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Abstract

In this work, I explore a method to extract directed connectivity infor­
mation from fMRI resting state signals. As an alternative to, for example, 
correlation and Granger causality based approaches, this new method 
is based on an artificial neural network (ANN) model using a combi­
nation of dense fully connected layers and attention mechanisms. The 
ANN is trained to predict future fMRI signals, and the attention matrix 
during inference is used to describe connectivity between regions. 
The resulting attention connectivity matrices compare competitively to 
Granger causality and Pearson and partial correlation on fingerprinting 
and on predicting individual behavior. The code for this project is avail­
able on GitHub.1

1 Introduction
Functional connectivity (FC), as a way of mapping how parts of the brain work together, 
has been an active area of research. One common approach is to use fMRI to capture 
blood oxygenation levels in the brain as an indirect measure of brain activity (Buckner et 
al., 2013). These spatio-temporal signals can be analyzed using statistical methods for 
correlations between signals of different brain regions. The resulting information (usually 
a square matrix whose value at (�, �) represents how connected two regions � and � are) 
can, for example, be used to infer the existence of distinct large-scale networks (Fox 
et al., 2005) or to predict various mental diseases or cognitive and behavioral traits and 
assign importance weights to edges between specific regions regarding these different 
mental properties (Shen et al., 2017).

A central question is if and how the underlying causal mechanisms between neural 
units of the brain are represented in the functional connectivity calculated from fMRI 
signals and said statistical methods. Commonly used correlation based methods, such as 
Pearson correlation, result in undirected connectivity graphs, meaning that it is very hard 
to make statements about causal inference. There are however approaches to extract 
directed information from brain signals, such as Granger causality or dynamic causal 
modeling (Stephan & Roebroeck, 2012).

To expand in this direction, in this work, I propose a new method to compute directed 
functional connectivity, i.e., an algorithm that takes signals of regional brain activity over 
time as input, and produces a non-symmetric square matrix as output. The intention is 
that the value at (�, �) in the matrix represents how strong the influence of the past activity 
of region � is on the future activity of region �.

1https://github.com/tsoj/fmri_attention_connectivity
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The fundamental idea this new method is motivated by is the hypothesis that if knowing 
the past of region � helps predicting the future activity of region �, then it is likely that 
regions � and � are in some capacity connected. If at the same time knowing the past 
of � helps less to predict �, it might mean that in the ground truth system that produces 
the signal, � is less influenced by � than � is influenced by �, or in other words, we could 
make assumptions about the flow of information between brain regions.

The new method is implemented using an artificial neural network (ANN) model and 
machine learning methods to train the model to predict future fMRI signals from past 
signals. The connectivity information is extracted from a layer of the model that imple­
ments a form of the attention mechanism. This mechanism allows the model for each 
region � to dynamically select from other input regions the ones which might be most 
useful for predicting the future of region �. The model is trained either on multi-subject 
data to learn to predict the population average brain signal, or it is trained on single 
subject data to learn to predict brain patterns of a specific subject.

The rest of this report is structured as follows:
• Relevant work: An introduction to various functional connectivity mapping methods, 

work relevant to predicting fMRI time series, and previous approaches using attention 
mechanisms for fMRI analysis.

• Method: Description of the data used and the new algorithm.
• Evaluation: Description of the fingerprinting and predictive modeling of behavioral 

data test approaches, and results compared to Pearson and partial correlation, and a 
linear model similar to Granger causality.

• Further results: Future time step prediction power, hyperparameter effects, synthetic 
dataset with ground truth connectivity.

2 Relevant work
2.1 Attention mechanism
Since the advent of the transformer architecture (Vaswani et al., 2017), attention based 
ANNs have seen a large rise in popularity because of their strong performance across 
many fields (Brown et al., 2020; Dosovitskiy et al., 2020; Jumper et al., 2021; Rombach 
et al., 2021).

The attention mechanism is used if different entities (e.g., brain regions or the embedding 
vectors of different brain regions) in the network architecture need to share information. 
To search for the most useful information other regions provide, a region � creates a 
query vector (��). At the same time, all other regions (e.g., region �) generate a key 
and a value vector (�	 and 
	). The key �	 is the vector that “publicizes” what kind of 
information 
	 region � provides; in other words, �	 is a key for accessing 
	. To find out 
how “important” information from another region � is for region �, we compute the dot 
product of the query of � and the key of �: importance�	 = ����	 . Now we sum the value 
vectors of all regions together, weighted by their importance: aggregated_information� =∑	∈regions(����	 
	). The most common variant of attention additionally uses softmax and 
a dimension specific scaling factor.

2.2 Predicting fMRI time series
There has been some previous work on predicting future time steps of fMRI data. The 
classical example is the VAR for Granger causality. More recently, machine learning using 
artificial neural networks (ANNs) for fMRI time series prediction has been a popular topic 
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of research. The models usually tend to be deep learning architectures (i.e., multiple 
hidden layers), such as graph neural networks (GNN) (Wein et al., 2022), recurrent 
neural networks (RNNs) (Sobczak et al., 2020), and more recently transformers (Zheng 
et al., 2024), (Sun et al., 2024), (Sun et al., 2025). Because of their deep architectures, 
these models are usually hard to interpret. (Wein et al., 2021) extract (potential) causal 
connectivity via perturbation analysis (perturbing the input at selected regions and 
observing for which regions the output changes). They show plausible causal connec­
tivity related to the vestibular cortex. Additionally there are other neural network based 
approaches, for example, to improve Granger causality with neural networks to predict 
brain activity time series (Mamoon et al., 2025). Instead of trying to predicting future time 
steps using a linear and static coefficients, here a neural network is trained to produce 
dynamic, non-linear coefficients. They achieve very good results on autism and mild 
cognitive impairment classification tasks. Other recent work, CaLLTiF, is a constraint-
based causal discovery method (Arab et al., 2025). They find very good performance 
on simulated fMRI from the macaque connectome and the learned connectomes show 
similar connections across individuals. Because of this large body of existing work, I will 
focus on basic simple and widely used approaches. Detailed comparisons with these 
more advanced connectivity methods is out of scope for this paper, especially because 
of the heterogeneity of frameworks and evaluations; direct comparisons are left for 
future work.

