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Abstract

Pre-trained Large language models (LLMs) have shown impressive advancements
in functional magnetic resonance imaging (fMRI) analysis and causal discovery.
Considering the unique nature of the causal discovery field, which focuses on
extracting causal graphs from observed data, research on LLMs in this field is still at
an early exploratory stage. As a subfield of causal discovery, effective connectivity
(EC) has received even less attention, and LLM-based approaches in EC remain
unexplored. Existing LLM-based approaches for causal discovery typically rely
on iterative querying to assess the causal influence between variable pairs, without
any model adaptation or fine-tuning, making them ill-suited for handling the
cross-modal gap and complex causal structures. To this end, we propose BrainEC-
LLM, the first method to fine-tune LLMs for estimating brain EC from fMRI
data. Specifically, multiscale decomposition mixing module decomposes fMRI
time series data into short-term and long-term multiscale trends, then mixing them
in bottom-up (fine to coarse) and top-down (coarse to fine) manner to extract
multiscale temporal variations. And cross attention is applied with pre-trained
word embeddings to ensure consistency between the fMRI input and pre-trained
natural language. The experimental results on simulated and real resting-state
fMRI datasets demonstrate that BrainEC-LLM can achieve superior performance
when compared to state-of-the-art baselines. The code is available at https:
//github.com/XiongWenXww/BrainkEC-LLM.

1 Introduction

Brain effective connectivity (EC) estimation has attracted significant scientific attention and has been
widely used in clinical studies involving Alzheimer’s disease [9,163]], schizophrenia [4], depression
[52], and autism spectrum disorders [37,[70]]. Based on application needs, the most commonly used
neuroimaging modality is functional magnetic resonance imaging (fMRI).

In recent years, traditional machine learning (ML) and deep learning (DL) have made significant
progress in estimating brain EC using fMRI data [31]]. Traditional ML methods are often highly
interpretable, and their relatively simple model structures lead to low computational complexity [61]].
However, this simplicity also means that they require extensive feature engineering, have limited
capacity to handle complex relationships, and often necessitate different algorithms for different
problems [44]. In contrast, DL methods, with their more complex model structures, do not require
manual feature extraction [57}41]. They can automatically extract, process, and make decisions based
on features from raw data [2| [8]. However, DL methods require separate training for specific tasks, a
large amount of labeled data, and costly model training [33]].
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While numerous studies have explored the application of LLMs to fMRI data, most focus on analysis
tasks such as decoding [11]]. Meanwhile, EC estimation is a causal discovery task that aims to infer a
directed graph representing causal relationships between brain regions, and typically lacks ground
truth. Existing approaches applying LLMs to causal discovery typically rely on iterative querying
to assess the causal influence between variable pairs, without any model adaptation or fine-tuning,
limiting their capacity to capture complex causal structures [78].

To address these challenges, we propose BrainEC-LLM, a novel approach that leverages LLMs for
the first time to estimate brain EC from fMRI time series data through fine-tuning, rather than relying
solely on inference. Specifically, prompts generation (PG) module produces prompts in the form of
fMRI dataset description, prior knowledge, and task description to guide LLM, enhancing its ability
to utilize temporal information and cross-brain connectivity from fMRI data. Next, to capture intricate
fMRI multiscale temporal variations and reduce cross-modal disparities, we propose multiscale
decomposition mixing (MDM) module. This module performs bottom-up (fine to coarse) and top-
down (coarse to fine) mixing of short-term and long-term multiscale fMRI trends, and then aligns
multiscale fMRI features with pre-trained word embeddings using cross attention. Then prompts are
served as prefixes and concatenated with the multiscale fMRI embeddings before being delivered
into LLM. Finally, the multiscale features output by the LLM are fed into multiscale reconstruction
mixing (MRM) module to achieve the fusion of multiscale information, and the brain EC network is
estimated using self attention. Our key contributions can be summarized as follows:

* We propose BrainEC-LLM, the first method to fine-tune LLMs for brain EC estimation, in
contrast to prior inference-only causal discovery methods.

* We propose PG to generate task description, dataset description and prior knowledge, which
allows LLM to comprehend temporal dependencies and cross-brain connectivity.

* We present MDM, which disentangles complex fMRI multiscale temporal variations from a
new perspective, enhancing LLM’s understanding of these dynamics.

» Extensive experiments on both simulated and real resting-state fMRI datasets demonstrate
that BrainEC-LLM outperforms the current state-of-the-art baselines.

2 Related Works

2.1 Brain Effective Connectivity Methods

Brain effective connectivity (EC) estimation seeks to uncover causal graphs that characterize the
influence patterns among different brain regions using fMRI data. Since real fMRI datasets lack
ground truth EC, autoregressive models have been widely adopted in this field. These models exploit
the temporal autocorrelation within fMRI time series to predict the data itself, allowing the model to
learn more representative and informative connectivity patterns.

Existing EC estimation approaches can generally be categorized into two groups: traditional machine
ML methods and DL methods. Traditional ML methods for estimating brain EC networks include
DCM [7} 20], SEM [17] and GC [[L3]]. These methods are advantageous for their interpretability.
However, their model structures are typically predefined and sensitive to noise and high-dimensional
data. In contrast, DL methods have shown greater capability in estimating brain EC networks,
particularly when processing high-dimensional and complex data. Examples of these methods include
ACOCTE [40], RL-EC [42], CR-VAE [36], MetaCAE [30], MetaRLEC [75] and CUTS+ [12]. While
these models achieve good performance on brain EC estimation tasks, they require separate training
for different tasks.

2.2 Large Language Models

Numerous research efforts have shown that pre-trained LLMs can be effectively adapted to unseen
tasks through fine-tuning [14, (62} [74]]. While some works raise concerns about their robustness
[60, 73], others have demonstrated that, with proper encoding or architectural tuning, LLMs can
achieve strong performance across diverse time series tasks [24, 32]. As a domain-specific branch
of causal discovery, EC estimation aims to infer causal graphs that describe the directed influence
among brain regions based on fMRI time series data. Although LLMs have been initially explored in
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Figure 1: The overview of BrainEC-LLM framework. First, we enhance the inference capability
of the LLM using (1) prompts generation module. Next, we decomposition the complex variations
in fMRI time series with (2) multiscale decomposition mixing module, aligning pre-training word
information of LLM with fMRI time series data. Finally, the multiscale features produced by LLM
are combined across different scales using (3) multiscale reconstruction mixing module.

both fMRI analysis and causal discovery, their application to EC estimation for fMRI data has not yet
been investigated.

fMRI Analysis. LLMs have been increasingly explored in the context of fMRI time series data,
such as decoding linguistic information from brain signals [[11} [25], reconstructing language from
non-invasive brain recordings [68]], and modeling the alignment between text and brain activity
[19]. However, directly applying LLMs to fMRI time series poses challenges due to the complex
spatial-temporal patterns and modality gap between fMRI time series and language representations.

Causal Discovery. LLMs have demonstrated strong capabilities for zero-shot inference of causal
structures and identifying complex dependency relationships [5}159,147]. However, current approaches
require LLMs to iteratively evaluate variable pairs for causal determination [72} 6], leading to
computational inefficiency while failing to capture global dependencies and introducing model biases.

3 Notation and Problem Statement

In this paper, we utilize lowercase font (e.g., v;) to indicate the (¢-th) brain region, adopt uppercase font
(e.g., A) to denote matrix, use uppercase calligraphic letters (e.g., X) to represent three-dimensional
tensor, and math bold italic letters (e.g., Z) are employed to signify four-dimensional tensor.

The problem of brain EC estimation can be formulated as learning G from brain data (e.g., fMRI). We
then introduce the definition of brain effective connectivity (EC). Brain EC can be represented as a
directed graph G =< v, A >, where v stands for the set of nodes, and each node v; € v represents a
brain region or region of interest (ROI). A denotes brian EC adjacency matrix, where A;; symbolizes
the effective connectivity from brain region v; to v;, indicating that v; has a causal influence on v;.

