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Abstract
An important aspect of complex dynamical systems research is discovering the
interaction relationships among components that exist in the form of multivari-
ate time series. Compared to correlation, causality provides deeper insights
into the essential mechanisms of systems and plays a significant role in the
study of complex dynamical systems by going beyond simple correlation analy-
sis. Granger causality analysis provides a powerful time series structure discov-
ery framework and has been widely applied across various fields since its incep-
tion, holding significant research importance and practical value. However, in
highly complex nonlinear dynamical systems such as human physiological sys-
tems, where causal relationships are established on multivariate, nonlinear, and
dynamic time series, this poses a substantial challenge for traditional Granger
causality analysis methods. To address this, this paper proposes a deep learning-
based dynamic Granger causality analysis method called DNNGC to discover
Granger causal relationships among complex, dynamic, and nonlinear multi-
variate time series. DNNGC leverages the modeling capability of deep learning
for complex nonlinear relationships to fully capture the nonlinear dependencies
among multivariate temporal data. It achieves dynamic causal analysis by in-
corporating time periods of existence into the original Granger causality frame-
work and improves its predictive structure to reduce model space complexity
from O(n2) to O(n), thereby enhancing feasibility for analyzing large-scale time
series in real-world systems. Furthermore, this paper designs a neural network
architecture tailored for Granger causality and provides a detailed discussion of
DNNGC’s experimental results under three typical forms of Granger causality
existence. Finally, this paper applies DNNGC to analyze interactions among
various physiological systems during human sleep, uncovering potential dynamic
Granger causality patterns in the human body, which holds significant practical
implications.
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Abstract
A fundamental challenge in studying complex dynamical systems is discovering
the interaction patterns among system components represented as multivariate
time series. Causality provides deeper insights into system mechanisms than
correlation, playing a crucial role in understanding complex dynamical systems
beyond simple correlation analysis. Granger causality analysis offers a power-
ful framework for time series structure discovery and has been widely applied
across various domains since its inception, holding significant research value and
practical importance. However, in highly complex nonlinear dynamical systems
such as human physiological systems, causal relationships are embedded in mul-
tivariate, nonlinear, and dynamic time series, posing substantial challenges to
traditional Granger causality analysis methods.

To address these challenges, this paper proposes a deep learning-based dynamic
Granger causality analysis method called DNNGC to discover Granger causal
relationships among complex, dynamic, and nonlinear multivariate time series.
DNNGC leverages the capacity of deep learning to model complex nonlinear
relationships, thereby fully capturing the nonlinear dependencies in multivari-
ate temporal data. By augmenting traditional Granger causality with existence
time periods, DNNGC enables dynamic causal analysis. Furthermore, we im-
prove its predictive structure to reduce model space complexity from 𝑂(𝑛2) to
𝑂(𝑛), enhancing feasibility for large-scale time series analysis in real-world sys-
tems. Additionally, we design a neural network architecture tailored for Granger
causality analysis and present detailed experimental results under three typical
forms of Granger causality. Finally, we apply DNNGC to analyze causal in-
teractions among physiological systems during human sleep, revealing potential
dynamic Granger causal relationships with significant practical implications.

Keywords: deep learning, causal inference, information flow, multivariate time
series, dynamic Granger causality
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1. Introduction
The activities of components in complex dynamical systems are typically
recorded and stored as multivariate time series, which reflect the operational
processes of these systems [1]. Investigating the dynamically evolving interac-
tion patterns within these sequences can reveal and illuminate the underlying
mechanisms and structures governing system behavior. For instance, electroen-
cephalograms (EEG) capture and reflect neuronal activity in the brain, with
existing research demonstrating that information flow correlates with intrinsic
brain network architecture [2]. Analyzing brain functional network structures
from multivariate time series using various interaction analysis methods
enhances our understanding of how the brain executes specific functions [3-4].

When simple correlation or independence measures are employed to character-
ize interactions among multivariate time series, inherent limitations in direction
identification and the influence of common driver variables may lead to indirect
interactions being misidentified as direct correlations [3], resulting in redundant
or spurious information within complex systems. In contrast, causality [5-6]
provides a deeper explanation of “who causes whom,” articulating the direc-
tion of information flow between variables and enabling the discovery of essen-
tial system mechanisms beyond simple correlation analysis [6]. For example,
human physiological systems continuously interact, generating vast multivari-
ate time series. Figure 1 Figure 1: see original paper illustrates multivariate
time series composed of electrical signals from four body regions, while (b)
and (c) present correlation analysis and dynamic causal analysis results during
sleep, respectively. The blue lines represent ground-truth relationships: elec-
trooculogram (EOG) causes electrocardiogram (ECG) and chin electromyogra-
phy (CHIN EMG), while ECG causes brain activity (EEG). However, correla-
tion analysis identifies all variables as correlated, producing false relationships
represented by gray lines in (c) and leading to erroneous conclusions.

