to
remove non-stationarity; instead, they model evolving components directly in a state space
representation.

Following the framework in [31], an ETS model is typically denoted as ETS(Error,
Trend, Seasonal), where each component can be additive, multiplicative, or absent. In
this study, due to the absence of clear seasonal behavior, the seasonal component is either
excluded or included only when supported empirically by model selection.

Let yt denote the observed daily sentiment series. In the additive-error case, the
observation equation takes the form

yt = yt|t−1| + εt ∼ i.i.d.
(
0, σ2), (11)

where yt|t−1| is the one-step-ahead forecast based on the state at t − 1.
For the level-only model (ETS(A,N,N)), the dynamics are

yt = lt−1 + εt, lt = lt−1 + αεt, (12)

where lt denotes the latent level, and α ∈ (0, 1) is the smoothing parameter.
For the additive trend model (ETS(A, A, N)), the specification becomes

yt = lt−1 + βt−1 + εt, (13)

with level and trend evolving according to the smoothing parameters α and β.
To prevent excessive trend extrapolation, a damped trend variant (ETS(A, Ad, N)) is

also considered, in which the trend component is scaled by a damping factor 0 < φ < 1.
Seasonal extensions follow standard ETS formulations but serve primarily as robust-

ness checks rather than baseline specifications.
ETS model selection evaluates all admissible combinations of error type, trend specifi-

cation, damped trend, and weekly (m = 7) seasonality, with the specification for each series
selected by the minimum AIC on the training sample.

After selecting the optimal ETS specification, the model is fitted on the full training
sample and used to generate an h-step-ahead forecast. Forecasts correspond to condi-
tional expectations of future observations, given the information set at the end of the
training period.
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3.3. LSTM Models

The LSTM models were trained by minimizing the Mean Squared Error (MSE) loss
function, defined as

RMSE = 1
n

n
∑

i=1
(yi − ŷi)

2, (14)

where yi is the observed sentiment value at time i, ŷi is the model’s predicted value, and n
represents the number of observations in the batch.

Like all neural models in this study, the LSTM was optimized with the Adam algorithm.
The hyperparameter search space and the tuning procedure shared by the neural models are
described together in Section 3.10 (Table 1), after all model families have been introduced.

Table 1. Hyperparameter search space for the neural sequence and image models (LSTM, 1D CNN,
TCN, CNN–GASF, CNN–GADF). Configurations were tuned using grid, random, and Bayesian
(TPE) searches.

Hyperparameter Value/Range Description

Look-back window
14, 30, 60, 90, 120
(14, 30, 60 for the image
models)

Number of past time-steps
used as the input window

Units/filters 32, 64, 96, 128

Hidden units (LSTM) or
convolutional filters (1D
CNN, TCN,
CNN–GASF/GADF)

Kernel size 5 (1D CNN); 3 (TCN) Width of the convolutional
filters (fixed)

Dilated residual blocks 4; dilations 1, 2, 4, 8 (TCN
only)

Depth of the temporal
convolution stack

Dropout rate 0.0, 0.1, 0.2, 0.3 Dropout fraction applied
after each block

Learning rate 10−2, 5 × 10−3, 10−3,
5 × 10−4, 10−4

Step size for the Adam
optimizer

Batch size 32, 64, 128 Number of samples per
gradient update

Epochs (tuning/final) 12/80 Early stopping on val_loss,
patience = 8

Validation split 0.15 Fraction of training data
used for validation

Evaluations per
strategy 30

Equal budget for
grid/random/Bayesian
search

Seed 42
Fixed seed for
reproducibility
(NumPy/TensorFlow)

3.4. CNN Models

To benchmark deep-learning performance against classical time series models, fore-
casts are generated using a one-dimensional Convolutional Neural Network (1D CNN).
CNNs are well suited for extracting local temporal patterns from sequential data through
convolutional filters and pooling operations. In this setting, the model is trained to predict
the next-day sentiment value from a fixed-length window of past observations.

Let yt denote the daily sentiment series. The series is transformed into a supervised
learning dataset using a sliding window of length L. For each time t, the input vector and
target are defined as

xt = [yt−L, yt−L+1, . . . , yt−1]
T (15)
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The learning objective is to approximate the nonlinear mapping, as follows:

yt = fθ(xt) (16)

where fθ is the CNN parameterized by weights θ.
Each series was split into a training set made up of all observations before 2025. The

test set contains all observations after 2025.
The CNN was trained on standardized inputs to stabilize optimization. Using the

training sample mean and variance, values were scaled as

zt =
yt−µtrain

σtrain
(17)

Predictions were generated in standardized units and then transformed back to the
original scale via inverse mapping.

To avoid information leakage at the start of the test period, the first test input window is
constructed by concatenating the last scaled training observations with the scaled test series.