4 Methodology

BrainEC-LLM consists of three key components as shown in Figure [T} A prompt generation module
first guides pre-trained LLMs (e.g., Llama 3, Mistral) by generating prompts tailored to the input
fMRI time series. Then, a multiscale decomposition mixing module performs short-term and long-
term mixing, followed by cross attention with pre-trained word embeddings for alignment. Finally, a
reconstruction module fuses the multiscale features output by the LLM.

4.1 Prompts Generation

Prompts serve as a straightforward and effective technique for enhancing the reasoning capabilities
of LLMs [69]. To harness the powerful capabilities of LLMs, we propose a comprehensive prompt
generation module. First, the identity of LLM is established through system messages. Following this,
a specific task description is provided, clearly outlining the objectives for the LLM. Next, the module
describes the fMRI dataset using a user message. This description includes detailed information about
the dataset, such as the generation and dimension of fMRI time series data. Additionally, the user



message incorporates prior knowledge about the relationships across brain regions, derived from
Pearson’s correlation coefficient, helping the model focus on potentially relevant region pairs. Our
prompt design is intended to provide the LLM with a structured representation of inter-regional brain
relationships by explicitly encoding the Pearson correlation matrix, where each row and column
corresponds to a specific brain region. To preserve a consistent and interpretable mapping between
brain regions and their associated fMRI ROI time series, numerical indexing is incorporated into the
prompt along with corresponding explanations, ensuring the model can clearly associate each index
with a specific brain region. Examples of prompts and their mapping from Pearson correlation matrix
to fMRI time series are provided in the Appendix |A] The LLM tokenizer then converts the prompts
above into a sequence of tokens, enabling LLM to process and understand the prompt efficiently.

4.2 Multiscale Decomposition Mixing

fMRI time series exhibit distinct patterns at different temporal sampling scales. For instance, high-
resolution fMRI data recorded per second (lower-level scale) provide higher spatial and temporal
resolution, enabling the capture of subtle changes and local neural dynamics. In contrast, low-
resolution fMRI data recorded hourly (higher-level scale) tend to reflect the overall or global activity
patterns of brain regions. These observations naturally motivate the adoption of a multiscale analysis
paradigm to disentangle the complex temporal structures embedded in fMRI signals. A multi-scale
perspective enables the model to separate and capture diverse components of brain activity across
different timescales, which is crucial for accurately modeling temporal variations.

Specifically, for short-term trends, where fine-grained temporal fluctuations such as rapid neural
responses are more prominent, we adopt a bottom-up mixing strategy that emphasizes detailed local
information. Conversely, for long-term trends, which emphasize broader patterns like sustained
functional connectivity, we employ a top-down mixing strategy to incorporate high-level global
structures.

Decomposition. The fMRI time series is initially normalized using reversible instance normalization
[34] to achieve zero mean and unit standard deviation, addressing the issue of distribution shift in
fMRI time series data. Different phenomena and patterns may emerge at various time scales, with fine
scales capturing detailed patterns and coarse scales emphasizing broader changes [46]. By integrating
information from multiple scales, LLMs can more accurately predict behaviors or trends, reducing
errors in the process. Concretely, we employ downsampling to decompose the complex patterns [S1],
resulting in M time series at different scales:

Xit1 = AvgPool(X;),i € {1,....,. M — 1}, (1)

T
where X; € RLz=11*N indicates the fMRI time series of i-th scale. The lowest level sequence X
represents the input fMRI time series X', containing subtle temporal variations, while the highest
level sequence X, captures macroscopic variations.

As illustrated in Figure the multiscale fMRI time series are then decomposed to short-term
multiscale trends S = {8y, ..., Sps } and long-term multiscale trends 7 = {71, ..., Tas } using series
decomposition block [[64]]:

T: = AvgPool(Padding(X;)),S; = X; — T;. 2)

Subsequently, a feedforward network is applied to each trend independently. Due to the distinct
variations contained in the short-term and long-term multiscale fMRI time series, they require separate
processing to manage complex time variations.

Bottom-up Mixing. For short-term multiscale trends, lower-level detailed fMRI time series (e.g.S1)
offers higher spatial and temporal resolution, capturing small changes and local dynamics in brain
activity. In contrast, higher-level coarse fMRI time series (e.g.Spy) integrate a broader range of brain
activity, reflecting more holistic trends and patterns. Therefore, we adopt a bottom-up approach from
lower-level fine-scale fMRI time series upward to provide additional information for higher-level
coarser-scale fMRI time series:

Si =8 +®(Si-1), €))

where ®(+) signifies ModernTCN block [43]]. To better utilize temporal features and cross-brain

connectivity in fMRI time series, we use a ModernTCN block to connect fMRI features across
different scales, and the detailed framework of ModernTCN block is illustrated in Figure @

4



e . Unlike in computer vision, ModernTCN per-
' ' forms patch embedding [48] to preserve corre-
Ouput : lations among variables rather than embedding
the IV variables to dimension D. Denote patch
T | length as P and stride as S. Through this patch-
: ModernTCN block ing process, we obtain patches of lenqgth P and
B ’ the total number of patches N, = | 752 | + 2.
. . . For the short-term fMRI time series trends at
Figure 2: The architecture of ModernTCN block. i-th scale, we obtain P; € RN*NoxP_ Then,
one-dimensional convolution is applied to these
patches, resulting in E; € RV XN XD Next, ModernTCN uses depthwise convolution to extract the
temporal dependencies of short-term fMRI patches, convolutional feed forward network (ConvFFN)
with group set to N to extract feature representations of different brain regions, and ConvFFN
with group set to D to extract correlations between brain regions. Among them, ConvFFN includes
two pointwise convolutions with intermediate GELU activation function. Finally, these patches are
projected and aligned with fMRI features at a different scale.

Groups:D
Out Projection

____ ;5' __
g
Patching
'
Embedding
'
DwConv
'

Top-down Mixing. For long-term multiscale trends, unlike short-term multiscale trends, small
changes can introduce noise when capturing macro trends in brain activity, while higher-level coarse
fMRI time series (e.g.7ar) typically represent the overall activity of brain regions and are less affected
by noise and short-term fluctuations. This relatively stable trend provides a solid foundation for
lower-level fine-grained fMRI time series (e.g.77), making detailed analysis at lower levels more
reliable. Therefore, a top-down approach is adopted:

Ti=Ti+®(Tit1)- 4

We then obtained multiscale fMRI by summing the two multiscale fMRI trends.

Cross Attention. In order to adaptively extract local semantic information, we first perform patching
on multiscale fMRI time series data to aggregate similar tokens and preserve the localization of fMRI
time series. However, since pre-trained LLM is trained on textual data and struggles to interpret fMRI
time series data, we apply cross attention between the obtained multiscale fMRI patches and the
pre-trained word embeddings to align two modalities. Here, the pre-trained word embeddings refer
to vector representations of all the words in the corpus that are used to train LLM. Given the vast
size of corpus, directly using all these vector representations would introduce a significant amount of
task-irrelevant information into the LLM. To address this issue, we employ a linear mapping matrix
to reduce the vocabulary size, effectively merging related tokens. This transformation changes the
dimension of the pre-trained word embeddings from S X Dy, (E) to S’ X Dy, (E'), where S is
significantly smaller than S. Here, S represents the vocabulary size, and Dy;,,, denotes the hidden
dimensions of LLM model. Next, cross attention is applied and defined as:

Qi’t — H?WS,Kh — E/hW}}.é,Vh — E/hWe,
Q'Kkh ®)
=)V,

Vd
where QZ—" represents the fMRI patches at the i-th scale and the h-th head, H?‘ € RNXNpxD
W§ e RPX 7 and W, W}t € RPum* 7 By concatenating O across different heads, we derive

O,. This result is then aligned with the hidden dimensions of the LLM model using a linear mapping,
producing the final output O, € RY*NpXDum

0" = dropout(softmazx(

This alignment of fMRI time series with natural language helps achieve more natural representations
for the LLM. The resulting prompt embeddings as prefix, and multiscale fMRI embeddings are
concatenated and serve as the input for the pre-trained LLM, which is then fine-tuned using LoRA.

