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Abstract

Functional magnetic resonance imaging (fMRI) signals exhibit complex temporal structure
arising from multivariate neural dynamics, physiological variability, and measurement un-
certainty. In this work, we formulate region-of-interest-level fMRI analysis as a probabilistic
multi-step forecasting problem and investigate the predictability of blood-oxygen-level-
dependent (BOLD) activity from an information-theoretic perspective. Using the Natural
Scenes Dataset, we model multiregional BOLD activity as a stochastic process with finite
memory and train multiple forecasting architectures, including linear regression, exponen-
tial smoothing, recurrent neural networks, and transformer-based models, to predict future
BOLD samples from preceding temporal observations. Forecasting performance is analyzed
together with entropy-based quantities, including marginal entropy, conditional entropy,
and normalized predictive information measures estimated directly from model-derived
predictive distributions without imposing restrictive Gaussian assumptions on the under-
lying BOLD dynamics. The transformer model achieved significant improvement over a
naive persistence baseline (p = 0.001) while yielding a high predictive information fraction
(η = 75.49%). Post hoc directed information analysis revealed that short-horizon prediction
was dominated primarily by autoregressive, within-ROI, temporal structure. Overall, the
proposed framework demonstrates how probabilistic forecasting and information-theoretic
analysis can be integrated to characterize the predictability, uncertainty structure, and
directional organization of large-scale fMRI dynamics and may support future downstream
neuroengineering and neural-state inference applications.

Keywords: functional magnetic resonance imaging; BOLD signal; probabilistic forecasting;
information theory; entropy; directed information; brain dynamics; stochastic processes;
transformer models; recurrent neural networks

1. Introduction
Forecasting is fundamentally linked to the amount of information available about a

dynamical system. A system that can be predicted accurately over future time horizons
necessarily contains structured temporal dependencies that reduce uncertainty about future
states. From an information-theoretic perspective, forecastability therefore provides an
empirical measure of the complexity, organization, and predictability of the underlying
process. Beyond characterization alone, accurate forecasting is also closely related to
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downstream tasks such as monitoring, control, and decision-making, where future system
behavior must be estimated from incomplete observations.

In neuroscience, the ability to model and predict brain activity has become increas-
ingly important with the rapid growth of brain-computer interfaces, neural decoding
systems, and data-driven neurotechnology [1]. Recent advances in machine learning have
demonstrated that complex cognitive and perceptual information can be inferred from
neuroimaging signals, particularly functional magnetic resonance imaging (fMRI). For ex-
ample, multiple studies have shown that visual stimuli [2,3], semantic representations,
and even continuous language content can be reconstructed from fMRI recordings using
large-scale predictive models and deep learning frameworks [4]. These include image
reconstruction approaches based on latent diffusion and self-supervised representations,
as well as semantic decoding systems capable of recovering continuous language represen-
tations from non-invasive brain recordings [3,5]. Collectively, these works demonstrate that
fMRI blood-oxygen-level-dependent (BOLD) activity contains substantial latent structure
that can support complex predictive and decoding tasks.

The existence of such latent structure naturally raises a complementary question: how
predictable are the underlying BOLD dynamics themselves? While most neuroimaging
prediction studies have focused on application-driven objectives such as reconstruction or
decoding accuracy [2,5], the forecasting problem can also be viewed from an information-
theoretic perspective. In this setting, forecasting performance serves not only as a measure
of predictive accuracy but also as a probe of the statistical organization of the BOLD signal
and the extent to which future neural activity is constrained by prior temporal observations.

Related questions have previously been investigated through entropy-based analyses
of fMRI activity. Prior studies have used entropy-derived measures to characterize the
complexity and irregularity of BOLD signals [6–8]. While these approaches provide valu-
able descriptions of signal complexity, they do not directly quantify how much uncertainty
about future neural activity can be reduced through knowledge of the past. Forecastability
addresses this complementary question by measuring the predictive information shared
between past and future observations. Accordingly, the present work focuses on quantify-
ing the fraction of future BOLD uncertainty that can be explained from preceding temporal
observations through a normalized predictive information measure.

In this work, we formulate multiregional fMRI forecasting as a probabilistic time-
series prediction problem grounded in information theory. We model the BOLD signal as
a multivariate stochastic process with finite temporal memory. Specifically, the process is
represented using a memory parameter M and a prediction horizon H, where the task is
to forecast the next H future samples using the preceding M observations across a set of
predefined regions of interest (ROIs). Under this formulation, forecasting quality becomes
directly related to the reduction in uncertainty achievable from past observations.

Using this framework, we investigate both the predictability and the information
structure of ROI-level BOLD dynamics obtained from the Natural Scenes Dataset (NSD),
a large-scale 7T fMRI dataset acquired during continuous natural scene viewing. We evalu-
ate multiple forecasting architectures spanning classical statistical methods and modern
machine learning approaches, including linear regression, exponential smoothing, recurrent
neural networks, and transformer-based sequence models. Rather than focusing exclusively
on predictive accuracy, we analyze forecasting performance through entropy-based quanti-
ties derived from the learned probabilistic models, including marginal entropy, conditional
entropy, and normalized predictive information measures. In this setting, the forecasting
models can also be interpreted as data-driven forward models of short-timescale brain
dynamics, providing compact probabilistic representations of how future neural activity
evolves from preceding observations. Such forward-model formulations are broadly rele-
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vant to downstream neuroengineering and neural-state inference problems, where future
brain activity must be estimated from incomplete or noisy observations.