2.3 Existing functional connectivity methods
2.3.1 Pearson correlation
Pearson correlation is a very commonly used method to estimate functional connectivity. 
It is easy to understand and implement. It is effectively a normalized version of the 
covariance. The covariance between two signals   and ! can be computed with:cov( ,!) = ∑#(( # − %&)(!# − %'))

where  # is the (-th value of signal  , and %& is the mean value of   (likewise for !)

In other words, it is the dot product of two mean-subtracted signals. Now, to calculate 
the Pearson correlation, before we put the signals through the covariance formula, we 
z-normalize them individually:  ′ = &−+,-, , !′ = '−+.-.Pearson( ,!) = cov( ′, !′)
Covariance and variants like the Pearson correlation have been used to theorize the 
existence of large-scale networks (Greicius et al., 2003), (Fox et al., 2005), for the cre­
ation of brain parcellations (Shen et al., 2013; Thomas Yeo et al., 2011), and for predictive 
modeling (Shen et al., 2017).

2.3.2 Partial correlation
The idea behind partial correlation is to only correlate the part of two signals with each 
other that can’t be explained by the rest of all other available signals. Concretely, this 
means that given two signals   and ! which we want to correlate, and a set of other 
signals 0, we first compute the signals  ̂ = 02&, !̂ = 02' with 2& and 2' being optimized 
via ordinary least squares (min34((� − 026)2),with � ∈ { ,!}). Then we can compute 
the partial correlation between   and ! by computing Pearson correlation between  − ̂ and ! − !̂, in other words, we correlate the residuals of what can’t be linearly predicted 
by 0.

3



Partial correlation instead of the simple covariance has been used in the attempt to 
uncover direct links between brain regions, which are obscured by the high correlation 
between non-direct links (e.g., common drivers) when using covariance measures (Mar­
relec et al., 2006) A note for clarity: Direct connection means that there are no other links 
between two regions. Directed on the other hand means that there is directionality to 
the connection. Partial correlation based connectivity seems to align well with biological 
similarity networks and performs well on identifiability and for predicting cognition and 
behavioral traits (Liu et al., 2025). However, compared to covariance based measures, 
partial correlation performs poorly on test-retest reliability tests (Liu et al., 2025).

2.3.3 Granger causality
To uncover directed causal links between brain regions, Granger causality inspired 
methods have been proposed. For Granger causality, it is assumed that information we 
collect from the causing region at the time of the cause can be used to predict the future 
of the effect at another region. As an example, given signals  ,!,= one way to find out 
if ! Granger-causes  , is to minimize the following two losses:>&'? = min3(( # −∑B≥1(2&E #−B + 2'E!#−B + 2?E=#−B))2)>&? = min3(( # −∑B≥1(2&E #−B + 2?E=#−B))2)

(notably the ! part is missing in the second loss equation).

These linear models are sometimes called vector autoregression (VAR) models. Now, 
if >&'? < >&?  (i.e. the error when optimizing with ! is lower) we can assume that ! 
contains unique information useful for predicting  ’s future. Thus, we say that ! Granger-
causes  . Importantly, this can be different from a true causal relationship. Also, this 
example ignores issues of overfitting and noise for brevity.

The understanding of effective connectivity (directed functional connectivity) has been 
a main application of Granger causality in neuroscience. Examples are the attempt to 
uncover influence of selected regions on each other during task based fMRI (Roebroeck 
et al., 2005), classifying multiple sclerosis using a directed brain network (Azarmi et 
al., 2019), and, similarly to the correlation based human connectome, the creation of a 
directed connectome of the brain (Duggento et al., 2018).

It should be noted that Granger causality might be sensitive to heterogeneous haemody­
namic response functions (HRF) across the brain, and thus results should be interpreted 
with caution (Deshpande & Hu, 2012; Smith et al., 2012). However, there is some evidence 
that the likelihood of false positive connections being found by Granger causality analysis 
because of HRF distortions is low (Novelli et al., 2025).

2.4 Attention based connectivity
Since attention lets the ANN decide on its own (during training) which regions are 
important for other regions, this mechanism presents itself as a natural method to extract 
connectivity information from data.

One such approach is DICE, which has been exploring the use of spatial attention (region 
to region) as a way to extract FC by training on tasks such as predicting schizophrenia, 
autism, age, or gender from fMRI data. The model architecture takes in fMRI data, uses 
RNNs and temporal attention to create per-region embeddings that are then used to 
create a spatial (cross-region) attention matrix. This matrix is used to predict the target. 
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The model is trained end-to-end, i.e., the spatial attention matrix is learned to be specif­
ically optimized for the task at hand (e.g., classifying autism). After the model is trained, 
the spatial attention matrix can be used to infer important connectivity specifically for 
the trained task. This, for example, reveals that for classifying dementia and gender, 
sensorimotor and default-mode connectivity is important (Mahmood et al., 2022).

Another model architecture with a similar approach is DSAM. It is also intended to be 
a task specific model, trained end-to-end on tasks such as predicting gender. The 
architecture consists first of a network block that combines temporal (per region) convo­
lutional and attention layers to select important points from the fMRI time series. These 
per-region important points are used to build a connectivity matrix using spatial attention. 
Finally, this connectivity matrix is used as an input for a GNN, which is used to classify a 
target (e.g., gender). Similarly to DICE, the DSAM connectivity matrix can be interpreted 
in the context of being learned specifically for the given task (Thapaliya et al., 2025).

(Nauta et al., 2019) describe an attention mechanism to capture causal relationships 
in time series: A network is trained to predict future timesteps using an attention archi­
tecture. After training, the trained attention weights are used to intepret, which part of 
which timeseries is used to predict a future value. It is in principle similar to my approach, 
however, it hasn’t been applied on real fMRI data, and details in the architecture training 
differ. Importantly, here I use the trained model on unseen data to uncover directed 
connectivity; therefore it is possible to apply the trained model dynamically.