4.3 Multiscale Reconstruction Mixing

As shown on the right side of Figure [I} we discard the prefix part to obtain multiple scales of
fMRI time series data. Subsequently, linear mapping is performed to generate patches, followed by
flattening and additional linear mapping to produce the predicted multiscale fMRI time series data
X'. We further split X’ and express it in concatenation form:

X ={x{,... Xy}, ©6)



where X € RM*T*N To fully utilize the multiscale information, we first align time dimensions of
fMRI time series data across multiple scales to 7' through linear mapping, and then summed them:

V) = WiX] + bias;,i = {1,..,M},Y' = > V], ©)

where W, and bias; are learnable parameters. In the absence of ground truth in real fMRI datasets, we
employ an autoregressive model that leverages autocorrelation (effective connectivity) to predict fMRI
data itself. This strategy enables the model to learn more representative and informative connectivity
structures. This is implemented using self attention, where the attention weights serve as brain EC,
and the output of the self attention corresponds to the reconstructed fMRI time series data Y € RT <V
derived from the brain effective connectivity A € RV*V

4.4 Opverall Objective Function

Our final loss consists of three components: reconstruction 10ss L., sparsity loss L), directed
acyclic loss L444 and cross-scale contrastive loss L., which are as follows:

L= »Crec + aspa»cspa + O‘dag»cdag + acsc»ccsca (8)
where avgpq, gag and .. are weights coefficient.

The reconstruction loss, quantified as Euclidean distance between the reconstructed and actual
fMRI time series data, reflects the accuracy of reconstruction. fMRI signals exhibit rich temporal
autocorrelation and dynamic interactions between brain regions, both of which are indicative of the
EC network. By training the model to reconstruct the BOLD signal (i.e., to predict fMRI data from
itself), the model is encouraged to learn the causal relationships (effective connectivity) among brain
regions, even without manual labels. Thus, minimizing the reconstruction loss between the predicted
and actual fMRI signals enables model to discover effective connectivity in an unsupervised manner.

The sparsity loss is L1 regularization of Brain EC network A, which ensures brain EC derived from
BrainEC-LLM is a sparse graph.

When brain EC network is directed acyclic graph (DAG), a directed acyclic loss [77] is necessary to
constrain the estimated brain EC. This loss is optional and depends on whether the ground truth is
DAG:

Liag = tr(exp(A® A)) — N, )

where ©® indicates Hadamard product.

To maintain consistency in the information across different scales of fMRI time series, we employ
cross-scale contrastive loss. Considering that in multiscale decomposition mixing module, the (i + 1)-
th scale is downsampled from :-th scale, maximizing their similarity (positive samples) ensures
cross-scale consistency, while minimizing similarity with non-adjacent scales (negative samples)
reduces irrelevant features. Prior to calculating cross-scale contrastive loss, a nonlinear projection
head is required, which has proven to be effective [10]. Let Z € RBXMxNxXT represent the multiscale
fMRI time series data obtained after passing through the projection head. Then the contrastive loss is
defined as follows:

9(zi, Zm) = exp(sim(l Zz+1)/7)

Lot = —log ot (10)
csc o b b
1 b 1 i=1 Z];éz (Z Z; )

_ p(ii+1) i+1,

Lose = LETD + LE,

where Z,li’ stands for the fMRI time series data at i-th scale of b-th sample, 7 represents temperature
coefficient and stm denotes cosine similarity.

Theorem 4.1. The maximum lower bound for L2 is

L& > 2log(M — 1) — (1(27,Z3,,) + 1(Z11, Z)), (11)

csc

where I (Zb Z; +1) stands for the mutual information between Zb and ZZ 11, L' denotes the optimal
contrastive loss.



The detailed proof is shown in Appendix By proving the bounds of £%*, we can maximize a

lower bound on mutual information between different scale representations of fMRI by minimizing
LPt. The algorithm description and pseudocode can be discovered in Appendix

S Experiments

5.1 Experimental Setups

Simulated fMRI Dataset. The benchmark simulated datasets we use are Smith dataset [58]] and
Sanchez dataset [54] both generated by dynamic causal model. Specifically, Sanchez dataset offers
higher temporal resolution and acquisition frequency compared to Smith dataset and minimally
affects the non-Gaussianity of the BOLD signal, a configuration commonly observed in real brain
networks [45]].

Furthermore, we generate a simulated dataset using CDRL [79]. Considering that real resting-state
fMRI dataset we use includes 7 ROIs and features cycles, the generated simulated dataset contains 5
and 7 nodes, named simulated complex network with node 5 (SCN5) and simulated complex network
with node 7 (SCN7), respectively. Details on all benchmark simulated datasets used are provided in

Appendix [D.T}

Real Resting-state fMRI Dataset. To assess the performance of methods under real BOLD data
conditions, we utilize high-resolution 7T human resting-state fMRI data [56] from medial temporal
lobe. The real resting-state fMRI dataset comprises 23 healthy adults, each with an acquisition time
of 1.0 seconds and a session duration of 7 minutes per subject, yielding fMRI time series of 421 data
points. We consider seven ROIs from the medial temporal lobe, specifically cornu ammonis 1 (CA1),
cornu ammonis 2, 3, and dentate gyrus (CA23DG), subiculum (SUB), entorhinal cortex (ERC),
brodmann area 35 (BA35), brodmann area 36 (BA36), and parahippocampal Cortex (PHC). These
regions are assigned the numbers 1 through 7, respectively. More details about the real resting-state
dataset can be found in Appendix [D.2}

Post Process and Evaluation. The BrainECLLM directly outputs a directed weighted graph
representing the brain EC network. For evaluation, we apply a post processing step to generate a
binary EC matrix that matches the ground truth in the simulated fMRI dataset. Similarly, for real
fMRI data, we visualize the EC by indicating the presence or absence of directed edges between brain
regions. This approach is consistent with common practices in the literature when true connectivity
weights are unavailable [22, [18]]. The details of post processing can be found in Appendix [D.3]

To evaluate the effectiveness of methods, we employ the following five commonly used evaluation
metrics: Precision, Recall, F1, Accuracy, and Structural Hamming Distance (SHD). See Appendix
[D.4]for specific calculations.

Implementation Details. We use Llama3-8B [16] as the default backbone model unless otherwise
specified. All our experiments are repeated three times, and we report the average results. All
experiments are conducted on a single Nvidia L20-48GB GPU. For Smith dataset, training BrainEC-
LLM takes approximately 5.5 hours. Model specific time complexity analysis and efficiency analysis
experiments are shown in Appendix

We train the model unsupervisedly in an autoregressive manner. Detailed training methods and
hyperparameter settings can be found in Appendix and Appendix respectively.

Baselines. Eight baseline methods are harnessed for comparison with the proposed method, and the
baseline methods are as follows: spDCM [20], 1sGC [15]], ACOCTE [40], RL-EC [42], CR-VAE [36],
MetaCAE [30], MetaRLEC [73]], CUTS+ [12]. Extra descriptions of the baseline methods can be
accessed in Appendix [D.§]

5.2 Results on Simulated fMRI Dataset

We run BrainEC-LLM and the 8 baseline methods three times (group analysis) for all subjects in
each simulated dataset and calculate the mean and variance for these runs. It is important to note that
some methods produce identical results across multiple runs, resulting in a variance of 0. Our main
results are presented in Table [I] where BrainEC-LLM outperforms all baselines in most cases. Smith,
Sanchez, and SCNS all have EC networks with 5 nodes, but SCN5 features more edges, resulting in a



Table 1: The mean and variance of the nine methods on the simulated fMRI datasets. The best and
second-best values are highlighted and underlined.

| o Methods
Datasets | Metrics ™™ h oy IsGC  ACOCTE  RL-EC  CR.VAE  MetaCAE MetRLEC  CUTS+  BrainEC-LLM
2014 2017 2022 2022 2023 2024 2024 2024 (Ours)