In addition to evaluating forecasting performance, we further investigated how pre-
dictive information was distributed across cortical regions using directed information
(DI). Whereas forecasting accuracy alone quantifies how well future BOLD activity can be
predicted, DI provides a complementary view into which ROI histories contribute most
strongly to those predictions and how predictive structure propagates across the network.
In this sense, the forecasting models can be interpreted not only as predictive tools but also
as data-driven probes of directional statistical organization in multivariate brain dynam-
ics. Directed information extends mutual information to temporally ordered stochastic
processes and quantifies the extent to which the past activity of one process contributes
to predicting the future activity of another process beyond self-history effects [9]. Related
information-theoretic frameworks for dependence and information flow analysis have
been studied extensively in information theory and network inference, including work
associated with directed information and causal dependence measures in stochastic dy-
namical systems [10–12]. In the present study, DI was estimated post hoc from the trained
probabilistic forecasting models, enabling directional analysis of predictive dependencies
directly from the learned forecasting distributions.

The forecasting perspective adopted here is also motivated by broader developments
in predictive modeling and sequential inference. In large-scale forecasting benchmarks
such as the M5 forecasting competition, forecasting accuracy has been shown to depend
strongly on the interaction between model structure, uncertainty estimation, and temporal
dependencies in the underlying data [13]. Similar principles arise in neural systems, where
the ability to predict future states may provide insight into the complexity and organization
of brain dynamics [14,15]. By combining probabilistic forecasting with entropy and directed
information analysis, the present work aims to provide a unified framework for study-
ing the predictability, uncertainty structure, and directional organization of multivariate
fMRI activity, while also motivating forecasting-based forward models for downstream
neuroengineering and neural-state inference applications.

2. Materials and Methods
This section presents the dataset, preprocessing procedures, forecasting models,

and information-theoretic analysis framework used in this study. Forecastability and
directed dependencies were analyzed from an information-theoretic perspective, build-
ing on broader frameworks for inference and dependence analysis in complex stochastic
systems [9,16].

2.1. Dataset and Region-of-Interest Definition

Functional magnetic resonance imaging (fMRI) data were obtained from the NSD [17],
a large-scale 7T fMRI dataset acquired during continuous visual stimulation with natural
scene images. NSD contains one of the largest amounts of single-subject fMRI data currently
publicly available, enabling high-resolution analysis of long-timescale cortical dynamics.
In this work, we used the publicly released preprocessed 1.8 mm isotropic BOLD time series
provided as part of the NSD preprocessing pipeline. Data from eight subjects were included.
The NSD dataset is organized hierarchically into imaging sessions and individual functional
runs, where each session contains multiple continuous BOLD acquisitions corresponding
to separate stimulus presentation blocks. The present study focused on the visual cortex
due to its strong stimulus-driven responses, well-characterized hierarchical organization,
and suitability for studying multiscale predictive structure in brain dynamics.
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A total of 23 visual cortical ROIs were defined in Montreal Neurological Institute
(MNI) space using spherical masks centered on canonical visual-system coordinates. ROIs
were defined as spherical regions centered on approximate MNI coordinates corresponding
to established visual cortical areas identified in probabilistic retinotopic atlases and prior
functional localization studies [18–21]. The primary visual cortex V1 was represented by a
single midline ROI, whereas all remaining regions were represented bilaterally, resulting
in 23 ROIs in total. Early visual cortex regions, V1, V2, and V3, were assigned a radius of
5 mm, while higher-order visual areas used a radius of 6 mm as described in Table 1.

Table 1. Regions of interest and their description.

Index (−/+) ROI MNI (x, y, z) Radius

1 V1 (0,−90, 0) 5
2/3 V2 (±10,−85, 5) 5
4/5 V3 (±15,−80, 10) 5
6/7 hV4 (±25,−75,−10) 6
8/9 V3A (±20,−85, 25) 6

10/11 V3B (±25,−80, 30) 6
12/13 LO1 (±35,−75,−5) 6
14/15 LO2 (±40,−75,−5) 6
16/17 VO1 (±25,−70,−15) 6
18/19 VO2 (±30,−65,−15) 6
20/21 PPA (±28,−45,−12) 6
22/23 FFA (±40,−55,−15) 6

The ROI set spans multiple stages of the human visual system, including early retino-
topic cortex (V1–V3), intermediate dorsal and ventral retinotopic areas (V3A, V3B, and hV4),
lateral occipital retinotopic maps (LO1 and LO2), ventral occipital maps (VO1 and VO2),
and category-selective ventral temporal regions, including the parahippocampal place area
(PPA) and fusiform face area (FFA). The ROI coordinates were selected based on established
visual neuroanatomical landmarks and prior retinotopic mapping literature [18–21].

To obtain subject-specific ROI time series, each ROI atlas defined in MNI space was
nonlinearly warped into each subject’s anatomical and functional space using ANTs-based
registration [22]. Specifically, MNI-to-subject anatomical registration used symmetric
normalization, followed by affine alignment between the subject anatomical and functional
scan coordinate spaces. Mean BOLD activity within each ROI was then extracted for every
timepoint of every run.