For highly complex multivariate nonlinear systems like the human body, causal
relationships vary dynamically over time. Physiologists have discovered that
deep sleep primarily involves interactions within brain systems, whereas light
sleep exhibits increased whole-body system interactions [7]. As shown in Figure
1, this dynamic nature manifests as causal relationships that appear or disappear
over time, potentially exhibiting time-varying patterns as illustrated in Figure
1(c). Analyzing dynamic Granger causality from these multivariate time series
would significantly enhance our understanding of fundamental system mecha-
nisms. Since a malfunction in any variable’s corresponding system could trigger
disease in the entire body, knowledge of dynamic causal relationships among
physiological components would enable rapid limitation of potential causes to
those variables exhibiting causal influence on the faulty variable during the rel-
evant time period, thereby saving precious time in medical treatment.

Granger causality (GC) [8] provides a powerful framework for time series struc-
ture discovery by quantifying the extent to which one time series’ past improves
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prediction of another’s future evolution, thereby defining “causality” from a
predictive perspective. Since its proposal, Granger causality has been widely
applied in economics [9], finance [10], and increasingly in neuroscience research
[11]. A typical application employs Granger causality as a primary method for
analyzing effective connectivity [12] from multivariate time series to investigate
how one neural system influences another [13-14].

However, applying traditional Granger causality to causal analysis of multivari-
ate time series in complex systems faces several challenges: (1) traditional GC
analyzes only two variables while ignoring other sequences in the system; (2) it
requires strong prior knowledge to assume linear relationships, making it diffi-
cult to analyze complex nonlinear dependencies; and (3) it statically analyzes
causality over the entire time series, failing to capture potential dynamic causal
relationships in complex systems.

Deep neural networks can represent complex nonlinear interactions between
inputs and outputs. Long Short-Term Memory (LSTM) networks [15-17] have
demonstrated impressive performance in predicting multivariate time series [18],
and prediction is crucial for determining Granger causality. Moreover, as a
data-driven non-parametric approach, deep neural networks can achieve effective
models without prior knowledge, making them highly suitable for modeling
complex nonlinear relationships in unknown systems [19-20].

2. Related Work
Granger causality traces back to Wiener’s statistical concept of causality [21]: if
knowing the past of time series Y improves prediction of X (compared to using
only X’s past), then Y causes X. Nobel laureate Granger [8] formally proposed
this time series causality concept within the context of linear vector autoregres-
sive (VAR) models for stochastic processes: if using all available information
(representing all relevant variables’ history up to time 𝑡 − 1) better predicts 𝑋𝑡
than using information excluding 𝑌𝑡, and this result is statistically significant,
then 𝑌𝑡 causes 𝑋𝑡—the now-standard definition of Granger causality. Simply
put, if prediction of 𝑋𝑡 using only its own history improves after incorporating
𝑌𝑡’s history, indicating information flow from 𝑌𝑡 to 𝑋𝑡, then 𝑌𝑡 is said to have
Granger causality on 𝑋𝑡.

Traditional Granger causality suffers from several prominent issues: (1) it re-
quires strong prior knowledge to predefine VAR models; (2) it employs linear
functions, making nonlinear relationship analysis difficult; (3) it considers only
bivariate causality without accounting for potential confounding factors, hin-
dering correct analysis of multivariate causality in complex systems; and (4) it
statically analyzes causality across entire time series.

Researchers have proposed numerous improved models to address these limita-
tions [22]. Conditional GC introduces conditional variables [23] to distinguish
direct from indirect causality, while penalized models such as lasso [24] and
group-lasso [25] address sparse regression problems, extending Granger causal-
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ity to high-dimensional systems. Nonlinear GC improves upon linear functions
using carefully selected kernel functions, such as radial basis functions (RBF)
[26] and reproducing kernel Hilbert spaces (RKHS) [27], to handle causality in
nonlinear systems. However, these methods still have shortcomings: (1) they
require some prior knowledge to predefine model types, which is difficult for un-
known systems whose underlying processes are typically unknown in advance;
and (2) they struggle to design sufficiently complex functional models to fit the
highly nonlinear mechanisms of complex dynamical systems.