Precision 1| 0.504£0.00 0.50+£0.00 0.53+£0.17  0.58+0.12  0.45+0.19 0.55+0.10  0.38+0.05 0.33+0.09 0.5740.06
Recall 0.40+0.00  0.60£0.00 0.404£0.16 0.47£0.09 0.73£0.25 0.794+0.15 0.60£0.12  0.42+0.12 0.80+0.15

F1 0.44+0.00  0.55+£0.00 0.45+0.17 0.52+0.10 0.56+0.21 0.654+0.12 0.46+0.07 0.3740.06 0.67+0.11
Accuracy 0.80+0.00  0.80+£0.00 0.814+0.05 0.83+£0.04 0.76+0.11 0.82+0.08 0.72+£0.03  0.72+0.04 0.84+0.06
SHD 5.00£0.00 5.00+0.00 4.67+£0.25 433£0.94 6.00+£2.83 4.26+0.93 7.00+0.86 7.00+0.78 4.02+0.84

Precision 0.5740.00  0.60+£0.00 0.76+0.06  0.80+0.02 0.50+£0.04 0.50+0.07 0.80+£0.04  0.6440.03 0.78+0.02
Recall 0.5740.00  0.86+£0.00  0.574+0.00 0.57+0.07 0.76+£0.13  0.294+0.11  0.57£0.14  0.86+0.00 0.97+0.02
Sanchez F1 0.5740.00  0.71£0.00  0.654+0.02  0.67+0.05 0.60£0.07  0.3740.07 0.67£0.06  0.7440.02 0.86+0.07
Accuracy 0.76+0.00  0.80£0.00 0.834+0.02 0.84+0.02 0.72+0.03  0.724+0.04  0.84+0.03  0.8310.02 0.91+0.05
SHD 6.00+£0.00 5.00£0.00 4.33+047 3.95+0.47 7.05£0.82 6.89+0.85 4.00+£0.89 4.33+0.47 2.10+0.75

Precision 0.40+0.00  0.27£0.00  0.504+0.04  0.67£0.05 0.40£0.03  0.364+0.02 0.50£0.01  0.45+0.02 0.83+0.04
Recall 0.75+£0.00  0.38+0.00 0.13+0.02 0.25£0.08 0.67+0.06 0.58+£0.06 0.25+0.04 0.63+0.03 0.63+0.05
SCN5 F1 0.5240.00  0.32+£0.00  0.204+0.04  0.36+0.04 0.50+£0.04 0.4440.03 0.33+£0.03  0.5340.03 0.71+0.04
Accuracy 0.56+0.00 0.48+£0.00 0.6840.05 0.72+0.12 0.57£0.04  0.534+0.02  0.68+£0.07  0.6440.09 0.84+0.10
SHD | | 11.00£0.00 13.004+0.00 8.00+0.43 6.82+£0.85 10.67+0.94 11.67£0.47 8.24+£0.45 9.06+0.67 4.26:0.83

Precision 0.67+£0.00  0.30+£0.00  0.774+0.02  0.65+0.01  0.37+0.00 0.34+0.03  0.52+0.02  0.3440.00 0.624+0.02
Recall 0.13£0.00  0.60+0.00  0.224+0.03  0.494+0.03  0.80+0.14  0.84+0.08 0.47+0.13  0.58+0.02 0.61+0.05
SCN7 Fl1 0.22+0.00  0.40+0.00  0.344+0.04  0.5640.03  0.50+0.03  0.48+0.05 0.48+0.04 0.434+0.03 0.61+0.03
Accuracy 0.71+£0.00  0.45+0.00 0.7440.01 0.75£0.01  0.52+0.03  0.44+0.05  0.69+0.05  0.524+0.02 0.76+0.05
SHD | | 14.00£0.00 27.00£0.00 12.67+£0.47 11.67£0.47 23.67+1.70 27.334+2.49 14.94£0.82 23.33+£0.94 11.864+091
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Figure 3: Brain EC estimated by nine methods on real resting-state fMRI dataset. The black lines
represent correct connections, the green lines stand for spurious connections, and the red lines
indicate missing connections.

more complex EC network. SCN7, on the other hand, has 7 nodes with a complex EC network. We
observe that most methods perform poorly on the Smith dataset, a finding that aligns with existing
literature [39]]. Baseline methods such as 1sGC, ACOCTE, and RL-EC perform relatively well on
the first two datasets, but their performance declines as the network complexity increases. CR-VAE
shows a more consistent performance across all four datasets. BrainEC-LLM excels on the first
three datasets; however, its performance diminishes on the fourth dataset, likely due to the increased
number of nodes. Overall, BrainEC-LLM frequently outperforms the baseline methods across the
four different datasets.

To assess the significant differences between BrainEC-LLM and other baseline methods, t-test
analysis and Wilcoxon test with Holm correction are performed, with results presented in Appendix
[E-I] The analysis reveals that, except for RL-EC, which shows no significant difference in the
evaluation metric SHD, BrainEC-LLM is significantly different from the baseline methods in all
other cases.

5.3 Results on real resting-state fMRI Dataset

Since no established brain EC network is available for existing real resting-state fMRI data, we
evaluate methods by referencing [54]]. We conduct experiments on the left and right hemispheres using
BrainEC-LLM and other baseline methods. The resulting EC networks are displayed in Figure[3] In the
left hemisphere, BrainEC-LLM correctly identifies 11 connections, generates 6 spurious connections,
and misses 6 correct connections. Similarly, in the right hemisphere, BrainEC-LLM identifies 12
correct connections, produces 6 spurious connections, and misses 5 correct connections. In contrast,
spDCM and 1sGC generated relatively sparse graphs, detecting fewer edges and consequently missing
many correct connections. Although CUTS+ misses fewer connections, its higher SHD indicates that
BrainEC-LLM achieves superior overall accuracy in EC estimation, as SHD penalizes both missing
and spurious connections. Overall, BrainEC-LLM performs best in left hemisphere and ranks second



Table 2: Zero-shot learning results of BrainEC-LLM.
Datasets | Precisiont Recallt FIt  Accuracyt SHDJ

Smith—SCN5 0.83 0.63 0.71 0.84 4.0
SCNS5—Smith 0.68 0.51 0.58 0.76 5.0
Table 3: Classification results on ABIDE 1. Table 4: Classification results on ADHD.

Methods \Precision(%)T Recall(%)t  F1(%)1 Accuracy(%)T Methods \Precision(%)T Recall(%)T  F1(%)1T Accuracy(%)T
spDCM 64.15+9.89 62.88+5.10 63.51+7.73 64.74+4.21 spDCM 69.15+8.60 63.84+5.31 66.384+6.56 66.73+5.97
1sGC 65.32+8.92 63.01+4.81 64.14+6.80 65.82+3.46 1sGC 70.87+5.62 60.95+5.24 65.53+5.42 64.23+5.33
ACOCTE | 55.34+9.51 55.67+3.66 55.50+6.41 57.83+3.76 ACOCTE | 63.94+4.17 62.13+£2.91 62.75+3.42 61.294+3.41
RL-EC 55.76+9.98 53.7445.69 54.73+7.22 56.624+4.03 RL-EC 61.86+4.88 60.42+£3.43 61.13+4.02 59.72+3.78
CR-VAE 63.1249.03  63.33+3.36 63.22+5.89 64.354+3.75 CR-VAE 66.39+7.71 63.84+4.42 64.04+5.61 64.61+4.84
MetaCAE 62.34+9.51 61.674+4.31 62.00+5.93 64.18+4.39 MetaCAE 64.59+7.92 63.93+4.14 64.20+5.43 64.31+4.97
MetaRLEC | 62.35+8.71 65.974+3.88 64.14+5.01 66.84+4.63 MetaRLEC | 63.72+£8.23 62.80+4.82 63.21+£5.98 64.39+4.83
CUTS+ 67.82£8.34 65.41+£4.13 67.52+£6.80 69.14+3.85 CUTS+ 66.50+7.52  65.624+5.32 66.01+4.76  65.56+4.25
BrainEC-LLM| 69.20+7.98 81.11+8.19 72.31+5.11 71.11+3.20 BrainEC-LLM| 67.45+£6.23 72.38+4.91 69.82£5.57 67.87+5.02

only to spDCM in right hemisphere. A case study for visualization of LLM inputs is detailed in
Appendix [E2]