The implemented 1D CNN used two convolution-pooling blocks followed by fully
connected layers. For an input sequence xt, a 1D convolutional layer computes feature
map m as

h(m)
t = σ

(
b(m) +

K−1

∑
j=0

w(m)
j xt−j

)
(18)

where K is the kernel size, w(m)
j represents filter weights, b(m) is a bias term, and σ(·) is the

ReLU activation. Max pooling is used to downsample σ(·).
The final prediction is produced by a linear output layer, as follows:

ŷt = wT gt + c (19)

where gt denotes the last hidden representation after flattening and dense layers.
The model training used the Adam optimizer with a learning rate η. For each candidate

configuration, the model was trained with a 15% validation split from the training sample,
preserving temporal order, and early stopping monitored the validation loss and restored
the best weights. The best CNN specification was selected by minimum validation RMSE.

3.5. Gramian Angular Field

In order to explore an image-based representation of the sentiment series, we transformed
the time windows into Gramian Angular Field (GAF) images, following the work of [11], and
applied a two-dimensional convolutional neural network (2D CNN) that captures pairwise
temporal correlations in a spatial format. We consider both the Gramian Angular Summation
Field (GASF) and the Gramian Angular Difference Field (GADF) variants.

Each sentiment time series was rescaled in the range of [−1, 1], as follows:

∼
x−1 = (xi−max(X))+(xi−min(X))

(max(X)−min(X))
(20)

Next, 1D time series are transformed into a GAF representation by converting Carte-
sian points to the polar coordinates and using GADF.

∅i = arccos
(∼

xi

)
(21)

GADF =


sin(∅1 − ∅1) . . . sin(∅1 − ∅n)

...
. . .

...
sin(∅n − ∅1) . . . sin(∅n − ∅n)

 (22)

The GADF defined above emphasizes relative, directional change and discards ab-
solute level. For completeness and comparison, we also employ the Gramian Angular
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Summation Field (GASF), which encodes the cosine of the sum of the polar angles and
therefore, preserves absolute level and global structure.

GASF =


cos(∅1 + ∅1) . . . cos(∅1 + ∅n)

...
. . .

...
cos(∅n + ∅1) . . . cos(∅n + ∅n)

 (23)

While the GASF is symmetrical and retains level information, the GADF is antisym-
metrical, with a zero diagonal, and is more sensitive to local dynamics. The two encodings
are complementary and may yield different forecasting behavior, which motivates evaluat-
ing both.

Each time series of length was transformed into a GADF (Figure 1) and a GASF
(Figure 2) of size.

Figure 1. Example GADF encodings of Positive, Negative and Sentiment Index series (look-back
window = 30).

Figure 2. Example GASF encodings of Positive, Negative and Sentiment Index series (look-back
window = 30).

3.6. Temporal Convolutional Network (TCN)

As an efficient alternative to recurrent models, a Temporal Convolutional Network
(TCN) [13] stacks dilated causal convolutions whose receptive field grows exponentially
with depth, while strict temporal ordering is preserved. With kernel size K and an expo-
nentially increasing dilation rate, the layer-l activation is

h(l)t = ReLU
(

K−1
∑

i=0
W(l)

i h(l−1)
t−d i

)
, d = 2 l−1 (24)

Residual connections stabilize training. The TCN used four residual blocks (dilations
1, 2, 4, 8) and a fixed kernel size of 3 and was tuned over the neural search space reported
in Table 1.

3.7. LightGBM

As a strong non-deep baseline, we include the gradient-boosted decision-tree model
LightGBM, which fits an additive ensemble of regression trees on lagged features.
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FM(x) =
M

∑
m=1

ν fm(x), fm = argmin
f

∑
t
𝓁(yt, Fm−1(xt) + f (xt)) (25)

where ν is the shrinkage (learning rate), and fm is the m-th tree. LightGBM was tuned
over the look-back window, number of estimators, number of leaves, and learning rate, as
reported in Table 2.

Table 2. Hyperparameter search space for the LightGBM and GAN models.

Model Hyperparameter Value/Range Description

LightGBM Look-back window 30, 60, 90 Number of lagged features
used as predictors

Number of
estimators 200, 400, 800, 1200 Number of boosting trees

Learning rate 0.01, 0.03, 0.05, 0.1 Shrinkage applied per
boosting step

Number of leaves 15, 31, 63, 127 Maximum number of leaves
per tree

Subsample/colsample 0.8/0.8 Row/feature subsampling
(fixed)

GAN Look-back window 30, 60, 90 Length of the conditioning
window

Noise dimension 8, 16, 32 Dimension of the latent
input vector

Learning rate 1 × 10−4, 2 ×
10−4, 5 × 10−4

Adam step size (generator
and discriminator)

Epochs 120 Adversarial training epochs
(fixed)

Seed 42 Fixed seed for
reproducibility

3.8. Generative Adversarial Network (GAN)

A generative-adversarial baseline trains a generator G and a discriminator D in the
minmax, as follows:

min
G

max
D

Ex∼pdata [log D(x)] +Ez∼pz [log(1 − D(G(z)))] (26)

Conditioned on the look-back window, the generator produces one-step-ahead fore-
casts, while the discriminator distinguishes generated from observed continuations. The
GAN was tuned over the look-back window, noise dimension, and learning rate (Table 2),
with a bounded number of critic updates per generator step to mitigate instability on this
short univariate series.