2.2. Forecasting Problem Formulation

Let Xt ∈ RN denote the multivariate BOLD signal across N ROIs at discrete time index
t. Throughout this work, uppercase symbols such as Xt denote random variables or stochas-
tic processes, whereas lowercase symbols such as xt denote observed realizations of those
variables. In addition, Y is used to denote the target random variable corresponding to
future values of the underlying BOLD process Xt. Given a memory length M ∈ Z+, a posi-
tive integer, and forecasting horizon H ∈ Z+, the objective is to learn a forecasting function
f : RM×N → RH×N that maps a window of past BOLD observations (Xt−M+1, . . . , Xt) to
a prediction of future activity (Xt+1, . . . , Xt+H). The forecasting problem was therefore
formulated as supervised multivariate sequence prediction. Forecasting performance was
interpreted as an empirical probe of the predictability and information structure of fMRI
dynamics for the selected ROI.

Model performance was evaluated using multiple complementary metrics. Root mean
squared error (RMSE) was used as the primary forecasting accuracy metric. RMSE is
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widely used in time-series forecasting studies as a relative measure for comparing com-
peting predictive models rather than as an absolute measure of physical signal fidelity.
Accordingly, the primary interpretation of RMSE in the present work is through com-
parisons between forecasting approaches and against naive persistence baselines. We
additionally evaluated the Root Mean Squared Scaled Error (RMSSE) metric introduced
in the M5 forecasting competition [13], where prediction error is normalized relative to a
naive one-step forecasting baseline.

The normalized predictive information fraction was defined as

η = 1 − H(Y|X)

H(Y)
=

I(X; Y)
H(Y)

, (1)

which corresponds to an asymmetric normalized mutual information measure related to
the uncertainty coefficient in information theory [23,24]. Here, Y = (Xt+1, . . . , Xt+H) is the
random variable corresponding to the future BOLD signal over the forecasting horizon H,
and X = (Xt−M+1, . . . , Xt) is the random variable associated with the past observed signal
window. For notational simplicity, entropy and mutual information quantities are written
without explicit time dependence, implicitly assuming time-invariant joint statistics over
the sampled forecasting windows. Here, H(·) denotes Shannon entropy and H(·|·) the
conditional Shannon entropy, and I(X; Y) denotes the mutual information between past
and future BOLD activity [23]. By definition, η ∈ [0, 1], where larger values indicate greater
predictability of future signal dynamics from past observations. Equivalently, η can be
interpreted as the relative reduction in expected coding length of the target signal Y when
the past signal X is known compared to when it is unknown.

The marginal entropy and conditional entropy were estimated as

H(Y) ≈ E[− log pθ(Y)], H(Y|X) ≈ E[− log pθ(Y|X)], (2)

where pθ(Y) and pθ(Y|X) denote the discretized empirical marginal and discretized model-
predicted conditional probability distributions, respectively. The marginal distribution
pθ(Y) was estimated using a histogram-based discrete density estimator with 100 bins fit
on the training portion of the dataset. To estimate the conditional distribution pθ(Y|X),
predictive residuals obtained from the trained forecasting models were discretized using
the same histogram binning procedure. Let Ŷ = fθ(X) denote the model prediction and
define the residual variable R = Y − Ŷ. Empirical residual histograms were estimated
independently for each ROI and forecasting horizon from calibration residuals obtained on
held-out validation data. The conditional predictive distribution was then approximated as

pθ(Y|X) ≈ pR(Y − fθ(X)), (3)

where pR(·) denotes the discretized empirical residual distribution. This histogram-based
construction enabled nonparametric approximation of conditional predictive likelihoods
without imposing Gaussian assumptions on the forecasting residuals. Using the model-
derived conditional distributions enabled estimation of η directly from the predictive
structure learned by the forecasting models, thereby characterizing the information cap-
tured by the fitted dynamical representations.

2.3. Data Parsing and Sliding-Window Construction

Each fMRI run was independently normalized using run-level z-score normalization
applied separately to each ROI time series:

x̃i
t =

xi
t − µi

σi + ϵ
, (4)
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where xi
t is the BOLD signal for ROI i at discrete time t, µi and σi denote the within-run [17]

mean and σi standard deviation of ROI i. This normalization avoids distribution leakage
across subjects during leave-one-subject-out evaluation.

The normalized time series were transformed into supervised learning samples using
an overlapping sliding-window procedure. For each run, input windows of length M
and target windows of length H were extracted using an overlapping sliding-window
procedure with one-sample increments. Specifically,

xt = [x̃t, . . . , x̃t+M−1] and yt = [x̃t+M, . . . , x̃t+M+H−1] (5)

where x̃t is the normalized BOLD signal for N ROIs. Aggregating the windowed samples
extracted across all NSD runs and sessions yielded the supervised forecasting dataset
consisting of the input tensor x and target tensor y.

This procedure converts each continuous multivariate BOLD sequence into a large
collection of partially overlapping forecasting examples. Subject identities were preserved
during splitting to prevent information leakage between training and testing partitions.

2.4. Forecasting Models

Four forecasting approaches spanning classical statistical models and modern deep
learning architectures were evaluated.

2.4.1. Linear Regression

A ridge-regularized multivariate linear regression model [25] was used as one of
the primary forecasting baselines. For each forecasting sample, the input window of
shape M × N was flattened into a single feature vector of dimension MN, allowing the
model to jointly learn temporal and cross-ROI relationships from the past BOLD activity.
The regression model then learned a direct mapping from the flattened input history to the
future forecasting target over the prediction horizon.