5.4 Zero-shot Learning

This task evaluates the transferability of BrainEC-LLM from source domain to target domain,
specifically assessing how well the model performs on dataset A (without any training data from A)
when already trained on dataset B. Table [2]demonstrates that our method performs well, even when
it has never encountered another dataset. The diverse zero-shot performance reflects differences in
network complexity between Smith and SCN5 datasets. SCN5, with 5 nodes, 8 arcs, and 4 cycles
introducing quadratic nonlinear causality, represents a more complex structure than Smith (5 nodes, 5
arcs, 0 cycles). When transferring from Smith to SCNS, the model maintains stable F1 performance,
as SCNS’s complexity allows leveraging multiscale features learned from simpler Smith dynamics.
Conversely, SCN5 — Smith transfer shows performance degradation, likely due to overfitting to
SCNS5’s nonlinear patterns, making adaptation to Smith’s simpler acyclic structure suboptimal. This
indicates better model transferability to complex structures than simpler ones in zero-shot scenarios.

5.5 Downstream Tasks (Brain Disease Classification using EC networks)

To further validate the discriminative power of BrainEC-LLM for EC estimated on real fMRI
dataset without ground truth, we apply it to the ABIDE I datasetE] and ADHD dataseﬂ to estimate
brain EC network. The resulting network is then used as input to SVM classifier for downstream
classification tasks. The 10-fold cross validation results of this analysis are presented in Table [3|
which demonstrate that BrainEC-LLM not only effectively estimates EC but also yields strong
performance in downstream classification tasks.

Figure [ illustrates a comparative analysis of brain EC networks in healthy controls (HCs) versus
individuals with autism spectrum disorder (ASD), based on AAL-90 atlas (90 regions) [[13]]. To
analyze the most critical effective connectivity between brain regions, we preserve the top 5% highest-
scoring edges for visualization. Previous literature has consistently reported that individuals with ASD
exhibit increased connectivity in right middle temporal gyrus (MTG) [71]], decreased connectivity in
temporal pole (TPO) [23] and supplementary motor area (SMA) [63]], and asymmetric connectivity
alterations in the middle frontal gyrus (MFG), with reduced connectivity in the left hemisphere and
increased connectivity in the right hemisphere [23}128]]. The connectivity patterns observed in figure
align with these previous findings. More details can be found in Appendix [E.3]

5.6 Model Analysis

Ablation Study. We perform ablation studies on model backbone, model module, and the loss
function, with the results presented in Table [5 "w/o LLM" refers to removing the pre-trained LLM
entirely from the BrainEC-LLM framework. Our results indicate that including L. provides a slight

>http://preprocessed-connectomes-project.org/abide/
*https://fcon_1000.projects.nitrc.org/indi/adhd200/
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Figure 5: Hyperparameter analysis on the
Smith dataset (the starred results are the best
results).

Figure 4: Comparison of brain EC network be-
tween healthy controls and ASD patients on the
ABIDE I dataset Using BrainEC-LLM.

improvement over not including it. For other components, such as the prompts generation module and
multiscale mixing module (includes both multiscale decomposition and mixing, without loss L),
the improvements are more pronounced in BrainEC-LLM. Additionally, the results using Llama 3 as
the backbone are manifestly outperforms Mistral. More results can be found in the Appendix [E-4]

Hyperparameter Analysis. We Table 5: Ablations on Smith dataset.

conduct experiments on Smith - —

datasets to evaluate the param- Variant \Premsmn’r Recallt Fi171 Accuracy T SHD/J

eter sensitivity of BrainEC-LLM. ~ama3-8B (Default) |0.57:£0.06 0.80-0.15 0.6740.11 0.84::0.06 4.020.84
* Mistral-7B 0.29£0.07 0.4040.10 0.3340.13 0.68+0.08 7.6541.36

Figures ] (a) and [3](b) display

; w/o Prompts Generation | 0.384+0.04 0.6040.15 0.4640.14 0.724+0.08 7.10£0.93
the experimental results for soft wlo Multiscale Mixing | 0.20£0.08 0.2140.12 0.2040.13 0.68--0.06 7.88+0.95
threshold hyperparameters and /o Cross Attention | 0.2340.12 032+0.13 0.27+0.12 0.53+0.06 11.80-£0.93
dropout variations, respectively. w/o LLM 0.334+0.11 0.424+0.14 0.35£0.14 0.724+0.08 7.14£1.20
When the soft threshold is setto  wso £.... [0.58:£0.04 0.70£0.16 0.57£0.09 0.78£0.07 4.84=£1.26
0.5, all metrics are optimal ex-
cept for Recall, which remains
sub-optimal, a pattern also observed with dropout. Consequently, the soft threshold is ultimately set
to 0.5, and dropout is set to 0.01. Refer to Appendix [E-6|for further details.

6 Conclusion

We present BrainEC-LLM, the first work to fine-tune pre-trained LLMs for estimating brain effective
connectivity (EC) from fMRI data. BrainEC-LLM introduces multiscale decomposition mixing
module that downsamples and decomposes fMRI time series data to capture short-term and long-term
multiscale trends, mixing complex multiscale temporal variations in both bottom-up and top-down
manner. These multiscale fMRI sequences are then aligned with natural language embeddings through
cross attention using pre-trained word embeddings. Finally, the multiscale features generated by LLM
are input into multiscale reconstruction mixing module to integrate the information across different
scales. The brain EC network is then estimated using self attention. Our comprehensive empirical
study demonstrates the effectiveness of BrainEC-LLM. One potential limitation that warrants further
investigation is that existing LLMs are primarily trained on textual data, whereas fMRI time series
data are numerical. LLMs with enhanced numerical reasoning capabilities may yield better results in
this context.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Refer to the sentence "Considering the unique nature of... the first method
to fine-tune LLMs for estimating brain EC from fMRI data" of the abstract and the last
paragraph of section [I]

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Refer to Appendix
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [Yes]
Justification: Refer to Appendix

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.

The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Refer to "Implementation Details" in section [5.1} Appendix [C|and Appendix

D.7

Guidelines:

The answer NA means that the paper does not include experiments.

If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

17



Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]
Justification: Refer to the last sentence of abstract, Appendix [D.T|and Appendix [D.2]
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Refer to "Post Process and Evaluation" and "Implementation Details" in section
[5.11 Appendix
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: Refer to Table [T|and Appendix [E.T]
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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8.

10.

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

e It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

e It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the computer
resources (type of compute workers, memory, time of execution) needed to reproduce the
experiments?

Answer: [Yes]
Justification: Refer to "Implementation Details" in section
Guidelines:

» The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The datasets used in the paper are publicly available datasets, refer to "Simu-
lated fMRI Dataset" and "Real Resting-state fMRI Dataset" in section [5.1}

Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: There are no privacy or security concerns and therefore no negative societal
impacts, refer to first paragraph of section [I|for positive societal impacts.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.
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» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

 The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA|
Justification: The paper poses no such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: The source of the data can be found at section [5.1] We have properly cited all
LLM-related papers whose models, code, or methods are used or referenced in our work,

which can be found in section E} All datasets, pre-trained models, and libraries used in our
experiments are publicly available and used in accordance with their respective licenses.