2.4.1 Benchmarking functional connectivity methods
Since even beyond the examples of (effective) functional connectivity mentioned above, 
there are many other approaches for building a connectome, the question arises, which 
of these many approaches is best for a given task. One approach used to answer that 
question is to build an artificial system, modelling the brain to some degree. This provides 
a ground truth connectivity that we can compare the outputs of different functional 
connectivity methods to (Wang et al., 2014). However, the effectiveness of this approach 
depends on the decision of simulation model. A more empirically grounded way to deter­
mine the usefulness of FC methods is to evaluate them on objective measures of quality 
on real fMRI data. Examples for such objective measures are fingerprinting accuracy, 
brain-behavior prediction, test-retest reliability, or sensitivity to motion artifacts (Liu et al., 
2025; Mahadevan et al., 2021). Good scores on these measures imply a decent likelihood 
for an FC method to capture true underlying brain functions (though how to interpret 
them is another question).

2.5 Comparing functional connectivity methods
To motivate the attention connectivity method, let’s compare some selected features of 
the presented functional connectivity measures. A summary can be seen in Table 1.

Directed connectivity: Pearson and partial correlation are both undirected. The connec­
tivity matrices are symmetric and thus provide no causal information, e.g., about whether 
region � is more strongly influenced by � than � is by region �. Granger causality (using 
a VAR), DICE, DSAM, and attention connectivity all provide some kind of directed infor­
mation, though whether this is indeed causal is a question for future work.

Not necessarily task specific: All methods except DICE and DSAM support functional 
connectivity estimates from fMRI data without further labels. DICE and DSAM need to 
train on task specific targets, such as autism classification or age regression, to build 
their connectivity matrices.
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Works without training: Pearson and partial correlation both don’t need to train any 
models to work. Granger causality and attention connectivity need to be trained/fitted 
autoregressively to provided fMRI data. As noted above, DICE and DSAM need to be 
trained in a supervised manner on a combination of fMRI input data and classification/
regression labels.

Future time step prediction: Granger causality and attention connectivity do next time 
step prediction, which potentially requires them to model certain aspects of how the 
brain works over time. It is left for future work to explore how much this hypothesis turns 
out to be true, or which factors external to brain function (e.g., spatially and temporally 
heterogeneous haemodynamic response) are the main influences for future time step 
predictions (Smith et al., 2012). DICE and DSAM do non-temporal, task-based predic­
tions, and Pearson and partial correlation don’t do any predictions.

Non-linear modeling: Non-linear models far exceed the representation power of linear 
models. It is very likely that the brain exhibits patterns that are non-linear, thus it might be 
of use for the FC method to be able to model non-linear relationships Of the functional 
connectivity models that do prediction tasks, DICE, DSAM, and attention connectivity are 
able to do so due to their non-linear activation functions (e.g. ReLU, sigmoid). The most 
commonly used Granger causality model is based on VARs, i.e., a linear combination of 
the input time series.

Can be used dynamically: The change of functional connectivity over finer time-scales 
than whole sessions has been an area of interest (Allen et al., 2012; Romanello et 
al., 2022). Compared to looking at the aggregated connectivity over a whole session, 
dynamic connectivity might reveal information regarding the frequency and nature of 
short-term brain states. Pearson correlation and partial correlation can be easily adjusted 
for dynamic use by applying them on smaller windows. Attention connectivity inherently 
supports dynamic attention, and thus also dynamic directed connectivity. Granger 
causality VARs only support dynamic connectivity insofar as needs to be enough training 
data in each window to avoid overfitting. For DICE and DSAM it is not clear if non-trivial 
changes would make them available for dynamic analysis.

Works on subject-level: One goal of functional connectivity analysis is to provide indi­
vidualistic insights that might help patients. In that context it is useful for an FC method to 
be applicable not only the group level (i.e., providing a group average connectivity), but 
also on just one individual. All methods allow subject level analysis (at least if I correctly 
understood how DICE and DSAM extract their attention matrices, which I am not 100% 
sure of).

Can detect anti-correlations: One interesting aspect that came out of functional con­
nectivity research is that certain large-scale networks are anti-correlated (Fox et al., 
2005). Of the methods compared here, only the correlation based methods (Pearson and 
partial) allow for the detection of anti-correlated signals by looking at negative correlation 
values (by definition). The other methods model how important connections are, and 
since anti-correlations have an equal information as an equivalent correlated signal, both 
signals would be deemed equally important.
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Criterion Pearson correlation Partial correlation Granger causality Attention connectivity DICE/DSAM

Directed connectivity No No Yes Yes Yes

Not necessarily task specific Yes Yes Yes Yes No

Works without training Yes Yes No No No

Future time step prediction No No Yes Yes No

Non-linear modeling No No No Yes Yes

Can be used dynamically Yes Yes Maybe Yes No

Works on subject-level Yes Yes Yes Yes Yes

Detect anti-correlations Yes Yes No No No

Table 1: Comparison of functional connectivity analysis methods across selected 
criteria

3 Method
3.1 Data
The attention connectivity model is trained and evaluated on resting state data from the 
HCP-Young Adult 2025 Release (Van Essen et al., 2013). Per subject, four runs are cap­
tured with 1200 volumes each, using a 3 T scanner with a TR of 0.72 s and a resolution of 
2 mm isotropic. The preprocessed, surface-aligned version of the data is used, for which 
the HCP 2025 rfMRI preprocessing pipeline had been applied. The four runs per subject 
are concatenated. Additionally, the retest rfMRI dataset for 45 of the HCP S1200 subjects 
is used for fingerprinting analysis. Next, the data is parcellated using the Schaefer 2018 
atlas with 100 regions (Schaefer et al., 2017). For that, surface voxels falling into a single 
region are averaged. Compared to previous work (such as (Wein et al., 2021) or (Sun et 
al., 2025)), the resulting data is not not filtered to exclude higher frequencies, since it 
is not clear that higher frequencies include only noise (Chen & Glover, 2015). Effects of 
signal filtering are left for future work.

3.2 Model architecture
A summary of the architecture is shown in Figure 1. The model takes as input a short 
window of the signal for each region (in the order of 10 steps, at an TR of 0.72 s that 
would amount to roughly 7 seconds). Using an input embedding block consisting of a 
series of multi-layer perceptrons (MLPs, sometimes also referred to as feedforward or 
fully connected neural networks), for each region, a key, value, and query vector are 
generated. Using these, each region attends to each other region (i.e., computes impor­
tance), and aggregates the values from all other regions depending on this importance. 
Then the per-region aggregated values are again put through MLPs to finally produce a 
single value, which is the prediction for the BOLD value of the given region in the timestep 
following directly the input window.
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Figure 1: 
A: The fMRI signal of various brain regions is split into windows, and for each 
window the next time step is the prediction target.
B: The signals are per-region embedded into vector representations using simple 
MLPs. Then, via a custom attention mechanism, the regions can share info about 
themselves with each other. Finally, the aggregated information is used to predict 
the next time step for each region. The information exchange weights are extracted 
and interpreted as a connectivity matrix.