3.9. Hyperparameter Optimization and Model Selection

All models were tuned under a single framework so that their comparison is fair and
reproducible. Hyperparameters were optimized with three complementary strategies on
the same search space under an equal budget:

(i) Grid search, which evaluates an evenly spaced, budgeted subset of the Cartesian
product of the candidate values;

(ii) Random search [39], which samples configurations from the same ranges and is more
efficient in higher-dimensional spaces;

(iii) Bayesian optimization with the Tree-Structured Parzen Estimator (TPE) [40] imple-
mented in Optuna [41], which builds a probabilistic surrogate of the validation error.
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The best configuration across the three strategies, scored by RMSE on the validation
sample, was retained. All runs fixed the random seed [42], and final models were trained
with a 15% validation split and early stopping.

The recurrent (LSTM), one-dimensional convolutional (1D CNN), temporal-convolutional
(TCN), and image-based convolutional (CNN–GASF, CNN–GADF) architectures all map a
fixed look-back window of past sentiment to the next-day value and are trained by gradient
descent on the same standardized inputs; therefore, they share the common search space
with that shown in Table 1. Tuning the same look-back window, capacity (units or filters),
dropout, learning rate, and batch size for every architecture removes unequal tuning efforts,
so any performance gap reflects the architecture itself rather than the search. The ranges
bracket values that are standard in the time-series deep-learning literature, while remaining
computationally feasible: look-back windows from two weeks to four months span short-
and medium-memory dynamics. Widths of 32–128 units match the small-to-moderate
capacity appropriate for a single daily series of roughly 3300 training points; a dropout
up to 0.3 and a logarithmic learning-rate grid (10−2 to 10−4) guard against over- and
under-fitting; and early stopping caps training length. The image models additionally
restrict the look-back to {14, 30, 60} because the Gramian Angular Field encodes an n-step
window as an n × n image, so larger windows inflate the input quadratically without
adding information.

LightGBM and GAN models fall outside the neural search space and are tuned over
architecture-appropriate grids (Table 2). LightGBM is a gradient-boosted tree ensemble
using lagged features, so its capacity is governed by the number of trees, the number of
leaves, and the shrinkage rate.

The GAN is governed by the latent noise dimension and a deliberately small learning
rate, reflecting the well-documented instability of adversarial training on short univariate
series. Its look-back grid matches that of the other models so that the conditioning window
is comparable.

3.10. Model Performance Comparison

To evaluate the predictive accuracy of the developed models, we computed standard
error metrics: the Mean Absolute Error (MAE) and the Root Mean Square Error (RMSE).

Model selection follows a strict framework: ARIMA and ETS specifications are chosen
by the Akaike Information Criterion (AIC) on the training sample, whereas the deep-
learning models are selected by validation RMSE.

The 2025 test set is used exclusively for the final cross-model comparison, for which
we assess statistical significance with the Diebold–Mariano test.

MAE measures the average absolute difference between observed and predicted values
and is computed as

MAE = 1
n

n
∑

i=1
|yi − ŷi| (27)

RMSE is a common metric for evaluating the accuracy of predictive models, measuring
the squared differences between predicted and observed values. It is computed as

RMSE =

(
1
n

n
∑

i=1
(yi − ŷi)

2
)1/2

(28)

The main purpose of the Diebold–Mariano (DM) test is to determine whether there is
a significant difference in the forecasting accuracy of two models. Using two sequences of
forecasts, the quality of each model is evaluated through an error loss function. The null
hypothesis of the test states that there is no significant difference in forecasting accuracy
between the two models [42].

DM = d√
ω̂/P

, (29)
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where d represents the average loss differential and ω̂ denotes a consistent estimator of the
asymptotic variance associated with

√
P.

4. Results
Table 3 provides the descriptive statistics for the three sentiment series: Positive

Sentiment, Negative Sentiment, and Sentiment Index (SI). The Positive Sentiment series has
a relatively higher mean, at 3.933, than the Negative Sentiment, which has a lower mean
of 2.736, indicating that Positive Sentiment is predominant in the data set. The Sentiment
Index, being a composite measure, has a near-zero mean of 0.184, with low volatility, as
indicated by a standard deviation of 0.092. The minimum and maximum values of each
series indicate that Negative Sentiment has a wider range of values, from 1.382 to 6.976.

Table 3. Descriptive statistics.

Indicator Positive Negative Sentiment Index (SI)

Mean 3.933014 2.736372 0.183856
Standard Error 0.005736 0.008352 0.001530
Median 3.959862 2.640959 0.186184
Standard
Deviation 0.345835 0.503575 0.092222

Kurtosis 1.807083 1.851469 0.538841
Skewness −0.227322 0.751344 −0.436154
Minimum 1.245346 1.382346 −0.265093
Maximum 5.782512 6.975749 0.499151
Count 3635 3635 3635

Figure 3 shows the evolution of Positive Sentiment, Negative Sentiment, and the
Sentiment Index over the entire sample period, with the vertical dashed line indicating
the start of the 2025 out-of-sample test data. While the Positive and Negative Sentiment
series display strong volatility clustering, the Sentiment Index series displays a less ex-
treme pattern.