Neural network-based Granger causality analysis remains in preliminary stages.
Attanasio et al. [28] and Montalto et al. [29] applied feedforward neural networks
to GC analysis, but their architectures remain relatively simple. Recent work
by Alex Tank et al. [30] determines Granger causality through parameters in
neural network hidden layers, requiring substantial penalties to drive potentially
useless parameters toward zero, which leads to excessively long training times,
high complexity, and limited practical significance. Moreover, existing research
has not yet integrated neural networks with dynamic Granger causality analysis.

3. Problem Definition
Consider a complex dynamical system containing 𝑛 variables (𝑋1, 𝑋2, … , 𝑋𝑛).
The system’s dynamic evolution is observed over a period containing 𝑇 obser-
vation points (1, 2, … , 𝑇 ), where the actual time intervals between consecutive
observation points may vary and depend on the specific system and time series
data. Consequently, each variable forms a time series across the 𝑇 observation
points, with 𝑋𝑖,𝑡 denoting the value of the 𝑖-th variable (time series) at the 𝑡-th
observation point. Hereinafter, the 𝑖-th variable can be understood as the 𝑖-th
time series.

Definition 1 (System State and Accumulated Information). For any
time 𝑡 representing the 𝑡-th observation point, the system state at time 𝑡 is
𝒰𝑡 = (𝑋1,𝑡, 𝑋2,𝑡, … , 𝑋𝑛,𝑡)⊤ ∈ ℝ𝑛×𝑘, where 𝑘 is the model order. The mul-
tivariate time series constituting the complex dynamical system is defined as
𝒰 = (𝒰1, 𝒰2, … , 𝒰𝑇 ). The information accumulated by the system before time
𝑡 is defined as 𝒰𝑡−𝑘∶𝑡−1 = (𝒰𝑡−𝑘, 𝒰𝑡−𝑘+1, … , 𝒰𝑡−1) ∈ ℝ𝑛×𝑘.

Definition 2 (Optimal Prediction). Define 𝑃(𝑋𝑗,𝑡|𝒰𝑡−𝑘∶𝑡−1) as the optimal
prediction of 𝑋𝑗,𝑡 obtained by predicting using the information 𝒰𝑡−𝑘∶𝑡−1 accu-
mulated before time 𝑡. Define 𝒰�𝑖

𝑡−𝑘∶𝑡−1 as the information from which the 𝑖-th
variable’s information has been removed, and 𝑃(𝑋𝑗,𝑡|𝒰�𝑖

𝑡−𝑘∶𝑡−1) as the optimal
prediction of 𝑋𝑗,𝑡 obtained using the above information after removing 𝑋𝑖.

Definition 3 (Dynamic Granger Causality). Building upon the concept of
Granger causality, we introduce existence time periods to represent that Granger
causality exists within specific time intervals. Define the existence time period
ETP = {𝑡1, 𝑡2, … , 𝑡𝐿}, where 𝐿 denotes the length of the existence period. Adja-
cent time points 𝑡𝜏 , 𝑡𝜏+1 ∈ ETP satisfy 𝑡𝜏+1−𝑡𝜏 ≠ 1, meaning time points within
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the ETP can be arbitrarily selected from the 𝑇 observation points, thereby en-
abling dynamic causal analysis through dynamic time points in the time series.
The dynamic Granger causality is defined as the pair (Granger causality, exis-
tence time period), where the ETP may be discontinuous. Within the ETP, 𝑋𝑗
is judged to have Granger causality on 𝑋𝑖 if the following condition holds:

var(𝑃 (𝑋𝑗,𝑡|𝒰𝑡−𝑘∶𝑡−1)) < var(𝑃 (𝑋𝑗,𝑡|𝒰�𝑖
𝑡−𝑘∶𝑡−1)), ∀𝑡 ∈ ETP

where 𝑋𝑖 is the target variable and 𝑋𝑗 is the source variable. Dynamic Granger
causality achieves dynamic causal analysis by associating Granger causality with
its existence time period.