3.2.1 Details
A custom attention mechanism, differing from the commonly used one (Vaswani et al., 
2017), is used here. The inputs to our custom attention per region � are the vector 
representing the windowed BOLD signal for this region. These BOLD signals are used 
to generate region-to-region specific queries ��	, �, � ∈ regions and region specific keys 
and values ��, 
� (note that here BOLD�, ��	, ��, and 
� are all 1-dimensional vectors):��	 = MLP_inOPQ(BOLD�)�� = MLP_in6(BOLD�)
� = MLP_inR (BOLD�)MLP_inOPQ  here being an MLP with weights (trainable parameters) that are specific to 
both the region asking the query and the region receiving the query. The reason for this 
is to allow a region to ask more region specific questions. E.g., what a brain region is 
interested in depends on if it is asking the visual cortex or the motor cortex. MLP_in6  
and MLP_inR  share their weights for all source and target regions. The reason for not 
specializing these is to avoid having, for example, the specialized MLP_inRP  learn a 
very useful function early during the training, which would then result in many regions 
preferably attending this region, even though all things being equal, other regions would 
be more useful for certain regions.

The attention score  �	 for region � attending region � is then computed like this: �	 = max(0,��	��	 )
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The clamping to zero is there to make it easier to interpret attention scores. The attention 
score matrix   is built from the entries  �	 and row normalized to sum to one. This is 
the matrix which will later be extracted to build a connectivity matrix. Since the scores 
depend on the input BOLD values, the attention matrix is dynamic, even during inference 
after having finished training. After the attention score matrix has been built, it is used to 
aggregate the values: aggregated_values� = ∑	∈regions(
	 �	)
Finally, to get the predicted BOLD value for region �, the aggregated values are put 
through a region specific MLP:predicted� = MLP_out�(aggregated_values�)
The Python code for this model architecture can be found on GitHub2 or in the appendix 
(Section 8.1).

3.2.2 Hyperparameters
There are various hyperparameters of this model architecture. Luckily, the model seems 
to be mostly robust to changes to them, as later described in Section 5.3.

Input window size: This specifies how large the window of the BOLD signal should be. 
Here, I focus on short windows of less than 10 seconds; default configs are set to use 
an input window size of 5 (3.6 seconds).

Hidden dimension: This is the dimension which is used for all hidden MLP layers, 
including key and query vectors. It is set to 64 for group-level and subject-level models. 
There is one important exception where this hidden dimension is not used, which is the 
value vector, see the next point.

Bottleneck dimension: The value vector is bottlenecked to a lower dimension than other 
hidden layers, usually set to 8. The reasoning behind doing so is largely a precaution: 
Theoretically, the model might learn to encode all information of all 100 regions (of the 
Schaefer 2018 atlas) into a sufficiently large aggregated value vector. Since the model 
wouldn’t have the pressure to select only the most valuable regions, this would make the 
attention score matrix much less useful. So to avoid this, the value vector is projected to a 
low dimension just before aggregation, and then after the weighted sum, the aggregated 
value is up-projected to the general hidden dimension again.

Number of layers: The input (before the attention) and output (after the attention) MLPs 
can be configured to have different number of layers. 4 input layers and 4 output layers 
are used for the subject-level model, for the group-level model, 3 layers are used for 
each.

Attention dropout: Optionally, a dropout function is used on the attention score matrix 
before applying the matrix on the value aggregation (Srivastava et al., 2014). The intent 
behind a higher dropout probability here is to nudge the network to learn not to rely on the 
most prominent sources of information, but also learn to pay attention to regions which 
might provide duplicate information or information of lower importance. Empirically a 
high dropout (0.5 or even 0.9) makes a big difference in the structure of the connectivity 
matrices. Though, best performance (W2) is achieved with the dropout probability set 
to zero. For subject-level models, a dropout of zero is used; for group-level models, a 
dropout of 0.9 is used.

2https://github.com/tsoj/fmri_attention_connectivity
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3.3 Training
There are two ways to train the model: Group-level and subject-level. For the group-level 
training, the training data consists of a training split (10% of subjects are excluded from 
training and left for testing, this includes the 45 test-retest subjects) of the preprocessed 
data, which amounts to a large number of subjects (~900). The resulting model can 
be interpreted as being a model that learned to predict brain patterns that are common 
across many people. For the subject-level training, the model is trained from scratch (i.e. 
no pre-training) exclusively on fMRI data from a single subject. Here, the train-test split 
is made by using the first 90% of the fMRI time series of the subject as training data, and 
the last 10% as test data. The time series are z-normalized per region using the mean 
and standard deviation computed from exclusively the training data.

The optimization method used is a variant of stochastic gradient descent using the 
AdamW algorithm (Loshchilov & Hutter, 2019) with a learning rate of 0.001 and a batch 
size of 256. For the group-level training, the model is trained for 1 epoch since training 
losses are showing diminishing returns already at the end of just one epoch. For the 
subject-level training, the model is trained for 10 epochs. This number has been chosen 
after unsystematic observations on the behavior of one subject (this subject not being 
part of the 45 test-retest subjects later used for fingerprinting evaluation). For the loss 
function, the mean-squared error was used.

The training is done using a single AMD RX 7900 XT GPU and usually takes less than an 
hour for the group-level training.

3.4 Extracting connectivity
After the model is trained, to extract connectivity information, we need to look at the 
attention score matrix  . To do that, we run the model on the given fMRI data set (e.g., of 
a specific subject we want to know connectivity for). At each time step of the fMRI time 
series, given the input window (of roughly size 5 to 15), the model will try to predict the 
next time step value for each region. However, we will ignore the prediction and instead 
take the attention score matrix   that was computed with this input. Since   depends on 
the input (i.e., depending on the input values for a specific region (e.g. progressing from 
high BOLD activation to low BOLD activation), that region might choose to attend other 
regions, than if the input value would look different (e.g. progressing from low to high 
BOLD activation)), this attention score matrix will look different at each timestep. To get 
the summary connectivity information for the entire fMRI time series, the attention score 
matrices of all time steps are averaged. How these connectivity matrices look like, can 
be seen in Figure 2.