The strong Negative Sentiment spike in 2023 corresponds to the end of the 2022–2023
generative AI hype cycle, as well as to growing worries about the sustainability, regulatory
issues, energy usage, and ethical implications of widespread AI adoption. Such strong
sentiment reversals are a major problem for linear forecasting methods and highlight the
need for more flexible and nonlinear techniques.

Table 4 reports the candidate ARIMA models ranked by training-sample AIC. The
AIC-selected order is ARIMA(3,1,3) for Positive Sentiment, ARIMA(3,1,3) for Negative
Sentiment, and ARIMA(2,1,3) for the Sentiment Index.

While a reasonable linear forecast has been achieved with ARIMA models, diagnostic
tests of the residuals indicated a significant presence of ARCH effects, thus violating
the constant variance condition of the normal distribution of errors. This has led to the
estimation of variance equations using (G)ARCH models to better capture the time-varying
volatility of the sentiment series.
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Figure 3. Train and test data for Positive, Negative, and Sentiment Index.

Table 4. Top three ARIMA models ranked by training-sample AIC.

No. p d q AIC BIC RMSE-Test MAE-Test

Positive Sentiment

1 3 1 3 421.44 464.12 0.1891 0.1418
2 2 1 3 481.16 517.74 0.1876 0.1405
3 3 1 1 553.29 583.77 0.1901 0.1414

Negative Sentiment

1 3 1 3 2312.53 2355.21 0.2401 0.1717
2 2 1 3 2339.04 2375.63 0.2419 0.1746
3 3 1 1 2450.54 2481.03 0.2425 0.1727

Sentiment Index

1 2 1 3 −8093.84 −8057.25 0.0479 0.0346
2 3 1 3 −8090.22 −8047.54 0.0479 0.0346
3 3 1 2 −7922.17 −7885.59 0.0489 0.0352

ARIMA–GARCH models were estimated using the AIC-selected ARIMA mean spec-
ifications, comparing GARCH(1,1) and GJR-GARCH(1,1) under Gaussian and Student-t
innovations (Table 5). Student-t innovations were selected for all series, with the asymmetric
GJR-GARCH model preferred for Negative Sentiment and the Sentiment Index. However,
none of the volatility models improved one-step-ahead forecasting accuracy relative to
that of the corresponding ARIMA models. Although the GARCH extensions captured
conditional volatility, they did not enhance point forecasts, particularly for event-driven
sentiment shocks. For the Sentiment Index, ARIMA remained superior (RMSE = 0.0479
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vs. 0.0543 for GJR-GARCH), indicating that modeling conditional variance provides little
additional predictive value for this series.

Table 5. Selected ARMA–GARCH models: one-step ahead metrics.

Series Model RMSE-Test MAE-Test

Positive Sentiment ARIMA(3,1,3)–GARCH(1,1),
Student-t 0.2057 0.1540

Negative Sentiment ARIMA(3,1,3)–GJR-
GARCH(1,1), Student-t 0.2620 0.1888

Sentiment Index ARIMA(2,1,3)–GJR-
GARCH(1,1), Student-t 0.0543 0.0393

Table 6 summarizes the AIC-selected ETS specification, ETS(A,N,A)-additive error, no
trend, and additive weekly seasonality, for all three series. For one-period-ahead forecasts,
the simple mean models (regular ARIMA and ETS) perform better than do the ARIMA–
GARCH models for all three time series. In the case of Sentiment Index, ARIMA shows a
RMSE of 0.0479, and ETS gives a RMSE of 0.0487, while ARIMA–GARCH yields 0.0543. The
ranking is the same for both Positive and Negative sentiment. These findings corroborate
the previous findings from the GARCH analysis, according to which the addition of a
conditional variance component does not increase the precision of one-period-ahead point
forecasts. This is because RMSE and MAE measure the accuracy of the conditional mean
rather than the conditional variance, and therefore, improved volatility modeling does
not imply better point forecasts. However, even though ETS, being adaptive and having
weekly seasonality, competes with ARIMA and outperforms volatility enhanced models, it
does not exceed the forecasting power of ARIMA model.

Table 6. Selected ETS models.