The problem addressed in this paper is: given an ETP specified from all obser-
vation points, analyze the Granger causality status among multiple variables in
the complex dynamical system during this period. The specific objective is to
analyze whether variables 𝑋𝑖 and 𝑋𝑗 (𝑖, 𝑗 ∈ {1, … , 𝑛}) exhibit Granger causality
within the ETP, using other variables as conditional variables, or whether both
directions of causality exist.

Figure 2 [Figure 2: see original paper] illustrates the overall architecture of
the proposed deep learning-based dynamic Granger causality analysis method,
showing the general process of Granger causality analysis based on deep neural
networks.

4. Deep Network Architecture for Granger Causality Anal-
ysis
Consider a complex system with 𝑛 variables {𝑋𝑖}𝑛

𝑖=1. Within a given time
period, let 𝑋𝑗 be the target sequence, 𝑋𝑖 the source sequence, and {𝑋𝑚}𝑚≠𝑖,𝑗
the conditional variables. The conventional approach for determining whether
𝑋𝑖 has Granger causality on 𝑋𝑗 builds two models:

full: 𝑋̂𝑗,𝑡 = 𝑓full(𝑋1,𝑡−𝑘∶𝑡−1, … , 𝑋𝑛,𝑡−𝑘∶𝑡−1) + 𝜖𝑡

reduced: 𝑋̂𝑗,𝑡 = 𝑓reduced(𝑋1,𝑡−𝑘∶𝑡−1, … , 𝑋𝑖−1,𝑡−𝑘∶𝑡−1, 𝑋𝑖+1,𝑡−𝑘∶𝑡−1, … , 𝑋𝑛,𝑡−𝑘∶𝑡−1) + 𝜖𝑡

where 𝑋𝑖,𝑡−𝑘∶𝑡−1 represents the historical information of time series 𝑖. Granger
causality is determined by comparing the residual variances of the full and
reduced models.

This conventional approach requires building two models to test causality from
𝑋𝑖 to 𝑋𝑗, and another two models for the reverse direction, totaling 2𝑛2 models
for multivariate problems—prohibitively complex for real-world systems. There-
fore, this paper improves the predictive structure of Granger causality by em-
ploying joint modeling to analyze all potential causal effects of a single variable
simultaneously, reducing the number of models to 𝑛 + 1.
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The improved deep neural network architecture for Granger causality analysis is
shown in Figure 2. At time 𝑡, the system state is 𝒰𝑡 = (𝑋1,𝑡, 𝑋2,𝑡, … , 𝑋𝑛,𝑡)⊤, and
the accumulated information before time 𝑡 is 𝒰𝑡−𝑘∶𝑡−1 as defined in Equation (4).
Rather than inputting individual variable histories 𝑋𝑖,𝑡−𝑘∶𝑡−1 as in Equations
(2)-(3), the entire system state 𝒰𝑡−𝑘∶𝑡−1 is used as a lagged input, representing
the whole system’s past. Let 𝒰�𝑖

𝑡−𝑘∶𝑡−1 denote the information with variable 𝑋𝑖
removed, used to assess whether source variable 𝑋𝑖 has Granger causality on
other variables. The output predicts the entire system state 𝒰𝑡 at time 𝑡, not
just 𝑋𝑗,𝑡.

Specifically, we construct the following models:

full: 𝒰̂𝑡 = 𝑓full(𝒰𝑡−𝑘∶𝑡−1) + 𝜖𝑡

reduced𝑖 ∶ 𝒰̂(𝑖)
𝑡 = 𝑓reduced𝑖(𝒰�𝑖

𝑡−𝑘∶𝑡−1) + 𝜖𝑡

In the causality inference module of Figure 2, we determine whether source
variable 𝑋𝑖 has Granger causality on target variable 𝑋𝑗 by extracting 𝑋𝑗’s
optimal predictions from both models. Using a sliding window approach from
time 𝑡𝑒𝑝 to 𝑡𝑒𝑝 + 𝐿 − 1, we obtain corresponding predictions of 𝑋𝑗 from both
models. All predictions form prediction sequences 𝑋̂full

𝑗 and 𝑋̂reduced𝑖
𝑗 , from

which we compute their error variances against the true time series 𝑋𝑗:

errfull,𝑗 = var(𝑋̂full
𝑗 − 𝑋𝑗)

errreduced𝑖,𝑗 = var(𝑋̂reduced𝑖
𝑗 − 𝑋𝑗)

A single reduced𝑖 model can assess Granger causality from 𝑋𝑖 to all 𝑛 variables
in the system. By varying the source variable removed in reduced𝑖 models,
DNNGC requires only 𝑛 + 1 models—one shared full model and 𝑛 reduced
models—to determine Granger causality between any pair of variables with
directionality.