10



Figure 2:  A visual comparison of connectivity matrices over multiple methods and 
two subjects (200109 and 200614) and their retest sessions. For subject attention, 
no dropout is used, for group attention, a dropout of 0.9 is used. For a comparison 
to a group-level model without dropout, see Figure 10. For the directed methods, 
the rows are the targets (the regions to be predicted), and the columns are the 
sources (the regions providing information). For example, if a single column were 
very connected, that would mean that the region corresponding to this column is 
used by every other region to predict next time steps.

4 Evaluation
To evaluate the new method, two benchmarks commonly used to test FC measure are 
being run: Fingerprinting and prediction of behavioral and brain structural properties. 
Attention connectivity is being compared to Pearson correlation, partial correlation, and 
Granger causality. Both for fingerprinting and behaviour prediction, it has been tested 
that the accuracy is not better than chance if the labels (subject IDs or behavioral targets) 
are randomly shuffled.

4.1 Granger causality implementation
For Granger causality, to determine the causal strength of region �, a VAR with an input 
window of 2 (larger windows lead to overfitting) is fitted using ridge regression to a 
subject’s fMRI data with all regions as input and the next time step of � as target. Then, 
for each region �, a new VAR is fitted to predict �, except this time, region � is not part 
of the input. The difference in predictive performance between the full VAR to predict �, 
and the � ablated VAR to predict � is the causal influence of � on �. The multiplier for the 
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L2 term in the ridge regression model and the window size are optimized using an inner 
train-test split of the full training data.

4.2 Fingerprinting
For estimating fingerprinting performance, the recipe of (Finn et al., 2015) is largely 
followed. The HCP test-retest dataset of 45 subjects is used. These 45 subjects (of which 
many are twins or related) took the standard two fMRI sessions and additionally another 
two sessions some time later. The problem statement of fingerprinting now is, given 
sessions for a single subject from the test dataset, select the sessions from the retest 
dataset belonging to the same subject. To do that, the two sessions for each subject in 
test and retest datasets are concatenated into a single “big session”. Then, for each big 
session, a connectivity matrix is calculated using the method that we want to benchmark 
(e.g., Granger causality, Pearson correlation, …). The connectivity matrices are then edge 
wise z-normalized over the test dataset of 45 subjects (and same approach for the retest 
dataset). To compare the similarity between two big sessions, the Pearson correlation 
between the two respective connectivity matrices is computed. The performance of a 
method now can be measured either by using accuracy (for how many subjects is the 
similarity score between the two same-subject big sessions bigger than the similarity of 
all other possible cross-subject pairs that include this subject), or by the effect size using 
Cohen’s d of the same-subject vs cross-subject similarity score distributions.

4.2.1 Fingerprinting results
Partial correlation shows the best fingerprinting performance (see Figure 3), identifying 
100% of subjects, followed by Granger causality, which identifes 86% correctly, and then 
the subject-level attention, which identifies 84% of subjects correctly. The lowest perfor­
mance is shown by Pearson correlation and other variants of the attention connectivity, 
with an accuracy of just over 70%. Notably, the fingerprinting accuracy is still reasonably 
high for group-level attention, which hasn’t been trained on any of the subjects in the 
fingerprinting dataset. And importantly, the fingerprinting accuracy is also surprisingly 
good when computing the attention connectivity matrices for the test set with the 
subject-level model, and the retest dataset with the group-level model, i.e., computing 
the similarity between subject and group-level connectivity for the same subjects.

The effect sizes are all very high and are in line with the identification accuracy results. 
In Figure 4 the distributions for cross-subject and same-subject similarity scores can 
be seen. Partial correlation shows the lowest overlap between cross-subject and same-
subject distributions. Pearson correlation has a rather large variance in its cross-subject 
distribution. The subject-level attention connectivity seems to show a comparatively long 
tail towards high similarity scores for same-subject similarity scores.
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Figure 3:  Comparing the fingerprinting performance for FC methods. Subject-level 
attention and Granger causality are very close, maybe because of the similarities in 
how they work (trained/fitted to predict a single subject). Results for when requiring 
identification from the combined set of retest and test sessions can be found in the 
appendix (Section 8.3).

Figure 4:  All fingerprinting methods show a clear separation between cross-subject 
and same-subject similarity distributions.

4.3 Prediction
Prediction: We can use the connectivity matrices for subjects to train a regression model 
for predicting various properties/traits of a subject. To do that, the open access clinical, 
and behavioral data mapped to fMRI subjects of the HCP project is used. I tried getting the 
connectome-based predictive modeling (CPM) approach by (Shen et al., 2017) to work, 
however, because of limited time, I decided to keep it simple and train a linear regressor, 
which is something I am more familiar with. Instead of ridge regression, the approach 
to limit overfitting (necessary, given the limited dataset and large input space (100×100 
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input features) was to train using stochastic gradient descent with early stopping based 
on a validation set (which was distinct from the test set). Train, validation, and test split 
are selected using 10-fold cross-validation, where 8 folds are used for training, 1 fold for 
validation (early stopping), and 1 fold for testing. Unfortunately, there was not a lot of time 
left to check the various details of this method, or compare it to a proper implementation 
of above-mentioned CPM.

4.4 Prediction results
Prediction power of the different connectivity measures differs a lot over the different 
possible targets (Figure 5). The method that most frequently performs best at predicting 
cognitive and behavioral traits is partial correlation: It has the highest W2 score for 39% of 
targets. Subject-level attention predicts best for 22% and group-level for 19% of behav­
ioral targets. Taken together, the attention based methods are better than even partial 
correlation, predicting 42% of cases best. Notably, in most cases, partial and group-level 
attention have very similar W2 scores. However, for many targets where subject-level 
attention predicts very well, other methods are close to having no predictive power 
whatsoever. The connectivity methods are additionally tested by how well they can be 
used to predict various brain structural variables. Here group-level attention is the most 
performant method (Figure 6).