Series Model RMSE-Test MAE-Test

Positive Sentiment ETS(A,N,A) 0.1898 0.1429
Negative Sentiment ETS(A,N,A) 0.2464 0.1787

Sentiment Index ETS(A,N,A) 0.0487 0.0353

Table 7 summarizes the hyperparameter configurations selected through grid search,
random search, and Bayesian optimization. The optimal configurations varied across senti-
ment series and model classes, indicating that AI news sentiment exhibits heterogeneous
temporal dependencies. LSTM and 1D CNN generally favored shorter look-back windows
(14–30 days), whereas TCN and LightGBM often selected longer windows (60–90 days),
suggesting that some architectures benefit from a broader historical context. TCN models
converged toward lower learning rates and larger filter sizes, while LSTM and 1D CNN
preferred simpler configurations, indicating that most predictive information is contained
in local temporal dynamics. Image-based CNN models showed greater variability and
typically required larger filter sets and longer look-back windows, reflecting the addi-
tional complexity introduced by GASF and GADF transformations. Despite this increased
complexity, they did not consistently outperform sequential models, suggesting that image-
based representations do not preserve predictive information more effectively than does
direct sequence modeling for noisy sentiment series. Overall, no single hyperparameter
configuration or architecture proved universally optimal, highlighting that forecasting
performance depends on both the characteristics of the sentiment series and the underlying
modeling approach.
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Table 7. Selected deep-learning model parameters.

Architecture Best Configuration

Positive Sentiment

LSTM look-back = 30, units = 128, dropout = 0.2, lr = 0.01, batch = 128
1D CNN look-back = 30, filters = 32, dropout = 0.0, lr = 0.01, batch = 128
TCN look-back = 90, filters = 128, dropout = 0.1, lr = 0.0001, batch = 64
LightGBM look-back = 90, n_estimators = 800, num_leaves = 15, lr = 0.01
GAN look-back = 30, noise dim = 32, lr = 0.0002
CNN + GASF look-back = 60, filters = 64, dropout = 0.0, lr = 0.01, batch = 32
CNN + GADF look-back = 30, filters = 128, dropout = 0.0, lr = 0.005, batch = 128

Negative Sentiment

LSTM look-back = 14, units = 64, dropout = 0.1, lr = 0.01, batch = 32
1D CNN look-back = 14, filters = 64, dropout = 0.1, lr = 0.01, batch = 32
TCN look-back = 60, filters = 96, dropout = 0.0, lr = 0.0001, batch = 32
LightGBM look-back = 60, n_estimators = 400, num_leaves = 15, lr = 0.01
GAN look-back = 30, noise dim = 16, lr = 0.0001
CNN + GASF look-back = 30, filters = 128, dropout = 0.0, lr = 0.01, batch = 64
CNN + GADF look-back = 90, filters = 96, dropout = 0.2, lr = 0.01, batch = 64

Sentiment Index (SI)

LSTM look-back = 60, units = 32, dropout = 0.3, lr = 0.005, batch = 32
1D CNN look-back = 14, filters = 128, dropout = 0.0, lr = 0.001, batch = 64
TCN look-back = 60, filters = 32, dropout = 0.2, lr = 0.001, batch = 32
LightGBM look-back = 60, n_estimators = 400, num_leaves = 15, lr = 0.01
GAN look-back = 30, noise dim = 32, lr = 0.0002
CNN + GASF look-back = 60, filters = 32, dropout = 0.3, lr = 0.0005, batch = 64
CNN + GADF look-back = 60, filters = 128, dropout = 0.3, lr = 0.0001, batch = 128

Table 8 consolidates the one-step-ahead out-of-sample results for all ten models. The
well-specified classical models are highly competitive: ARIMA attains the lowest Sentiment-
Index RMSE (0.0479), LightGBM the lowest Negative RMSE (0.2398), and LSTM the lowest
Positive RMSE (0.1853), with negligible gaps among ARIMA, ETS, LightGBM, and the best
sequence models.

Table 8. Performance metrics for Positive Sentiment, Negative Sentiment, and Sentiment Index
(one-step-ahead).

Model
Positive Sentiment Negative Sentiment Sentiment Index

RMSE MAE RMSE MAE RMSE MAE

ARIMA 0.1891 0.1418 0.2401 0.1717 0.0479 0.0346
ARIMA–GARCH 0.2057 0.1540 0.2620 0.1888 0.0543 0.0393

ETS 0.1898 0.1429 0.2464 0.1787 0.0487 0.0353
LSTM 0.1853 0.1393 0.2500 0.1773 0.0528 0.0376

1D CNN 0.1941 0.1465 0.2560 0.1817 0.0530 0.0377
TCN 0.1923 0.1432 0.2783 0.2023 0.0497 0.0354

LightGBM 0.1921 0.1452 0.2398 0.1693 0.0486 0.0344
GAN 0.1965 0.1492 0.2873 0.2104 0.0534 0.0388

CNN–GASF 0.3097 0.2681 0.7778 0.7344 0.1010 0.0877
CNN–GADF 0.3319 0.2908 0.6579 0.6073 0.1010 0.0887

Figures 4–6 plot the one-step-ahead out-of-sample forecasts of the best models against
the realized series for each sentiment measure. The best-performing models generally track
the overall level and short-term movements of the Positive Sentiment and Sentiment Index
series. However, significant sentiment spikes remain difficult to predict, with even the
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best models failing to anticipate the largest positive and negative deviations from trend.
This limitation is particularly evident for the Negative Sentiment series, where forecast
errors are concentrated around a small number of extreme observations. The image-based
CNN–GASF and CNN–GADF models perform substantially worse, exhibiting persistent
bias and oversmoothing across all three series.