Based on Equations (5)-(6), we construct a deep neural network architecture
suitable for Granger causality analysis, as shown in the deep neural network
module of Figure 2. The architecture uses an LSTM-FC network, with recurrent
neural network LSTM as the main model and Fully Connected (FC) layers for
output dimension adjustment. This architecture is exceptionally well-suited
for Granger causality problems: each training input is 𝒰𝑡−𝑘∶𝑡−1, where each
time step receives a system state, perfectly accommodating the lag structure of
Granger causality without disrupting per-timestep state information.

LSTM’s complex parameter update mechanism enables it to establish sophis-
ticated nonlinear dependencies with past information. Building upon RNN,
LSTM introduces a second hidden state variable 𝑐𝑡, called the cell state, which
contains information from past system states and updates parameters through
gating mechanisms. The specific update formulas are:
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𝑖𝑡 = 𝜎(𝑊𝑥𝑖𝑥𝑡 + 𝑊ℎ𝑖ℎ𝑡−1 + 𝑏𝑖)
𝑓𝑡 = 𝜎(𝑊𝑥𝑓𝑥𝑡 + 𝑊ℎ𝑓ℎ𝑡−1 + 𝑏𝑓)
𝑜𝑡 = 𝜎(𝑊𝑥𝑜𝑥𝑡 + 𝑊ℎ𝑜ℎ𝑡−1 + 𝑏𝑜)

̃𝑐𝑡 = tanh(𝑊𝑥𝑐𝑥𝑡 + 𝑊ℎ𝑐ℎ𝑡−1 + 𝑏𝑐)
𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1 + 𝑖𝑡 ⊙ ̃𝑐𝑡
ℎ𝑡 = 𝑜𝑡 ⊙ tanh(𝑐𝑡)

where 𝑖𝑡, 𝑓𝑡, and 𝑜𝑡 represent input, forget, and output gates, respectively,
controlling how each component of the cell state updates and transfers to the
hidden state ℎ𝑡 used for prediction. The forget gate 𝑓𝑡 controls how much past
cell state influences future states, while the input gate 𝑖𝑡 controls how current
observations affect the new cell state.

LSTM establishes relationships with long-term and complex dependencies in
time series during parameter updates. For analyzing dependencies at time 𝑡,
if the forget gate approaches 1, information from time 𝑡 − 1 flows entirely into
time 𝑡, creating a dependency. If the forget gate remains 1, information from
distant past moments continuously propagates to time 𝑡, establishing depen-
dencies with far-past states. When skipping certain time points, parameters
can be adjusted such that the computed 𝑐𝑡 and ℎ𝑡 equal their previous values.
In the Granger causality context, this flexible architecture can model complex
nonlinear dependencies between time series.

5. Granger Causality Inference
In practice, when investigating whether time series 𝑖 has Granger causality on
time series 𝑗, a sufficiently complex deep neural network with adequate train-
ing time may overfit the data. Even after removing a source variable 𝑋𝑖 that
truly has Granger causality on target 𝑋𝑗, the reduced𝑖 model’s predictions may
not be substantially affected. This phenomenon is particularly evident in rela-
tively simple datasets. Two primary approaches address overfitting: reducing
parameter dimensions or decreasing the effective size of each dimension [31].
Since parameter space dimensions are fixed in our problem, we decrease effec-
tive parameter size through techniques like regularization and early stopping.
Regularization introduces an additional hyperparameter 𝜆 controlling parameter
penalty strength, but 𝜆 is difficult to interpret and tune. Since our objective is
to compare which model (full or reduced𝑖) predicts better, and 𝜆 directly affects
final predictions, determining the optimal value among infinite possibilities is
challenging—different values may even yield opposite conclusions, making regu-
larization unsuitable. Early stopping halts training when overfitting is detected
on a validation set, but our problem context lacks a validation set, rendering it
inappropriate as well.

To amplify the prediction performance gap between full and reduced𝑖 models,
we approach from gradient descent dynamics: if time series 𝑗 causally influences
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𝑖, the full model containing 𝑗’s information should fit 𝑖 more easily and achieve
better predictions earlier in training compared to the reduced𝑖 model lacking 𝑗’s
information. Therefore, we consider prediction errors after each training epoch
and determine Granger causality by comparing early-training performance be-
tween models.