The linear forecasting model was parameterized by a weight tensor W ∈ RMN×HN

defining a linear mapping fW from the input history tensor xt ∈ RM×N to the future target
tensor yt ∈ RH×N . Given a collection of n supervised forecasting samples {(xt, yt)}n

t=1 ,
ridge regularization was used to estimate the forecasting weights:

Ŵ = arg min
W

n

∑
t=1

||yt − fW(xt)||2F + α||W||2F, (6)

where || · ||F denotes the Frobenius norm and α = 1.0 controls the regularization strength.
Ridge regularization was chosen to stabilize estimation in the high-dimensional forecasting
setting, particularly since the number of temporal forecasting features grows proportionally
with both the memory length M and the number of ROIs N.

Although substantially simpler than deep neural forecasting architectures, the linear
regression model can still capture a considerable portion of the temporal structure present
in the BOLD signals. Comparisons between the forecasting performance of the linear
model and higher-capacity nonlinear models provide insight into the underlying signal
complexity and noise characteristics of the data. In particular, similar performance between
linear and nonlinear models may indicate that the observed dynamics are dominated by
approximately linear dependencies or by variability arising from unobserved sources that
cannot be effectively modeled even by overparameterized nonlinear architectures.

2.4.2. Exponential Smoothing

Exponential smoothing is a classical time-series forecasting approach that recursively
estimates future observations using weighted averages of past measurements, assigning
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progressively greater weight to more recent samples. Compared to the neural network ar-
chitectures evaluated in this work, exponential smoothing provides a substantially simpler
statistical forecasting baseline primarily intended to capture short-timescale autoregressive
structure in ROI activity.

The exponential smoothing model, together with appropriate trend and seasonality
extensions, served as a strong baseline in the M5 forecasting competition [13], where the
relatively simple statistical method was shown to outperform many more elaborate ma-
chine learning approaches [13]. Since the fMRI BOLD signals analyzed in this study did not
exhibit a consistent global trend or periodic seasonal structure, no explicit trend or seasonal
components were included in the model. Consequently, the implemented formulation cor-
responds to the Simple Exponential Smoothing (SES) model [26], in which future predictions
are generated solely from exponentially weighted averages of past observations.

The simple exponential smoothing forecastor can be described as [26]

x̂t = ℓt−1 (7)

ℓt = αxt + (1 − α)ℓt−1, (8)

where xt is the observed signal value corresponding to the random variable Xt, ℓt is the
latent variable, α ∈ [0, 1] is the smoothing parameter and x̂t is the model prediction. Once a
prediction is obtained for time instance t, it is recursively used as the observed signal to
infer the remaining future values x̂t+h over the horizon H for h = 1, . . . , H − 1. To ensure
comparability with the other models, the latent variable is initialized such that ℓt−m = 0 for
m > M, while ℓ0 was set to the mean BOLD signal value computed from the training data.

Unlike the other forecasting models evaluated in this work, exponential smoothing
does not naturally support multivariate inputs in which multiple ROI time series are jointly
used to predict future activity. Consequently, a separate exponential smoothing model was
fit independently for each ROI using only its own preceding temporal observations. This
yields a comparatively low-complexity forecasting framework in which each ROI model
is parameterized primarily by a single smoothing coefficient, α, controlling the relative
weighting of recent versus past observations.

2.4.3. Long Short-Term Memory Network

To capture nonlinear temporal dependencies, we implemented a multi-layer Long
Short-Term Memory (LSTM) network [27]. The model receives an input tensor of shape
(M, N), where M denotes the temporal memory window and N the number of ROIs.
The architecture consisted of three recurrent LSTM layers with a hidden-state dimension of
512 units and an inter-layer dropout probability of 0.5 to reduce overfitting. The recurrent
layers were configured using batch-first ordering, enabling direct processing of ROI time-
series windows.

The hidden state of the final recurrent layer at the last observed time point was
passed to a fully connected projection layer that maps the latent representation into the full
forecasting horizon. Specifically, the final linear layer outputs a vector of dimension H × N,
which is reshaped into a prediction tensor of shape (H, N) corresponding to simultaneous
multi-step forecasts across all ROIs. The training protocol details, including the training
loss and the optimizer pick, are given in Section 2.5.

2.4.4. Transformer

We further evaluated a transformer-based sequence model employing self-attention
mechanisms for long-range temporal dependency modeling [28]. The transformer architec-
ture operated on input windows of shape (M, N) and first projected each ROI vector into a
latent embedding space of dimension dmodel = 64 using a learned linear projection layer.
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Learned positional embeddings were added to preserve temporal ordering information
within the sequence.

The embedded sequence was processed using an encoder-only transformer composed
of two stacked transformer encoder layers with four attention heads per layer and dropout
probability 0.1. The encoder outputs contextualized latent representations for all temporal
positions. The latent representation corresponding to the final input time point was then
passed through a linear output layer, producing a vector of dimension H × N, which was
reshaped into the multi-step prediction tensor of shape (H, N). This formulation enables
the model to capture distributed temporal interactions between ROIs through self-attention
on the concatenated input space, RM×N , while directly generating the full forecasting
horizon in a single forward pass. The training protocol for this neural network is also
provided in Section 2.5.