Figure 4. One-step-ahead out-of-sample forecasts of Positive Sentiment over the 2025 test period.

Figure 5. One-step-ahead out-of-sample forecasts of Negative Sentiment over the 2025 test period;
the discrete sentiment shocks are the main source of forecast error.

Figure 6. One-step-ahead out-of-sample forecasts of the Sentiment Index over the 2025 test period.

Increasing model complexity does not translate into superior accuracy. The Diebold–
Mariano tests (Table 9) show that ARIMA is statistically indistinguishable from ETS, Light-
GBM, and TCN for the Sentiment Index, while it significantly outperforms the GAN,
ARIMA–GARCH, LSTM, and 1D CNN, and outperforms both image-based encodings
(DM > 16, p < 0.001).
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Table 9. Diebold–Mariano tests for the Sentiment Index at h = 1 (squared-error loss) against the most
accurate model, ARIMA.

Comparison (vs. ARIMA) DM Statistic p-Value Conclusion

ETS 0.746 0.456 No significant difference
LightGBM 0.955 0.340 No significant difference
TCN 1.749 0.081 No significant difference
LSTM 2.999 0.003 ARIMA more accurate
1D CNN 3.204 0.002 ARIMA more accurate
ARIMA–GARCH 3.390 0.001 ARIMA more accurate
GAN 3.718 0.000 ARIMA more accurate
CNN–GASF 16.453 0.000 ARIMA more accurate
CNN–GADF 16.794 0.000 ARIMA more accurate

Both image-based models (CNN–GASF and CNN–GADF) performed far worse than
every sequential model across all series and horizons. Transforming a noisy, weakly
autocorrelated sentiment series into image space discards level information (GADF) or
blurs local direction (GASF) while amplifying high-frequency noise, so direct sequential
modeling is preferable for AI sentiment forecasting.

Table 10 compares forecasting accuracy across models, sentiment measures, and
forecast horizons. Forecast errors are consistently lower for the aggregate Sentiment Index
than for the Positive and Negative Sentiment series, indicating that the composite index is
more stable and predictable. Across models, ARIMA, ETS, LightGBM, and LSTM generally
achieve the highest forecasting accuracy, whereas the image-based CNN–GASF and CNN–
GADF models consistently perform the worst. Although forecast errors increase with the
prediction horizon, model rankings remain broadly unchanged, with the best-performing
models showing only modest deterioration and more complex architectures (particularly
ARIMA–GARCH, GAN, and TCN) exhibiting larger declines in accuracy during recursive
forecasting.

Table 10. Multi-horizon forecasting accuracy: out-of-sample (test-set) RMSE at horizons h = 1, 7, and
30 days and over the full recursive forecast of the entire 348-day test period.

Model Series h = 1 h = 7 h = 30 Full (348-Step)

ARIMA
Negative 0.2401 0.2474 0.2543 0.2689
Positive 0.1891 0.1903 0.1978 0.2639
Sentiment
Index 0.0479 0.0494 0.0524 0.0590

ARIMA–GARCH
Negative 0.2620 0.2783 0.3303 0.8614
Positive 0.2057 0.2129 0.2338 0.2786
Sentiment
Index 0.0543 0.0559 0.0681 0.2534

ETS
Negative 0.2464 0.2560 0.2643 0.2687
Positive 0.1898 0.1935 0.2038 0.2408
Sentiment
Index 0.0487 0.0504 0.0537 0.0569

LSTM
Negative 0.2500 0.2477 0.2569 0.2539
Positive 0.1853 0.1853 0.1882 0.1887
Sentiment
Index 0.0528 0.0613 0.0794 0.0958

1D CNN
Negative 0.2560 0.2564 0.2741 0.2789
Positive 0.1941 0.1952 0.1919 0.1929
Sentiment
Index 0.0530 0.0632 0.0889 0.0905
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Table 10. Cont.

Model Series h = 1 h = 7 h = 30 Full (348-Step)

TCN
Negative 0.2783 0.3497 0.4975 0.6231
Positive 0.1923 0.1935 0.2039 0.3621
Sentiment
Index 0.0497 0.0520 0.0589 0.0576

LightGBM
Negative 0.2398 0.2465 0.2684 0.2556
Positive 0.1921 0.1928 0.1955 0.2238
Sentiment
Index 0.0486 0.0503 0.0558 0.0711

GAN
Negative 0.2873 0.2971 0.4948 3.2516
Positive 0.1965 0.1957 0.1939 0.1953
Sentiment
Index 0.0534 0.0544 0.0603 0.1071

CNN–GASF
Negative 0.7778 0.8260 0.7328 0.7773
Positive 0.3097 0.3116 4.0463 3.7197
Sentiment
Index 0.1010 0.1165 0.1207 0.0927