Specifically, during training of each full and reduced𝑖 model, after each complete
forward and backward pass through the entire dataset (one epoch), we compute
the residual variance between predictions and true values. All epoch-wise resid-
ual variances form residual vectors:

Errorfull = (err1
full, err2

full, … , err𝑁epoch
full )

Errorreduced𝑖 = (err1
reduced𝑖, err2

reduced𝑖, … , err𝑁epoch
reduced𝑖)

where 𝑖 = 1, 2, … , 𝑛 and 𝑁epoch denotes the number of training epochs. The
criteria for determining whether source variable 𝑋𝑖 has Granger causality on
target 𝑋𝑗 are: (1) across all epochs, the full model’s residual vector column 𝑗
is smaller than the reduced𝑖 model’s column 𝑗 more frequently than it is larger;
and (2) for each epoch, the mean of the first epoch residuals in the full model’s
column 𝑗 is smaller than that of the reduced𝑖 model. These conditions are
formalized as:

NUM(Errorfull[∶, 𝑗] < Errorreduced𝑖[∶, 𝑗]) > NUM(Errorfull[∶, 𝑗] > Errorreduced𝑖[∶, 𝑗])
MEAN(Errorfull[1 ∶ epoch, 𝑗]) < MEAN(Errorreduced𝑖[1 ∶ epoch, 𝑗]), ∀epoch ∈ {1, … , 𝑁epoch}

where NUM() counts satisfying elements, [∶, 𝑗] denotes column 𝑗, and MEAN()
computes running means. Finally, statistical tests determine significance. If
time series 𝑖 has Granger causality on 𝑗, we assign Causality[𝑗, 𝑖] = 1; otherwise,
0. Repeating this analysis for all pairs yields the final causality matrix.

The DNNGC method pseudocode is presented in Algorithm 1.

6. Experimental Results and Analysis
We validate DNNGC’s effectiveness and performance through simulation exper-
iments and explore dynamic Granger causality in human physiological networks
during deep and light sleep using real sleep data.

6.1 Simulation Experiments

Based on the complexity of Granger causality patterns, we consider three typi-
cal forms: chain, tree, and ring structures, and investigate how causality length
affects performance. Overall results demonstrate that our method accurately
discovers underlying Granger causality in systems (multivariate time series) ex-
hibiting these three patterns.
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Simulation data are generated using the Lorenz-96 model [32], a strongly non-
linear system described by the following differential equations:

𝑑𝑥𝑖
𝑑𝑡 = (𝑥𝑖+1 − 𝑥𝑖−2)𝑥𝑖−1 − 𝑥𝑖 + 𝐹, 𝑖 = 1, 2, … , 𝑝

where 𝑥𝑡(−1) = 𝑥𝑡(𝑝−1), 𝑥𝑡0 = 𝑥𝑡𝑝, 𝑥𝑡(𝑝+1) = 𝑥𝑡1, and 𝐹 is a forcing parameter
determining nonlinearity and chaos. A system with 𝑛 time series has 𝑛2 possible
Granger causal relationships. A good causal discovery method should maximize
true causal discoveries while controlling false positives [5]. We therefore use
Accuracy as the evaluation metric:

Accuracy = TP + TN
TP + FP + TN + FN

where TP, TN, FP, and FN denote true positives, true negatives, false positives,
and false negatives, respectively.

Chain-Structured Granger Causality Chain structures are characterized
by each time series causing at most one other series or being caused by at most
one series. The experimental data structure is shown in Figure 3 Figure 3: see
original paper, where blue lines indicate Granger causality. Using identical net-
work parameters for full and reduced𝑖 models, we test chain lengths of 1, 2, 4,
and 8 with varying hidden unit counts. Results in Figure 3(b) show that accu-
racies for lengths 1 and 2 reach 100% multiple times, with minimum accuracy
exceeding 75%. Lengths 4 and 8 achieve average accuracies around 85% and
80%, respectively. Minimum accuracies occur at extreme hidden unit counts:
too few units prevent adequate nonlinear modeling, while too many cause over-
fitting, reducing the error gap between full and reduced models and decreasing
accuracy.

Tree-Structured Granger Causality Tree structures feature each time se-
ries causing at most one other series but potentially being caused by any num-
ber of series. Experiments follow the same settings as Section 6.1.1. Results in
Figure 4 [Figure 4: see original paper] show 100% accuracy for width 2, with
maximum accuracies of 95% and 92% for widths 4 and 8, respectively. Per-
formance is sensitive to hidden unit counts, with large accuracy fluctuations.
Minimum accuracies again occur at extreme hidden unit values.