2.5. Training and Evaluation Protocol

Model evaluation followed a two-stage subject-level generalization protocol. First,
two subjects were reserved as a fully held-out test set and excluded entirely from model
selection and cross-validation procedures. The remaining six subjects were then used for
leave-one-subject-out cross-validation (LOSO-CV), where in each fold one subject served
as the validation subject while the remaining subjects were used for training. This LOSO
framework enabled assessment of cross-subject generalization while reducing the risk
of subject-specific overfitting. For neural forecasting models, the best-performing model
weights from the LOSO folds, determined using validation performance and early stopping,
were subsequently evaluated on the previously unseen held-out test subjects to obtain the
final test results.

For deep learning models, training employed the AdamW optimizer [29] with an initial
learning rate of 5 × 10−4 and weight decay of 10−5. Adaptive learning-rate scheduling
was performed with multiplicative decay factor 0.5 [30], while early stopping based on
validation loss was used to reduce overfitting. The training objective combined a Huber
reconstruction loss for the predicted BOLD time series [31] with an additional temporal-
difference regularization term that penalizes discrepancies in first-order temporal dynamics
between predicted and observed signals:

L(xt, x̂t; δ) = LHuber(xt, x̂t; δ) + αL∆(xt, x̂t; δ) (9)

L∆(xt, x̂t; δ) = LHuber(xt − xt−1, x̂t − x̂t−1; δ), (10)

where α = 0.3 controls the contribution of the temporal-difference regularization term,
δ = 0.5 denotes the Huber threshold parameter, and L∆ penalizes discrepancies between
predicted and observed temporal differences across adjacent forecast steps. For complete-
ness, the Huber reconstruction loss was defined as

LHuber(xt, x̂t; δ) =
1
H

H−1

∑
h=0

ϕδ(xt+h − x̂t+h) (11)

ϕδ(z) =

 1
2 z2, |z| ≤ δ

δ(|z| − 1
2 δ), |z| > δ

. (12)

where H denotes the forecasting horizon. We systematically varied the memory parameter
M and forecasting horizon H to characterize the temporal predictability structure of the
fMRI signals. Model selection was based on cross-validated forecasting performance across
LOSO folds.
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Forecasting results were additionally compared against a naive persistence baseline
that repeats the last observed frame over the prediction horizon. Statistical significance
was assessed using a permutation test applied to the transformer forecasting model, which
was selected as a representative forecasting architecture for the subsequent entropy and di-
rected information analyses. This choice illustrates that the proposed information-theoretic
framework remains applicable and interpretable even when coupled with a comparatively
high-capacity nonlinear forecasting model. The purpose of the permutation test was to
verify that the observed forecasting performance exceeded that expected under random
target-label associations. The test statistic was the aggregate RMSE computed across all
test samples, ROIs, and forecast horizons, yielding a single scalar measure of forecasting
accuracy. A null distribution was generated using 1000 permutations in which the train-
ing targets were randomly permuted, and the forecasting model retrained. The reported
p-value therefore corresponds to a single global hypothesis test comparing overall fore-
casting performance against the naive persistence baseline. Because separate hypothesis
tests were not performed across individual ROIs, forecast horizons, or model classes, no
multiple-comparison correction was applied.

2.6. Directed Information Post Analysis

To investigate directed dependencies between ROIs, we performed a post hoc DI anal-
ysis using the trained forecasting models. DI provides a directional information-theoretic
measure quantifying the extent to which the past activity of one source random variable
contributes to predicting the future activity of a target random variable [9]. In contrast to
forecasting accuracy alone, which quantifies overall predictability of future BOLD activity,
DI provides a complementary view into which ROI histories contribute most strongly
to those predictions and how predictive structure propagates across the network. Re-
lated information-theoretic frameworks for analyzing dependence and information flow
in complex systems have also been studied extensively within the information theory
literature [16].

For each source ROI signal Xi and target ROI signal X j, we estimated pairwise
marginal directed information by comparing predictive likelihoods obtained from the
full model against a reduced-input model in which the source ROI history was removed.
Specifically, the estimator takes the form [9,10,32]

I(Xi → X j) = E[log p(X j
t+1|Ht)− log p(X j

t+1|H
−i
t )], (13)

where p(A|B) denotes the conditional probability distribution of a random variable A
given another random variable B, Ht denotes the complete multivariate history, and H−i

t
denotes the history with ROI i removed. As in the entropy analysis, the expectation was
estimated over pooled forecasting samples under an implicit assumption of time-invariant
joint statistics across the sampled windows. The probabilistic predictive distributions were
constructed post hoc using empirical residual histogram models. Let X̂ j

t+1 = fθ(Ht) denote
the model prediction for ROI j at forecasting horizon h = 1, and define the residual variable

Rj
t = X j

t+1 − X̂ j
t+1. (14)

For each ROI and forecasting horizon, empirical residual distributions were estimated
from calibration residuals using histogram-based discrete density estimation. The condi-
tional predictive distribution was then approximated as

p(X j
t+1|Ht) ≈ pR

(
X j

t+1 − fθ(Ht)
)

, (15)
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where pR(·) denotes the empirical residual probability mass function estimated from the
calibration data. This construction enabled nonparametric sample-based approximation
of conditional predictive likelihoods without imposing Gaussian assumptions on the
forecasting residuals, thereby allowing directed information estimation from arbitrary
forecasting architectures. The whole forecasting pipeline is summarized in Figure 1.

Figure 1. Overview of the proposed multivariate fMRI forecasting framework. Preprocessed BOLD
time series extracted from predefined regions of interest (ROIs) were converted into sliding temporal
windows and used to train forecasting models to predict future ROI activity from past observations.
Forecasting performance and predictive distributions were subsequently used to compute error-based
and information-theoretic measures, including conditional entropy and directed information.