Guidelines:

» The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.
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* If assets are released, the license, copyright information, and terms of use in the package
should be provided. For popular datasets, paperswithcode.com/datasets has
curated licenses for some datasets. Their licensing guide can help determine the license
of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: The paper does not release new assets.
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA|
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]

Justification: Our work proposes the first method to fine-tune LLMs for estimating brain
effective connectivity from fMRI data in causal discovery field.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/
L.LM) for what should or should not be described.
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A Examples of Prompts

Our prompt design is intended to provide the LLM with a structured representation of inter-regional
brain relationships by explicitly encoding the Pearson correlation matrix, where each row and column
corresponds to a specific brain region. To preserve a consistent and interpretable mapping between
brain regions and their associated fMRI ROI time series, numerical indexing is incorporated into the
prompt along with corresponding explanations, ensuring the model can clearly associate each index
with a specific brain region. Examples of prompts are illustrated in Figure [6] which clearly illustrates
how the LLM associates brain regions in the Pearson correlation matrix with those in the fMRI data.
The purple, green, and pink prompts correspond to task description, dataset description, and prior
knowledge, as depicted in Figure [I} respectively.

{"role":"system", "content":"You are a data analysis expert. fMRI is a
neuroimaging technique that measures brain activity by tracking changes in
blood oxygenation.

If we use simulated fMRI data, the time series are directly generated, while

{"role":"system", "content":"You are a data analysis real fMRI data consists of time series that have been preprocessed by external
expert. Your task is to help users analyze fMRI time series sources.

data to extract brain effective connectivity network."}, We use these preprocessed fMRI time series to estimate brain effective
{"role":"user", "content":"Dataset description: This connectivity (EC), which refers to the directed influence between brain

simulated fMRI ti
dynamic 1
is the batcl

number of brai

generated through regions, capturing causal interactions rather than just correlations."},

s B x T x N, where B {"role": "
, and N is the data
o

(a) Prompt example of Smith dataset. (b) Complex prompt example of Smith dataset.

Figure 6: Prompt example of Smith dataset.

B Proof of Theorem 1

For positive samples {Zf,Zi»’ 1}, they are drawn from the joint distribution p, (Z Z; +1) =
Zb Z..). In contrast, the negative samples Zl?7Zb~ ,J i, ] i + 1 are drawn from the
i+l g p i

marglnal distribution py (Z?, Z;’) = p(Z?)p(Zg). Given a set of samples, the probability of correctly
identifying a positive sample is

p({Z7, 2 1 W{Z2, 20}, = 1,..., M})
(Z Zz+1)Hj;£i,(i+1)p2(Zi7Z§')
Zk;éipl (Zi’ZZ) I1 ek p2(ZI') Zb‘)
(Zb Zz+1)HHel (1+1)P( ) (Zb)
Zk;ﬁi ( i lc)Hj;ékip(Zb) (Zb)
(Zb Zz+1>H];£1 (z+1)P( ) (Zb) (12)
N NI
2o P35 1) = gy
p(Z?7Z?+1)HJ¢Z (2+1)p( ) (Zb)
9)
H];ézp(zg) ( )Zk#z p(zb)p(éb)

P(Zb Z$+1)
p(Zb)p(ZIZ+1 )

- p(ZUZ) '
Zk?ﬁl p(Z})p(2})
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By comparing Eq. and the definition of £%7+!, we find that the optimal function g°7* (2%, 22, ;)

. : p(Zi 7Z?+1) : p(Z?,Z?+1) _ p(Z,tL-)|Z,tL-’+1) .
is proportional to PTGk Given that BT, ) e @) we can conclude:
b|zb
p(Zi|Zi14)
92y i) ox = (13)
i p(Z7)
Now, we substitute Eq. into the optimal loss objective £B0Pt (o Gbtain
L(i,iJrl),opt
B M-1 o
_ 1 Z Z g Y P2y, 22, )
- _ ° b b
2B(M —1) P — Zj;éig pt(zng‘)
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Therefore, £L5iT1P! > log(M — 1) — 1(2b,2} +1)- Similarly, for other case, we also obtain

LEFLDPt S og(M — 1) — 1(2%,,,Z}). Combining the above two equations with L% =

csc
i,i41),0pt i+1,i),0pt
»C( )op L‘Ezsc )

csc , We have

£ > 2log(M — 1) — (121, Z04,) + 1(201, 22) (15)

cSc

C Algorithm Description

The BrainEC-LLM algorithm comprises three main components: prompts generation (PG), multiscale
decomposition mixing (MDM), and multiscale reconstruction mixing (MRM) modules. The detailed
description of the algorithm can be found in Algorithm |1} Initially, BrainEC-LLM employs PG to
produce relevant prior prompts. Next, MDM downsamples and decomposes fMRI time series data
to obtain short-term and long-term multiscale trends, which mix the multiscale information in a
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Algorithm 1 BrainEC-LLM

Input: fMRI time series data

Parameter: Parameters of prompts generation, multiscale decomposition mixing and multiscale
reconstruction mixing modules: ¥,,5, ¥, 41, Wi, the training epochs £

Output: Brain effective connectivity network A

1: for epoch = 1to E do
2:  Prompts Generation: Generate task description, dataset description and prior knowledge
prompts to bootstrap LLM;
3:  Multiscale Decomposition Mixing: Downsampling and decomposition of fMRI time series
data are performed as described in Eq.(2) and Eq. (3);
4:  Fine and coarse multiscale sequences are blended using bottom-up and top-down approaches,
respectively, as Eq. (4) and Eq. (5);
5:  Perform cross attention on multiscale fMRI time series and pre-trained word embeddings;
6:  Using prompts as prefixes and multiscale fMRI embeddings as input to the LLLM, fine-tune
with LoRA;
7:  Multiscale Reconstruction Mixing: Mixing multiscale fMRI time series and extracting brain
effective connectivity networks A with self attention;
8: end for
9: Post-process;
10: return Brain effective connectivity A

bottom-up and top-down manner, respectively. These multiscale fMRI sequences are then aligned
with natural language expressions by performing cross attention with pre-trained word embeddings.
The prompts are used as prefixes and concatenated with the multiscale fMRI embeddings, which are
then input into the LLLM and fine-tuned using LoRA. Finally, the prefix part of the LLM output is
discarded, and the reconstructed fMRI time series and brain effective connectivity network A are
produced by inputting the data into self attention, fusing the information from multiple scales through
the MRM.

D Experimental Settings

D.1 Simulated fMRI Dataset

The benchmark simulated datasets we use are Smith dataseﬂ and Sanchez datasetE], both generated by
dynamic causal model. Specifically, Sanchez dataset offers higher temporal resolution and acquisition
frequency compared to Smith dataset and minimally affects the non-Gaussianity of the BOLD signal.
Each session for both datasets lasted 10 minutes. Additionally, Smith dataset has repetition time
(TR) of 3.00 seconds, while Sanchez dataset has TR of 1.20 seconds, reflecting current acquisition
protocols with higher temporal resolution. For Smith dataset, we select Simulation 1 due to the
fact that Simulation 1 is widely used as a baseline for comparison with other datasets. In Sanchez
dataset, we chose Simulation 2 because it features a simple structure with two closed loops sharing
a single node. This configuration is common in real brain networks and helps validate the model’s
performance in handling highly connected regions, known as hubs [45].

To further validate the model’s accuracy, we generate a simulated dataset using CDRI_E] [79]]. Consid-
ering that real resting-state fMRI dataset we use includes 7 ROIs and features cycles, the simulated
dataset contains 5 and 7 nodes, named simulated complex network with node 5 (SCN5) and simu-
lated complex network with node 7 (SCN7), respectively. The generated simulated datasets exhibit
quadratic nonlinear causality, and the corresponding EC network contains cycles and more complex
relationships. Specifically, the ground truth in SCNS contains 5 nodes, while the one in SCN7 contains
7 nodes. Each dataset includes 50 samples. Details regarding the individual simulated datasets are
presented in Table [6]

*https://www.fmrib.ox.ac.uk/datasets/netsim/index.htm]
Shttps://github.com/cabal-cmu/feedbackdiscovery
Shttps://github.com/huawei-noah/trustworthy Al/tree/master/datasets
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Table 6: Description of the benchmark simulation dataset.
Dataset | Subjects Data Points Nodes Arcs Cycles

Smith 50 200 5 5 0
Sanchez 60 500 5 7 2
SCN5 50 200 5 8 4
SCN7 50 200 7 15 10

D.2 Real Resting-state f/MRI Dataset

To assess the algorithm under real BOLD data conditions, we utilize high-resolution 7T human resting-
state fMRI data’|from the medial temporal lobe. The real resting-state fMRI dataset was band-pass
filter in the range of 0.008 to 0.08 Hz without spatial smoothing to prevent signal aliasing between
neighboring regions. The resulting dataset comprises 23 healthy adults, each with an acquisition time
of 1.0 seconds and a session duration of 7 minutes per subject, yielding fMRI time series of 421
data points. We focus on seven regions of interest within each hemisphere of the medial temporal
lobe: perirhinal cortex, divided into Brodmann areas 35 and 36 (BA35 and BA36); parahippocampal
cortex (PHC); entorhinal cortex (ERC); subiculum (SUB); cornu ammonis 1 (CA1); and a region
comprising CA2, CA3 and dentate gyrus together (CA23DG). Averaging the signals from CA2, CA3,
and CA23DG into a single regional signal helps mitigate potential issues in connectivity estimation
caused by signal mixing between adjacent regions (Smith et al., 2011), a challenge particularly
pronounced in regions that are difficult to segment, such as CA2, CA3, and the dentate gyrus.