Ring-Structured Granger Causality Ring structures are more complex,
containing both chain and tree patterns, where each time series can cause or be
caused by any other series, as shown in Figure 6 Figure 6: see original paper.
Setting 𝑝 = 10 and 𝐹 = 10 in Lorenz-96 with sampling rate Δ𝑡 = 0.1, we
generate 10-variable multivariate time series with 1000 continuous time points
(Figure 5 [Figure 5: see original paper]). The true causality pattern is shown
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in Figures 6(a) and 6(c). This complex dataset demonstrates our method’s
performance on highly nonlinear multivariate time series.

Experiments use a 2-layer deep neural network with 256 hidden units per layer,
learning rate 0.01, lag 𝑘 = 10, and 𝑁epoch = 200. After 300 training epochs
(near convergence), we apply the criteria from Section 5 using the first 300
epochs. The direct output is Causality ∈ ℝ10×10, visualized in Figure 6(b) (red
boxes indicate errors). Results achieve 90.0% accuracy, improving to 94% when
requiring only the mean condition (Equation 12).

6.2 Sleep Physiological Analysis

Human physiological systems exhibit multivariate, complex nonlinear, and dy-
namic characteristics, representing a typical real-world complex dynamical sys-
tem. Applying our method to discover causal relationships during sleep analyzes
its performance on real systems with potential medical significance.

Physiologists have identified stable EOG-ECG interactions during light sleep
that disappear during deep sleep [7]. We first validate this finding at the causal-
ity level, then analyze how this interaction varies across sleep stages, and finally
discover causal patterns among physiological systems during deep and light
sleep.

Data are from the ISRUC-SLEEP Dataset [33], comprising approximately 8-
hour polysomnography (PSG) recordings from 118 subjects at CHUC Hospital’s
Sleep Medicine Center (2009-2013), sampled at 200 Hz. The dataset includes
6 EEG, 2 EOG, 1 ECG, 1 chin EMG, and 1 leg EMG channel (11 total), with
approximate sensor locations shown in Figure 9 [Figure 9: see original paper]
and data examples in Figure 1(a).

First, we analyze Granger causality between EOG and ECG during deep and
light sleep separately as an evaluation benchmark. Using the DNNGC metric
from Equation (9), values >0 indicate Granger causality from source to target,
with larger values indicating stronger relationships. Experiments use all 118
subjects’ sleep data with a 2-layer network (6000 hidden units per layer) and
batch size 128. Results in Figure 7 [Figure 7: see original paper] show EOG →
ECG causality exists in both sleep stages, but the error improvement is 10×
greater during light sleep, indicating substantially stronger and more stable
causality.

For a single subject’s whole-night signals, we analyze dynamic Granger causality
in 30-second intervals. Figure 8 [Figure 8: see original paper] shows EOG →
ECG causality exists in 55.1% of light sleep intervals versus only 28.4% dur-
ing deep sleep. The results also reveal that during non-REM periods (0.5-2.5h
and 4.5-7h), EOG → ECG causality persists, typically transitioning between
existence and non-existence with deep/light sleep changes. During wake peri-
ods (0-0.5h and 2.5-4.5h), the causality changes frequently and dramatically,
indicating a more chaotic state.
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Finally, integrating data from 188 subjects and analyzing each 1.5-hour sleep
cycle [34], we filter deep and light sleep stages to discover causal patterns among
physiological systems. Figure 9 shows more numerous and complex causal in-
teractions during light sleep compared to deep sleep.

7. Conclusion
This paper addresses limitations of existing Granger causality analysis methods
by proposing a deep learning-based dynamic Granger causality analysis method
and a tailored neural network architecture. By integrating Granger causality
with deep learning, we reduce model space complexity and enable modeling
of complex nonlinear relationships. Experiments on Lorenz-96 simulated data
across three typical causality patterns demonstrate effectiveness and accuracy.
Application to real human sleep physiological multivariate time series validates
physiological findings and explores dynamic Granger causality among physiolog-
ical systems throughout the night, revealing potential medical value.

Future work will extend this method to downstream tasks such as time series
clustering [35-36] and anomaly detection [37], exploring specific application sce-
narios while further refining the approach.
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