3. Results
The multi-model forecasting framework was evaluated for multi-step prediction of

ROI-level BOLD dynamics. Forecasting models were trained using leave-one-subject-out
cross-validation with windowed BOLD sequences as input and future ROI activity as the
prediction target.

https://doi.org/10.3390/e28070738

https://doi.org/10.3390/e28070738


Entropy 2026, 28, 738 11 of 19

Figure 2 illustrates example three-step probabilistic forecasts generated by the trans-
former model for two representative ROIs. One example demonstrates relatively close
agreement between the predicted and observed BOLD trajectories over the forecast horizon,
whereas the second example highlights a case with larger prediction error. In both cases,
the model provides a probabilistic estimate of future activity rather than a deterministic
reconstruction of the signal. These examples emphasize that the forecasting framework
captures statistical structure in the ROI dynamics while still exhibiting substantial uncer-
tainty and imperfect predictive accuracy, consistent with the noisy and stochastic nature of
fMRI BOLD measurements.

(a)

(b)

Figure 2. Illustration of probabilistic forecasting performance for two representative ROIs. The histor-
ical ROI activity preceding the forecast horizon is shown together with the ground-truth future trajec-
tory, model prediction, and uncertainty intervals estimated from forecasting residuals. (a) Example
of a well-predicted ROI trajectory, where the model accurately captures the temporal evolution
of the BOLD signal within the forecast horizon. (b) Example of a poorly predicted ROI trajectory,
illustrating increased forecasting error and uncertainty. These examples highlight the heterogeneous
forecastability of fMRI dynamics across ROIs and temporal instances.

Forecasting performance across the evaluated architectures is summarized in Table 2,
including both cross-validation results and performance on the hold-out test subjects.
The forecasting performances were comparable, and the linear model achieved the highest
overall predictive performance among the validated approaches.
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Table 2. Forecasting performance across models for cross-validation and hold-out test evaluation.

Cross-Validation Hold-Out Test
Model RMSE RMSSE RMSE RMSSE

Naive Last Value 0.920 1.39 0.859 1.47
Linear Regression 0.767 1.17 0.710 1.22
Exponential Smoothing 0.891 1.35 0.846 1.45
LSTM 0.779 1.18 0.733 1.26
Transformer 0.770 1.17 0.721 1.23

Best results within each evaluation setting are shown in bold.

To quantify the information content captured by the forecasting framework, we com-
puted entropy-based measures from the probabilistic forecasts. The transformer model
achieved a mean marginal entropy of H(Y) = 3.07 nats and a mean conditional entropy
of H(Y|X) = 0.75 nats across ROIs, yielding an average predictive information gain of
H(Y)− H(Y|X) = 2.32 nats. The corresponding normalized predictive information frac-
tion was η = 75.49% for the multivariate problem. Per-ROI entropy decomposition values
are shown in Figure 3, where marginal entropy, conditional entropy, and normalized
predictive information are visualized jointly for each ROI.

Figure 3. Forecastable information across ROIs for the transformer model. Top Figure: Barplot
shows the information content of the target BOLD signal measured by empirical Shannon Entropy
H(Y). The conditional entropy H(Y|X) of the target BOLD signal Y given past signal X is given
in gray. The difference H(Y)− H(Y|X) is the forecastable information and color codes the percent
of forecastable information per ROI. Bottom Figure: Percent forecastable information η = 1 −
H(Y|X)/H(Y) per ROI.

A permutation-based significance test using 1000 target-shuffled surrogate models
demonstrated that the forecasting performance was highly unlikely to arise from arbitrary
associations between past and future observations (p ≤ 0.001). Similar results were
obtained for both transformer and linear forecasting models.

To further investigate the origin of the observed predictive information, we performed
a phase-randomization control analysis. For each ROI, Fourier phases were randomized
while preserving the original amplitude spectrum, thereby maintaining the signal variance
and power spectral density while destroying temporal phase relationships. Repeating the
forecasting and entropy analysis on the resulting surrogate data reduced the normalized
predictive information fraction from η = 75.49% to η = 5.18%. This substantial reduction
indicates that the predictive information captured by the forecasting models depends
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primarily on temporally organized structure in the BOLD signal rather than on second-
order spectral statistics alone.

Post Hoc Directed Information Analysis

Following model training, a post hoc DI analysis was performed using the probabilistic
forecasting outputs. The DI computation compared predictive likelihoods obtained using
the full ROI history against likelihoods obtained after selectively removing the history
of individual source ROIs. This yielded a directed information matrix quantifying the
contribution of each source ROI to predicting each target ROI.

The resulting DI matrix for the transformer model is shown in Figure 4. For the
selected memory length M = 50 and forecast horizon H = 3, the matrix exhibited a
predominantly diagonal structure, indicating that the strongest predictive contributions
arose from within-ROI temporal history rather than cross-ROI interactions. This finding
was consistent among the forecasting models tested in this work.

Figure 4. Directed information (DI) matrix estimated from the transformer model (M = 50, H = 3)
across the selected ROIs. Larger values indicate stronger directional predictive contributions from
the source ROI (rows) to the target ROI (columns). The predominantly diagonal structure suggests
that short-horizon BOLD forecasting is dominated primarily by autoregressive within-ROI temporal
dependencies, whereas cross-ROI directed interactions remain comparatively weaker.