CNN–GADF
Negative 0.6579 0.6596 0.6706 0.6579
Positive 0.3319 0.3364 0.3152 0.3282
Sentiment
Index 0.1010 0.1016 0.0878 0.0965

Table 11 evaluates forecasting robustness under progressively increasing additive
Gaussian noise. As expected, forecasting accuracy deteriorates for all models as the signal-
to-noise ratio decreases. Nevertheless, the relative ranking of the models remains largely
unchanged: ARIMA, ETS, LightGBM, and LSTM consistently achieve the lowest RMSE
values, while the image-based CNN–GASF and CNN–GADF models remain the least
accurate (Figure 7). The persistence of these rankings under noisy conditions indicates that
the superiority of the best-performing models is robust and not driven by idiosyncratic
characteristics of the original series, further supporting the suitability of simpler forecasting
approaches for AI news sentiment.

Table 11. Sentiment-Index RMSE under additive Gaussian noise at decreasing signal-to-noise ra-
tios (dB).

Model
SNR (dB)

Clean 30 20 10 5

ARIMA 0.0479 0.0480 0.0486 0.0600 0.0903
ARIMA–GARCH 0.0543 0.0546 0.0555 0.0671 0.1026

ETS 0.0487 0.0489 0.0493 0.0612 0.0882
LightGBM 0.0486 0.0491 0.0489 0.0609 0.0933

LSTM 0.0500 0.0501 0.0507 0.0622 0.0935
1D CNN 0.0519 0.0520 0.0528 0.0647 0.0968

TCN 0.0492 0.0493 0.0502 0.0632 0.0952
GAN 0.0523 0.0529 0.0534 0.0640 0.1027

CNN–GASF 0.0964 0.0964 0.0969 0.0984 0.1186
CNN–GADF 0.1010 0.1020 0.1037 0.1108 0.1367
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Figure 7. Sentiment-Index RMSE as a function of signal-to-noise ratio.

Computational Cost

Table 12 compares the computational cost of the forecasting models. The statistical
benchmarks are the most computationally efficient, with ETS (10 parameters) training in
less than 0.25 s and ARIMA (6 parameters) in under 4 s, while both also exhibit negligible in-
ference time. LightGBM remains similarly efficient despite its larger number of parameters.
In contrast, the deep learning and image-based models require substantially greater com-
putational resources, with model sizes ranging from 7505 parameters for LSTM to nearly
two million for CNN–GADF, resulting in considerably longer training and inference times.

Table 12. Computational cost: trainable parameters, training time, and inference latency per fore-
cast step.

Model Parameters Train Time (s) Inference (ms/Step)

ETS 10 0.25 0.46
ARIMA 6 3.58 1.32
LightGBM 400 0.45 0.82
GAN 8257 31.36 5.24
LSTM 7505 13.73 16.77
1D CNN 102,117 5.97 9.54
TCN 21,953 21.66 34.22
CNN–GASF 470,497 10.15 9.48
CNN–GADF 1,992,193 28.81 10.02

However, this additional complexity does not translate into superior forecasting
performance. As shown in Tables 10 and 11, simpler models such as ARIMA, ETS, and
LightGBM consistently match or outperform the more complex architectures, indicating
that parsimonious models provide the best trade-off between forecasting accuracy and
computational efficiency for AI-related sentiment series.

Validation RMSE for the best model trained with the three hyperparameters search
techniques, namely grid search, random search and TPE, is illustrated in Table 13. The
results are highly consistent across search methods, with only minor differences in valida-
tion performance for each model. For instance, the best RMSE for the LSTM model ranges
between 0.0501 and 0.0511, while that of the TCN is between 0.0486 and 0.0491.

https://doi.org/10.3390/math14152789

https://doi.org/10.3390/math14152789


Mathematics 2026, 14, 2789 20 of 24

Table 13. Best validation RMSE for the Sentiment Index by hyperparameter-search strategy.

Model (SI) Grid Random Bayesian (TPE)

LSTM 0.0509 0.0501 0.0511
1D CNN 0.0514 0.0514 0.0510
TCN 0.0486 0.0491 0.0491
LightGBM 0.0520 0.0529 0.0520
GAN 0.0498 0.0490 0.0491
CNN–GASF 0.0934 0.0950 0.0903
CNN–GADF 0.0943 0.0947 0.0951

The order of performance of the model classes is also maintained throughout the
different search techniques. TCN, GAN, LSTM, and 1D CNN have similar validation errors,
irrespective of the search technique used, while the image-based CNN–GASF and CNN–
GADF models continue to exhibit the highest validation errors. Similarly, no search strategy
yields a meaningful improvement in the performance of the image-based approaches.

5. Practical Implications
The findings carry several practical implications. Financial analysts and quantitative

researchers can make an accurate and efficient prediction of daily AI sentiment through the
use of parsimonious models like ARIMA and LightGBM, both of which need minimal com-
putational power. The findings indicate that adding a considerable amount of complexity
to the structure does not result in improvements in forecasting accuracy.