D.3 Post Process

For the obtained brain EC matrix A, a threshold # and maximum number of parent nodes M ax Pa is
required to convert A into a binary matrix. Given that different fMRI datasets may exhibit varying
signal characteristics and noise levels, distinct thresholds need to be applied. Therefore, we set the
threshold 6 to be adaptive, and it is calculated as follows:

0 = min(|A[) +n x (maz(|A]) — min(|A])), (16)

where 7 is a hyperparameter used to adjust thresholds. The maximum parent node proportion is
established for the brain EC matrix, with the maximum number of parent nodes MaxPa being
determined by multiplying the number of brain regions /N with the maximum parent node proportion
M az Pr. For values exceeding the threshold in each row and column, the top M az Pa value is set to
1, while all other values are set to 0.

D.4 Evaluation Metrics

In order to assess the effectiveness of the mothods, we use the following evaluation metrics: Precision,
Recall, F1, Accuracy and Structural Hamming distance (SHD). Among them, Recall and Precision are
commonly used metrics in brain effective connectivity (EC) learning and other learning tasks. F1 is a
harmonic mean that combines Precision and Recall, providing a balanced assessment of both metrics.
Accuracy refers to the proportion of samples in the prediction results that are correctly predicted.
SHD represents the difference between the learned brain EC and ground-truth brain EC. In general,
the higher the Precision, Recall, F1, Accuracy, and the lower the SHD, the better the performance of
the method. The Precision, Recall, F1, Accuracy and SHD can be calculated as follows:

TP

Precision = W (17)
TP
= 1
Recall TP FN (18)

Pl 2 x Precision x Recall

1
Precision + Recall (19)

https://github.com/shahpreya/MTlnet
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TP+ TN
A - 20
CUraY = T p Y FP+ TN + FN (20)

SHD = EA+ MA+ RA 1)

where TP, FP, TN, and F'N denote true positive, false positive, true negative, and false negative,
respectively. EA, M A, RA signify extra arcs, missing arcs and reverse arcs, respectively.

D.5 Time Complexity Analysis
The model’s time complexity is as follows:

* Prompt generation module: O(N? x T'), where N and T denote the number of brain regions
and the number of data points, respectively.

* Multiscale decomposition mixing module: the time complexity of downsampling is M X
O(N x T), where M denotes the number of scales; the time complexity of both bottom-
up and top-down mixing is M x O(T?), and the time complexity of cross-attention is
M x O(dym X d? ), where dy;,,, denotes the vector size of tokens in the LLM embedding

model
space and d,,,oqe; represents the size of the model embedding space vector.

* Multiscale reconstruction mixing: the time complexity of the linear layer is O(7"?) and the
time complexity of self attention is O(N? x T).

Therefore, the time complexity of the whole model is O(N2 x T') + M x O(N x T) + M x O(T?) +
M x O(dym x d2,,4.1) + O(Ulm pinetuning) + M x O(T?) + O(N? x T) = M x O(N? x T +
T? 4+ llm pinetuning + dym x d2,,,.;), whereas LLM is mainly made by stacking the encoder or
decoder of the transformer, the number of parameters is huge and the time complexity is also very
high, so it can be seen that the time complexity of our proposed module is insignificant compared to
the time complexity of LLM. We conducted experiments with and without LLM on a single Nvidia
L20-48GB GPU, and their efficiency results are presented in Table [7} The results indicate that the

method’s time complexity is primarily driven by the LLM’s time complexity.

Table 7: Efficiency analysis on Smith dataset.

Methods | w/o LLM  Default
Mem.(MiB/subject) 3584 24291
Speed(s/epoch) 1.563 89.324

D.6 Training Methods

Given the limited availability of fMRI data, segmentation would further reduce the dataset size and
potentially compromise the reliability of results. Moreover, since EC lacks ground truth on real fMRI
datasets, we opt not to segment the dataset but instead directly train model on the available fMRI
data in an autoregressive manner, obtaining both the reconstructed fMRI data and brain EC. This
approach leverages the inherent autocorrelation (i.e., the brain effective connectivity network) within
the fMRI time series to predict the fMRI data itself, enabling the model to learn more representative
and informative connectivity structures. As a result, the model is trained by minimizing the difference
between the predicted and actual fMRI signals. The EC network is generated as the outcome of
this optimization process, and evaluation metrics are directly computed based on the predicted EC
network without the need for a separate test set.

D.7 Hyperparameter Settings of BrainEC-LLM

The key parameter settings for BrainEC-LLM across different datasets are presented in Table [§]
The llm layers differ due to the limitations of the machine’s video memory capacity; they are set
to the maximum number of layers that the system can support in that scenario. Although Sanchez
dataset includes cycles, the relationships between the nodes are relatively simple. By incorporating
acyclic constraints £444, the complexity of BrainEC-LLM can be reduced, which helps to minimize
overfitting and improve the model’s generalization ability.
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The choice of = 0.5 represents a balanced trade-off between generating overly sparse or dense
effective connectivity networks, which we found to work robustly across multiple fMRI datasets in
our experiments. While n can indeed be tuned for specific applications, we adopted this universal
value. And to ensure fair comparison, we maintain consistent evaluation criteria across all methods
by applying the same threshold parameter (n = 0.5) to convert all estimated EC matrices into binary
networks.

Table 8: Hyperparameters settings of BrainEC-LLM in the aforementioned experiments.
Hyperparameters | Smith  Sanchez SCN5 SCN7

llm layers 24 18 24 12
Oldag 100 100 0 0
batch size 2 2 2 2
7 0.5 0.5 0.5 0.5
dropout 0.01 0.01 0.01 0.01
d model 32 32 32 32

D.8 Baseline Methods Parameter Setting

Eight baseline methods are harnessed for comparison with the proposed method, which can be catego-
rized into two groups: machine learning methods and deep learning methods. The baseline methods
are as follows: spDCM [20]], IsGC [15], ACOCTE [40], RL-EC [42], CR-VAE [36]], MetaCAE [30]],
MetaRLEC [75]], CUTS+ [12]. The parameter settings for these baseline methods are shown in
Table

Table 9: Parameter settings of seven baseline methods

Methods | Years | Parameters
nonlinear = 0, two_state = 0, stochastic = 1,
spDCM 2014 centre = 1,induced = 1, maxit = 10
IsGC 2017 | cmp = 5, ARorder = 2, normalize = 1

ACOCTE | 2022
RL-EC 2022
CR-VAE 2023

a=1.0,86=2.0,q0=0.98,p=0.2
nh = 256, heads = 16, stacks = 6, nhqccoder = 16
context = 20, A = 0.1, Ir = 0.05,nh = 64

nh = 64, = 0.05, 8 = 20.0,k = 3,d = 4,1Ir; = 0.02,
Iry = 0.02,Ir3 = 0.001, Itynaim = 0.002

headsencoder = 8, blocksemoder =3, dropout
lractor - 10 errltIC - 10_

encoder — 011

MetaRLEC | 2024

CUTS+ 2024

\
\
\
MetaCAE | 2024 ‘

layersgru = 1, Irgtage1 = 1073 — 1074, Irgeage2 = 1072 - 1073

E Experiments

E.1 t-test Analysis

To assess the significant differences between BrainEC-LLM and other baseline methods, ¢-test
analysis and Wilcoxon test with Holm correction are performed, with results presented in Table
[I0)and [T} p-values less than 0.05 indicates a significant difference at the 95% confidence level.
The analysis in ¢-test reveals that, except for RL-EC, which shows no significant difference in the
evaluation metric SHD, BrainEC-LLM is significantly different from the baseline methods in all
other cases. The Wilcoxon test results are consistent with those of the ¢-test, confirming the absence
of a significant difference in SHD between BrainEC-LLM and RL-EC. In addition, the Wilcoxon
test indicates no significant difference in recall between BrainEC-LLM and CR-VAE. However,
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significant differences are observed in the other evaluation metrics, further demonstrating the superior
performance of our method.