To assess the sensitivity of these findings to the selected forecasting timescale, addi-
tional DI analyses were performed using memory lengths M = 25, 50, and 75 and forecasting
horizons H = 1, 3, and 5. Across the tested parameter settings, the resulting DI matrices
remained predominantly diagonal, with only modest variations in the absolute DI val-
ues. No substantial increase in off-diagonal cross-ROI directed interactions was observed.
These results suggest that the dominance of within-ROI temporal dependencies is robust to
moderate changes in the forecasting memory and prediction horizon.

4. Discussion
The present study demonstrates that multivariate fMRI BOLD dynamics contain

substantial short-horizon predictive structure that can be captured using probabilistic
forecasting models. Across all evaluated approaches, forecasting performance significantly
exceeded that of a naive persistence baseline (p = 0.001), indicating that the models learned
nontrivial temporal dependencies beyond simple signal persistence.

Entropy decomposition further showed that a substantial fraction of uncertainty in
future BOLD activity could be reduced using the preceding ROI history. The relatively low
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conditional entropy compared to the marginal entropy indicates that short-timescale fMRI
dynamics are not purely stochastic, but instead exhibit measurable temporal organization.
At the same time, the persistence of nonzero conditional entropy suggests that a consider-
able component of the signal remains unpredictable, potentially reflecting measurement
noise, physiological variability, latent neural states, or unobserved network processes not
represented within the selected ROI set.

This interpretation is further supported by the phase-randomization control analysis.
Randomizing Fourier phases while preserving the original power spectrum reduced the
normalized predictive information fraction from 75.49% to 5.18%. Since phase randomiza-
tion preserves signal variance and second-order spectral characteristics while eliminating
temporal phase structure, this result suggests that the predictive information identified
by the forecasting models arises primarily from temporally organized dependencies in
the observed BOLD process rather than from spectral properties alone. At the same time,
because the analysis was performed on the measured BOLD signal, the identified predic-
tive structure should not be interpreted as uniquely neural in origin. Instead, it reflects
the aggregate temporal organization of the recorded process, which may include neural,
hemodynamic, physiological, and measurement-related contributions.

The ROI-level entropy analysis additionally revealed a heterogeneous predictive struc-
ture across the visual hierarchy. Marginal entropy values remained relatively consistent
across ROIs, suggesting broadly similar overall signal variability throughout the visual
cortex. In contrast, conditional entropy and predictive information fractions varied sub-
stantially between regions. Early and intermediate visual areas, including V1, V3A, V3B,
and LO2, exhibited some of the highest predictability values, indicating strong local tem-
poral continuity and relatively stable short-timescale dynamics. Conversely, higher-order
ventral temporal regions, particularly the fusiform face area (FFA) and parahippocampal
place area (PPA), demonstrated comparatively lower predictability and higher conditional
entropy, suggesting increased stochastic variability or more complex latent dynamics. These
findings are consistent with the hierarchical organization of the visual system, where early
retinotopic cortex is more strongly constrained by local stimulus-driven temporal structure,
whereas higher-order category-selective regions integrate more abstract and distributed
representations [18,19].

While the entropy-based quantities provide a direct information-theoretic character-
ization of forecastability, the practical interpretation of conventional forecasting metrics
requires additional context. The absolute RMSE values should be interpreted cautiously
because all ROI time series were normalized prior to forecasting. Consequently, RMSE
does not correspond directly to BOLD signal amplitudes or scanner acquisition accuracy.
Because each ROI time series was standardized to have unit variance, an RMSE of 0.721 in-
dicates that the predicted signal deviates from the true normalized signal by approximately
0.72 standard deviations on average. As commonly done in forecasting studies [13], RMSE
is therefore used primarily as a relative measure for comparing forecasting models and
quantifying improvement relative to baseline predictors. Relative to the naive persistence
model, the transformer forecasting model reduced the hold-out test RMSE from 0.859 to
0.721, corresponding to an approximately 14% reduction in forecasting error. From an
information-theoretic perspective, this improvement was accompanied by a predictive
information fraction of η = 75.49%, indicating that a substantial portion of future BOLD
uncertainty could be explained from recent signal history.

Interestingly, forecasting performance was broadly comparable across both relatively
simple and substantially more complex forecasting architectures. Linear regression, trans-
former, and LSTM models achieved similar validation behavior despite their differing
representational capacities and modeling assumptions. From an information-theoretic
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perspective, the models also impose distinct assumptions regarding the underlying signal
structure. Linear regression is naturally associated with approximately linear Gaussian
dependencies; exponential smoothing emphasizes local temporal continuity, whereas
neural architectures such as LSTMs and transformers can represent nonlinear and higher-
dimensional temporal interactions. Nevertheless, all models remained constrained by the
selected temporal memory window (M = 50) and forecasting horizon (H = 3), which
define the effective temporal context available for prediction. The comparable forecasting
performance across model classes therefore suggests that, within these experimental con-
straints, higher-capacity nonlinear architectures did not provide a substantial predictive
advantage over simpler approaches. However, this finding should not be interpreted as
evidence that the underlying BOLD dynamics are strictly linear or low-order. Nonlinear
dependencies may still be present but remain difficult to detect using the present ROI-level
representation, forecasting horizon, and evaluation metrics, which may not fully capture
differences in the types of temporal structure exploited by different model classes.