In the case of policymakers and researchers engaged in AI governance studies, the
sentiment index can serve as an easily replicable indicator of the AI-related media sentiment
that can be calculated frequently. While it is still challenging to predict the most significant
sentiment shocks, strong declines in the index often occur during times of increased
regulation and ethical discussion on AI issues.

The results emphasize the necessity to compare advanced deep-learning algorithms
with statistically specified baselines. Under certain conditions, such as relatively short
and noisy sentiment data sets, simpler models can outperform significantly more complex
models in terms of forecasting accuracy and require far less computational effort.

6. Limitations
Several limitations should be acknowledged. First, the GDELT V2Tone scores are

generated by a general-purpose sentiment analysis system rather than by a model specifi-
cally designed for AI-related content. The use of a domain-specific sentiment model could
affect both the level and the predictability of the resulting sentiment index. Second, the
analysis adopts a univariate framework and does not incorporate potentially informative
covariates such as AI-related equity prices, trading volumes, or major regulatory events.
Third, the sentiment index is constructed using simple daily averages and does not ac-
count for intraday variation, article-level heterogeneity, or alternative weighting schemes.
Finally, the image-based approaches are restricted to GASF and GADF representations
implemented using a standard 2D CNN architecture and fixed window lengths. Alternative
image encodings, network architectures, or tuning strategies may yield different results.

7. Future Work
Future research could develop along several directions. First, the generic GDELT senti-

ment measures could be replaced with indicators derived from AI-specific language models.
Second, the sentiment index could be incorporated into multivariate forecasting frame-
works that include AI-related equity prices, trading volumes, and event indicators. Third,

https://doi.org/10.3390/math14152789

https://doi.org/10.3390/math14152789


Mathematics 2026, 14, 2789 21 of 24

future work could focus on modeling the abrupt sentiment shocks that characterize the Neg-
ative Sentiment series through regime-switching, intervention, or structural-break models.
Fourth, additional deep-learning architectures, including Transformer- and Informer-based
models, could be evaluated. Finally, future studies may explore alternative image and
multimodal representations, such as Markov Transition Fields and Recurrence Plots, to
assess whether different encoding approaches can improve forecasting performance for
AI-related sentiment series.

8. Conclusions
This study examined the forecasting performance of classical time-series methods

and deep-learning models for daily measures of AI-related sentiment, including Positive
Sentiment, Negative Sentiment, and a Sentiment Index. The results indicate that all three
series are characterized by asymmetry, volatility, and occasional extreme observations,
particularly in the case of Negative Sentiment.

Among the classical approaches, ARIMA provides a strong benchmark, while the
GARCH extension offers limited additional predictive value at short horizons. ETS also
remains highly competitive, suggesting that level and trend dynamics are more important
than conditional variance effects for these sentiment series.

Across models, greater complexity does not translate into systematically higher fore-
casting accuracy. The best-performing parsimonious models achieve forecasting perfor-
mance comparable to and in many cases, better than, substantially more complex architec-
tures. In particular, the image-based CNN–GASF and CNN–GADF approaches perform
consistently worse across sentiment measures and forecast horizons despite their sub-
stantially higher computational cost. One possible explanation is that the high volatility
and episodic shocks characterizing these sentiment series limit the ability of image-based
representations to extract stable predictive patterns. These findings contribute to a bet-
ter understanding of the conditions under which image-based forecasting methods may
be effective.

Visual inspection of the forecasts further indicates that the best-performing models are
generally able to reproduce the overall level and short-term movements of the sentiment
series. However, none of the models successfully anticipate the largest sentiment shocks,
with forecast errors concentrated around periods of unusually large positive or negative
sentiment changes. This suggests that the principal forecasting challenge lies not in model-
ing the underlying sentiment dynamics, but in anticipating rare and abrupt shifts in media
attention and tone.

Overall, the results indicate that AI-related sentiment can be monitored and forecast
effectively using relatively simple forecasting models. Additionally, the findings highlight
the importance of evaluating model complexity against demonstrable improvements in
predictive performance, particularly when working with short, noisy, and event-driven
sentiment series.

Beyond its methodological contribution, the study also carries broader implications
for stakeholders monitoring the socioeconomic effects of AI diffusion. Recent evidence
shows that AI adoption is reshaping employment structures, skill requirements, and human
resource practices, with heterogeneous outcomes that depend strongly on institutional and
organizational contexts rather than on the technology alone [43]. In parallel, generative
AI tools such as large language models are being progressively integrated into managerial
and sustainability practices, including in small and medium-sized enterprises where they
support strategic decision making, stakeholder communication, and the alignment of
business goals with wider societal objectives [44]. In this environment, high-frequency AI
news sentiment indices provide a timely, complementary signal that can help policymakers,
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business managers, and investors interpret shifts in public perception and anticipate periods
of increased attention to AI-related developments. Therefore, the forecasting framework
proposed in this paper offers a practical instrument for tracking the evolving narrative
surrounding AI, which itself is a key driver of adoption, regulation, and long-term labor
market and organizational transformation.
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