Figure 5:  Comparison of prediction performance between different FC methods. 
Partial correlation and group-level attention have similar scores across most targets, 
though partial correlation is usually is slightly better. Subject-level attention excels 
at targets where other methods have large difficulties, such as PercStress_Unadj 
or AngAffect_Unadj. Though in general, the W2 scores are rather low for all targets 
across all methods.
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Figure 6:  Prediction of brain structural variables. These include FreeSurfer statis­
tics, volume segmentation, surface thickness, and surface area. For a lack of 
anatomical knowledge, some of these variables might not be part of the cerebral 
cortex, and thus somewhat outside the scope of the cortical surface connectivity. 
The W2 scores for both group-level attention and partial correlation are rather 
uniformly distributed from 0 to 0.4. Detailed scores can be seen in the appendix 
(Section 8.4).

5 Further results
5.1 Future time step prediction
Both Granger causality and attention connectivity are trained to predict future time 
steps. For the extraction of connectivity information, the prediction performance is of 
second priority. However, as a sanity check, comparing the W2 scores between these 
two methods makes sense. The expectation is that the attention model outperforms the 
VAR Granger causality model, since it can model non-linear relationships. However, it 
turns out that the attention model is only very slightly better in the mean than the Granger 
causality model. In Figure 7 an interesting phenomenon can be observed: If a subject 
is predictable, i.e., both Granger causality and attention model have high prediction 
accuracy, the attention model consistently outperforms the Granger model. However, 
if a subject is hard to predict, then the Granger causality model is usually better than 
the attention model. The reasons for this behaviour are not entirely clear, but closer 
investigation is left for future work.
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Figure 7:  Each scatter point represents a subject, the place where it falls in the plot 
describes the achieved W2 for the attention model on the y-axis and for Granger 
causality on the x-axis. If points fall on the diagonal, that means that both Granger 
causality and attention model are equally good at predicting this subject. If the point 
falls below the diagonal into the blue shaded region, then Granger causality predicts 
this subject better, and vice versa, if the point falls into the red shaded region, 
the attention model performs better. Noticeable is the trend that low-predictable 
subjects (low W2 scores for either method) are better predicted by Granger causality, 
while for more predictable subjects, attention performs better.

Examples of how input, target, and prediction look like for an attention model, see 
Section 8.2.

5.2 Simulation with ground truth connectivity
To make sure that the attention model is at least in principle capable of detecting ground 
truth connectivity, a very simple synthetic data scheme has been tested.

The input to the synthetic data generation is a connectivity matrix  in, and an input 
window size Y. For each region pair (�, �), a random two-layer MLP�	 is created. This 
MLP takes two vectors of length Y as input and produces a single value as output. Then 
for each training sample, a random input vector input� of length Y for each region is 
generated. Now, the prediction target for region � is computed the following way:target� = ∑	∈regionsMLP�	(input�, input	) ⋅  inPQ
Since the ground truth connectivity depends both on the random weights of MLP�	 and  inPQ , the ground truth connectivity matrix is built by sampling a large number of random 
inputs and observing the average value of MLP�	 and multiplying this with  inPQ . In 
practice, this true connectivity is usually very similar (correlation larger than 0.9) to the 
input matrix  in.
When training the attention model on a dataset generated this way, the resulting atten­
tion connectivity (see Figure  8 for an example) has correlation values of around 0.5. 
However, it should be noted that this only serves as a sanity check, and not as proof 
that the attention connectivity model can extract ground truth connectivity in other cases 
(specifically fMRI).
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Figure 8:  On the left, the ground truth connectivity of a simple simulated system. On 
the right, the estimated connectivity from an attention model trained on a synthetic 
dataset generated from said simulated system.

5.3 Hyperparameter study
In general, the attention model is rather robust regarding changes of its hyperparame­
ters. The largest impact both on predictive performance (test loss) and on the visual 
appearance of the extracted connectivity matrices has the attention dropout parameter 
(Figure 10). Low dropout probability leads to a lower loss (i.e., better predictive perfor­
mance) and a more sparse connectivity matrix. Both intuitively make sense: The higher 
the dropout probability, the less the model is able to focus its attention on the regions 
that matter the most. The reason dropout was used despite its negative impact on 
performance is because visually it was easier to identify differences in resulting attention 
connectivity matrices. However, investigating the wider effects of using or not using 
dropout in the attention layer is left for future work.

Noteworthy is that the performance measurably improves as the input window increases 
in size. This shows that the model not only uses information immediately before the next 
time step, but also information about the state of the brain multiple seconds before.
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Figure 9:  The bottom right plot shows the test performance as various hyperpa­
rameters are varied. The other plots show the same training loss progression of 
various hyperparameter configurations. The difference in the plots is after which 
hyperparameter the lines are shaded in blue and red.

Figure  10:  Comparing the visually different connectivity matrices between the 
default group-level model configuration (on the left), the default group-level model 
configuration, but visualized with the mean connectivity subtracted (middle), and a 
group-level model configuration without dropout (right).

18



6 Discussion and conclusion
The attention connectivity method, while not always beating partial correlation, shows 
promising results in a first set of experiments. Fingerprinting results are not outstand­
ing, though comparable to Granger causality and improving over Pearson correlation. 
However, fingerprinting results show that it is likely that attention connectivity can mea­
surably capture individual differences, even when the model architecture and training 
procedure change between test and retest connectivity extraction. Thus, it is likely that 
attention connectivity captures some of the true underlying nature of brain patterns 
instead of just picking up statistical outliers. This also shows in the performance on 
predicting behavioral and brain structural properties. While partial correlation as a single 
measure still outperforms attention connectivity on many prediction targets, there are a 
significant number of exceptions, where attention connectivity improves the prediction 
performance over all other compared methods.