The post hoc directed information analysis further clarified the structure of the learned
predictive dependencies. The predominantly diagonal DI matrices indicate that the future
activity of a given ROI is primarily associated with its own recent temporal history rather
than with the histories of other ROIs. This finding is consistent with the autoregressive
nature of the best-performing forecasting models and suggests that short-horizon BOLD
prediction in this setting is dominated largely by local temporal persistence. Notably, ROIs
10 and 11, corresponding to bilateral V3B, exhibited the largest diagonal DI values, indicat-
ing particularly strong self-predictive information within this intermediate dorsal visual
region. This may reflect relatively stable local temporal structure or sustained stimulus-
driven activity in V3B, which is known to participate in higher-order retinotopic processing
and integration of visual motion and spatial information [18,19]. Interestingly, despite the
well-established hierarchical organization of the visual cortex, the DI analysis did not reveal
a strong feedforward or hierarchical off-diagonal interaction structure under the selected
temporal memory and forecasting settings. Instead, the dominant predictive structure
remained largely local and autoregressive. Nevertheless, smaller but nonzero off-diagonal
DI values remained observable across several ROI pairs, including interactions between
VO2 and FFA, suggesting weaker distributed statistical dependencies between higher-order
ventral visual regions. These interactions may reflect broader network-level integration
processes that are not fully captured by purely local autoregressive dynamics. A sensitivity
analysis using neighboring values of the forecasting memory length and prediction horizon
produced qualitatively similar DI patterns, indicating that the predominantly diagonal
structure was not an artifact of the specific parameter choice M = 50 and H = 3. While
alternative temporal scales may reveal additional network-level interactions beyond those
examined here, the present results suggest that short-timescale predictive structure in the
selected visual ROIs is consistently dominated by local autoregressive dynamics.

More broadly, the present framework illustrates how information-theoretic quantities
can provide interpretable summaries of learned neural forecasting dynamics. Even for
comparatively high-capacity models such as transformers, entropy decomposition and
directed information analyses yielded interpretable measures of uncertainty reduction,
predictability, and directional dependence. In this sense, the forecasting models function
not only as predictive tools, but also as data-driven probes for characterizing the statistical
organization of large-scale fMRI activity.

Limitations

This study has several limitations. Most notably, the forecasting horizon was limited
to H = 1, 3, 5 future samples, since longer horizons resulted in substantially increased
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validation loss and unstable predictive performance. Consequently, the present findings pri-
marily characterize short-timescale temporal dependencies in BOLD activity. Future work
could investigate multiscale or hierarchical forecasting architectures capable of maintaining
stable probabilistic predictions over longer temporal horizons, while also incorporating
richer network-level or latent-state representations.

The comparable performance of linear and nonlinear forecasting models should also
be interpreted cautiously. Although higher-capacity models did not substantially improve
forecasting performance in the present analysis, this does not rule out nonlinear dependen-
cies in the underlying BOLD dynamics. Such dependencies may be obscured by ROI-level
averaging, limited forecasting horizons, or evaluation metrics that emphasize aggregate
prediction accuracy. Future work could incorporate metrics specifically sensitive to nonlin-
ear dependence, nonlinear residual structure, or nonlinear predictive causality to better
characterize model-class-specific contributions. At the same time, the primary goal of
this work was to investigate the forecastability of fMRI signals and the extent of temporal
redundancies present in the data. From this perspective, the forecasting models considered
here were sufficient to characterize the predictive structure accessible under the studied
conditions, even if additional nonlinear dependencies remain to be explored in future work.

An additional limitation arises from the histogram-based discretization procedure
used for estimating predictive probability distributions and entropy-based quantities.
The underlying BOLD forecasting distributions are continuous-valued, whereas entropy
and directed information estimation in the present study were performed using discretized
empirical histogram approximations primarily to simplify likelihood estimation and numer-
ical computation. As a consequence, the absolute entropy values reported in nats depend
on the selected discretization resolution, specifically the 100-bin histogram partition used
throughout this work. In particular, finer histogram resolutions generally increase the
estimated entropy values due to the increased partition cardinality. Accordingly, the re-
ported entropy magnitudes should be interpreted relative to the discretization scheme
employed rather than as absolute continuous entropy measures. Future work could instead
employ continuous probabilistic density models and differential entropy estimators to
obtain discretization-independent information-theoretic quantities.

5. Conclusions
In this work, we formulated multiregional fMRI BOLD forecasting as a probabilistic

time-series prediction problem grounded in information theory. Using ROI-level activity
from the Natural Scenes Dataset, we evaluated multiple forecasting architectures and
quantified predictive structure through entropy-based measures and directed information
analysis. The results demonstrated that short-horizon BOLD activity contains signifi-
cant nontrivial temporal predictability beyond the naive persistence baseline, while still
retaining substantial stochastic variability.

Entropy decomposition revealed that a considerable fraction of future uncertainty
could be reduced using recent ROI history, and post hoc directed information analysis
indicated that short-timescale prediction was dominated primarily by local autoregressive
structure. Importantly, the study also demonstrated that information-theoretic quantities
can provide interpretable summaries of learned dynamics even for comparatively complex
black-box forecasting models.
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Overall, the presented framework connects probabilistic forecasting, information
theory, and multivariate neuroimaging analysis within a unified setting. These results
suggest that forecasting-based approaches may provide a useful tool for studying the
predictability, complexity, and directional organization of large-scale brain dynamics.
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