However, there are a large number of limits to this work. First and foremost, the missing 
ground truth: All claims to the true causal nature of the brain are merely hypotheses that 
need to be tested using other methodologies. From a practical perspective, the imple­
mentations of the used benchmarks are not tested very well, and might be improved, and 
should be compared to other methods to estimate fingerprinting accuracy and behavioral 
prediction (e.g., CPM). Furthermore, Pearson correlation, partial correlation and Granger 
causality are only a subset of (effective) FC methods used in the field. To determine 
if the attention connectivity provides any added value, it might need to be compared 
to other existing work. In general, there are many open points left for future work: The 
effect of preprocessing (e.g. low-pass filtering) use of other datasets than the HCP, the 
effect of dropout on fingerprinting and behavioral prediction, the usefulness of the value 
dimension bottleneck, the influence of input window parameters (how many values over 
how much time), or the investigation of effects of heterogenous HRFs.

In summary, I think that this new method’s advantages (primarily directedness and non-
linear modeling) could make it an interesting subject for further research.
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8 Appendix
8.1 The python code for the attention model
import numpy as np
import torch
import torch.nn as nn

class CustomAttention(nn.Module):
    """Attention mechanism with shared K/V and source-target aware queries"""

    def __init__(self, dim, bottleneck_dim, num_regions, attention_dropout_rate):
        super(CustomAttention, self).__init__()
        assert dim > 0, f"Dimension must be positive, got {dim}"
        assert bottleneck_dim > 0, f"Bottleneck dimension must be positive, got {bottleneck_dim}"
        assert bottleneck_dim <= dim, f"Bottleneck dimension ({bottleneck_dim}) must be <= dim ({dim})"
        assert num_regions > 0, f"Number of regions must be positive, got {num_regions}"
        assert 0 <= attention_dropout_rate <= 1, f"Dropout rate must be in [0,1], got {attention_dropout_rate}"

        self.num_regions = num_regions
        self.dim = dim
        self.bottleneck_dim = bottleneck_dim

        # Shared projections for keys and values
        self.shared_key_proj = nn.Linear(dim, dim)
        self.shared_value_proj = nn.Linear(dim, bottleneck_dim)

        # Source-target specific query projections as a parameter tensor
        # Shape: (num_regions_source, num_regions_target, input_dim, input_dim)
        self.query_weight = nn.Parameter(torch.randn(num_regions, num_regions, dim, dim))
        self.query_bias = nn.Parameter(torch.randn(num_regions, num_regions, dim))

        # Attention dropout for regularization
        self.attention_dropout = nn.Dropout(attention_dropout_rate)

        self.final_value_reproj = nn.Linear(bottleneck_dim, dim)

    def forward(self, q_embed, kv_embed):
        """
        Args:
            q_embed: (batch_size, num_regions, dim) - region-specific embeddings for queries
            kv_embed: (batch_size, num_regions, dim) - shared embeddings for keys and values

        Returns:
            attended_outputs: (batch_size, num_regions, dim)
            attention_weights: (batch_size, num_regions, num_regions)
        """
        batch_size, num_regions_q, dim_q = q_embed.shape
        batch_size_kv, num_regions_kv, dim_kv = kv_embed.shape

        assert batch_size == batch_size_kv, f"Batch size mismatch: q={batch_size}, kv={batch_size_kv}"
        assert num_regions_q == self.num_regions, (
            f"Query regions mismatch: expected {self.num_regions}, got {num_regions_q}"
        )
        assert num_regions_kv == self.num_regions, (
            f"Key/value regions mismatch: expected {self.num_regions}, got {num_regions_kv}"
        )
        assert dim_q == self.dim, f"Query dimension mismatch: expected {self.dim}, got {dim_q}"
        assert dim_kv == self.dim, f"Key/value dimension mismatch: expected {self.dim}, got {dim_kv}"

        # Compute shared keys and values for all regions
        K = self.shared_key_proj(kv_embed)  # (batch_size, num_regions, dim)
        V = self.shared_value_proj(kv_embed)  # (batch_size, num_regions, bottleneck_dim)

        V_normalized = nn.functional.normalize(V, dim=-1)  # Normalize to keep the effect of all values the same

        # Compute source-target specific queries vectorized
        # Q[i,j] = query from source region i to target region j
        # Using einsum for efficient computation:
        #     (batch, source, dim) * (source, target, dim, dim) -> (batch, source, target, dim)
        Q = torch.einsum("bsi,stid->bstd", q_embed, self.query_weight) + self.query_bias.unsqueeze(
            0
        )  # unsqueeze to account for batch dim

        # Compute attention scores vectorized: Q[i,j] · K[j] for each source i and target j
        # Using einsum: (batch, source, target, dim) * (batch, target, dim) -> (batch, source, target)
        attention_weights = torch.einsum("bstd,btd->bst", Q, K)

        # Only keep positive weights and normalize attention weights for each source region to sum to 1.0
        attention_weights = attention_weights.relu()
        attention_weights_sum = 1e-8 + attention_weights.sum(dim=-1, keepdim=True)
        attention_weights = attention_weights / attention_weights_sum

        # Apply dropout to attention to nudge model to try to use a variety of other regions
        attention_weights = self.attention_dropout(attention_weights)

        # Compute attended outputs: weighted sum of values
        attended_outputs = torch.bmm(attention_weights, V_normalized)
        attended_outputs = self.final_value_reproj(attended_outputs)
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        return attended_outputs, attention_weights

class HCPAttentionModel(nn.Module):
    """Time series prediction model using symmetric attention mechanism"""

    def __init__(
        self,
        num_regions,
        input_window,
        output_window,
        hidden_dim,
        num_input_layers,
        num_prediction_layers,
        bottleneck_dim,
        attention_dropout_rate,
        mean,
        stddev,
    ):
        super(HCPAttentionModel, self).__init__()

        # Validate all input parameters
        assert num_regions > 0, f"Number of regions must be positive, got {num_regions}"
        assert input_window > 0, f"Input window must be positive, got {input_window}"
        assert output_window > 0, f"Output window must be positive, got {output_window}"
        assert hidden_dim > 0, f"Hidden dimension must be positive, got {hidden_dim}"
        assert num_input_layers > 0, f"Number of input layers must be positive, got {num_input_layers}"
        assert num_prediction_layers > 0, f"Number of prediction layers must be positive, got {num_prediction_layers}"
        assert bottleneck_dim > 0, f"Bottleneck dimension must be positive, got {bottleneck_dim}"
        assert bottleneck_dim <= hidden_dim, (
            f"Bottleneck dimension ({bottleneck_dim}) must be <= hidden dimension ({hidden_dim})"
        )
        assert 0 <= attention_dropout_rate <= 1, (
            f"Attention dropout rate must be in [0,1], got {attention_dropout_rate}"
        )
        assert len(mean) == num_regions, f"Mean array length ({len(mean)}) must match num_regions ({num_regions})"
        assert len(stddev) == num_regions, f"Stddev array length ({len(stddev)}) must match num_regions ({num_regions})"
        assert np.all(np.array(stddev) > 0), f"All standard deviations must be positive, got min: {np.min(stddev)}"

        # Store all configuration parameters as instance variables
        self.num_regions = num_regions
        self.input_window = input_window
        self.output_window = output_window
        self.hidden_dim = hidden_dim
        self.num_input_layers = num_input_layers
        self.num_prediction_layers = num_prediction_layers
        self.bottleneck_dim = bottleneck_dim
        self.attention_dropout_rate = attention_dropout_rate

        # Store normalization parameters as buffers in reshaped form for broadcasting
        # Shape: (1, num_regions, 1) for broadcasting with (batch_size, num_regions, input/output_window)
        mean_tensor = torch.tensor(mean, dtype=torch.float32).view(1, -1, 1)
        stddev_tensor = torch.tensor(stddev, dtype=torch.float32).view(1, -1, 1)
        self.register_buffer("mean", mean_tensor)
        self.register_buffer("stddev", stddev_tensor)

        # Shared embedding for keys and values (same for all regions)
        self.shared_kv_input_projection = nn.Linear(input_window, hidden_dim)
        self.shared_kv_blocks = self._build_layers(hidden_dim, num_input_layers - 1)

        # Per region input embedding layers for the query
        self.query_input_projection = nn.ModuleList([nn.Linear(input_window, hidden_dim) for _ in range(num_regions)])
        self.query_blocks = nn.ModuleList(
            [self._build_layers(hidden_dim, num_input_layers - 1) for _ in range(num_regions)]
        )

        # Per region output heads after the attention
        self.post_attention_blocks = nn.ModuleList(
            [self._build_layers(hidden_dim, num_prediction_layers - 1) for _ in range(num_regions)]
        )
        self.output_projection_layers = nn.ModuleList(
            [nn.Linear(hidden_dim, output_window) for _ in range(num_regions)]
        )

        # Custom attention module
        self.attention_module = CustomAttention(hidden_dim, bottleneck_dim, num_regions, attention_dropout_rate)

    def _build_layers(self, dim, num_layers):
        num_layers = max(0, num_layers)
        layers = []
        for i in range(num_layers):
            layers.extend([nn.ReLU(), nn.Linear(dim, dim)])

        return nn.Sequential(*layers)

    def forward(self, x, return_attention=False):
        """
        Args:
            x: (batch_size, num_regions, input_window)
            return_attention: Whether to return attention weights

        Returns:
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            predictions: (batch_size, num_regions, output_window)
            attention_weights: (batch_size, num_regions, num_regions) if return_attention=True
        """
        batch_size, num_regions, input_window = x.shape
        assert num_regions == self.num_regions, (
            f"Input regions ({num_regions}) must match model regions ({self.num_regions})"
        )
        assert input_window == self.input_window, (
            f"Input window ({input_window}) must match model input window ({self.input_window})"
        )
        assert batch_size > 0, f"Batch size must be positive, got {batch_size}"

        # Apply per-region z-normalization to input
        # x shape: (batch_size, num_regions, input_window)
        # mean and stddev shape: (1, num_regions, 1) - already reshaped for broadcasting
        x_normalized = (x - self.mean) / (self.stddev + 1e-8)

        # Initial projection and query-specific processing for all regions
        query_embed = [
            self.query_blocks[i](self.query_input_projection[i](x_normalized[:, i, :])) for i in range(self.num_regions)
        ]
        query_embed = torch.stack(query_embed, dim=1)

        # Compute shared key-value embeddings (optimized batch processing)
        x_reshaped = x_normalized.view(batch_size * self.num_regions, self.input_window)
        kv_projected = self.shared_kv_input_projection(x_reshaped)
        key_value_embed = self.shared_kv_blocks(kv_projected).view(batch_size, self.num_regions, self.hidden_dim)

        # Apply attention: region-specific queries, shared keys and values
        attended_outputs, attention_weights = self.attention_module(q_embed=query_embed, kv_embed=key_value_embed)

        # Post-attention processing and output projection for all regions
        region_pred = [
            self.output_projection_layers[i](self.post_attention_blocks[i](attended_outputs[:, i, :]))
            for i in range(self.num_regions)
        ]
        region_pred = torch.stack(region_pred, dim=1)

        # Un-normalize predictions (undo the z-normalization)
        # region_pred shape: (batch_size, num_regions, output_window)
        # mean and stddev shape: (1, num_regions, 1) - already reshaped for broadcasting
        region_pred_unnormalized = region_pred * self.stddev + self.mean

        assert list(attention_weights.shape) == [batch_size, self.num_regions, self.num_regions], (
            f"Unexpected attention weights shape: {attention_weights.shape}"
        )
        assert list(region_pred_unnormalized.shape) == [
            batch_size,
            self.num_regions,
            self.output_window,
        ], f"Unexpected final output shape: {region_pred_unnormalized.shape}"

        if return_attention:
            return region_pred_unnormalized, attention_weights

        return region_pred_unnormalized
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8.2 Examples of inputs and prediction time series

Figure 11:  The input (blue), ground truth continuation (green), and predicted contin­
uation using an attention model (red dashed). All 100 Schaefer 2018 regions shown 
at the same time step.
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8.3 Extra fingerprinting plots

Figure 12:  When we make the fingerprinting problem a little harder by using all cross 
subject pair even inside just the test set (or just the retest set respectively), we see 
very similar results, except for the group-subject version. This is because when 
a subject-level model is used to create the test attention connectivity matrices, 
and the group-level model is used to create the retest connectivity matrices, the 
matrices inside the test set are much more similar to each other, than compared to 
any (even include same-subject) matrices from the retest set which used a different 
model.

8.4 Extra brain structural prediction

Figure 13:  Brain structural properties best predicted by group-level attention con­
nectivity.

Figure 14:  Brain structural properties best predicted by partial correlation.
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