Table 10: p-values obtained from the t-test for BrainEC-LLM and seven baseline methods. Underlined
values indicate no significant difference at the 95% confidence level.

Methods \ Precision Recall F1 Accuracy SHD
spDCM | 1.30 x 1073 234 x 1073 287 x 1075 1.63x 1073 4.23 x 1072
1sGC 248 x 1075 4.85x 1073 1.27x107° 6.88x10~* 2.75x 1072
ACOCTE | 1.63x 1073 2.80x107* 4.61x107% 1.51 x1072 4.45x 1072
RL-EC 9.07x 1073 395x107° 458x107% 3.17x 1073 6.75 x 102
CR-VAE | 1.62x1073 134x1073 5.16x107% 9.52x10"* 4.17x 1072
MetaCAE | 347 x107* 293 x 1073 1.88x107% 6.18 x 107* 3.47 x 1072
MetaRLEC | 3.74 x 107% 1.16 x 1073 819 x 107 4.77 x 10™* 3.44 x 1072
CUTS+ 140 x 107* 146 x 1073 885 x 1077 284 x107* 3.07 x 1072

Table 11: p-values obtained from the Wilcoxon test for BrainEC-LLM and seven baseline methods.
Underlined values indicate no significant difference at the 95% confidence level.

Methods | Precision Recall F1 Accuracy SHD
spDCM | 1.61 x 1072 6.84 x 1073  4.88x 107* 244 x 1073 4.88x 1074
1sGC 488 x107* 147x107% 4.88x107* 9.77x10"* 4.88x 107*
ACOCTE | 3.13x 1072 4.88x107% 9.77x107* 1.61x1072 6.84 x 1073
RL-EC 1.20 x 1072 4.88x107* 342x107% 5.62x 1073 3.42 x 102
CR-VAE | 9.77x107%* 898 x 10! 1.46x 1072 9.77x10~* 9.77 x 10~*
MetaCAE | 342 x 1072 4.65 x 1073 3.42x 1073 1.95x 1073 3.42x 1073
MetaRLEC | 4.88 x 1073 4.88 x 10™* 4.88x 10™* 4.88x10~* 4.88x 1074
CUTS+ | 4.88x107* 3.42x1073 4.83x10~* 4.88x10~* 4.88x 1074

E.2 Visualization of LLM Inputs

Figure [J] illustrates the evolution of fMRI embeddings during training, demonstrating how
BrainECLLM learns meaningful representations. Since prompts generation module is frozen, prompt
tokens remain fixed throughout training, allowing us to focus solely on visualizing the fMRI multi-
scale embeddings in LLM input. As shown in Figure [/] at the early stages of training (e.g., epoch
50), BrainEC-LLM has not yet fully learned, resulting in predominantly negative feature values. As
training progresses and the number of epochs increases, the model gradually converges, and the
feature representations shift towards more meaningful directions.

E.3 ABIDE I Visualization

Figure [§]illustrates a comparative analysis of brain effective connectivity (EC) networks in healthy
controls (HCs) versus individuals with autism spectrum disorder (ASD), based on AAL-90 atlas (90
regions) [13]]. To analyze the most critical effective connectivity between brain regions, we preserved
the top 5% of edges with the highest scores for subsequent analysis and visualization. The six figures
illustrate the binarized brain EC networks, derived by averaging the original EC networks of healthy
controls and ASD patients from the ABIDE I dataset, respectively. The nodes represent brain regions,
while the edges indicate the effective connectivity. The node size reflects the centrality or importance
of each region within the network. The other six heatmaps display three types of brain EC networks
for both healthy controls and ASD patients respectively: the original brain EC networks, the top
5% of the strongest connections in the original brain EC networks, and the top 5% of the strongest
connections in the binarized brain EC networks.

Previous literature has consistently reported that individuals with Autism Spectrum Disorder (ASD)
exhibit increased connectivity in the right middle temporal gyrus (MTG) [[71]], decreased connectivity
in the temporal pole (TPO) [23] and supplementary motor area (SMA) [63]], and asymmetric connec-
tivity alterations in the middle frontal gyrus (MFG), with reduced connectivity in the left hemisphere
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Figure 7: Visualization of fMRI multiscale embedding in LLM inputs.

and increased connectivity in the right hemisphere [23] 28]]. The connectivity patterns observed in the
figure align with these previous findings, reinforcing the notion that these regions play critical roles
in the neural underpinnings of ASD.

Middle Temporal Gyrus (MTG). The MTG is fundamentally involved in supporting a range
of social and linguistic processes [67]. Evidence from a facial recognition study demonstrated
that individuals with congenital prosopagnosia showed diminished neural activation and weaker
connectivity within the anterior temporal lobe, which highlights the region’s critical role in facial
information processing [3]. Additionally, research has indicated that the recognition of both faces and
words relies on high-resolution visual representations, shaped by the close functional coupling of
visual and language-related brain regions and the neural tendency to preserve short inter-regional
pathways [50].

Temporal Pole (TPO). The TPO is a vital structure within the social brain network, is essential
for the theory of mind (ToM), a fundamental cognitive skill that enables individuals to comprehend
and infer the mental states of others, as well as anticipate their actions [1},[66]. A substantial body of
research has highlighted that disruptions in both the functional and structural integrity of the TPO are
likely linked to the social difficulties observed in individuals with ASD [49]], who frequently face
considerable difficulties when engaging in ToM-related tasks.

Supplementary Motor Area (SMA). The SMA, located on the medial aspect of the frontal lobe
anterior to the primary motor cortex, is primarily associated with motor planning and execution.
In children with ASD, reduced functional connectivity between the SMA and social-related brain
regions has been observed, which may contribute to deficits in social interaction and communication
[55]]. Compared to healthy controls, individuals with ASD exhibit reduced functional connectivity in
SMA neural circuits and diminished SMA activation [35} [38]]. Such disruptions are potentially linked
to abnormal semantic verb processing, which may hinder their ability to construct coherent discourse
and develop adequate language proficiency, ultimately affecting behavioral patterns and the capacity
for effective social engagement [26].

Middle Frontal Gyrus (MFG). Numerous neurocognitive and neuroimaging studies have demon-
strated that MFG is associated with the pathophysiology of ASD [76,21]]. MFG is integral to executive
functions, including working memory and attention control [29]. Research has identified the MFG
as one of the abnormal brain regions within the occipital pole network that is associated with social
and communication deficits in individuals with ASD [27]. The MFG is primarily involved in coor-
dinating and integrating various types of information, playing a key role in executive function and
cognitive control [29]. Prior studies have also reported that individuals with ASD often exhibit im-
pairments in information integration and processing, which may contribute to difficulties in effective
communication, particularly in public or socially demanding environments [53].
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Figure 8: Comparison of brain EC network between healthy controls and ASD patients on the ABIDE
I dataset Using BrainEC-LLM.

E.4 Ablation Study

We perform ablation studies on model backbone, model module, and the loss function, with the results
presented in Table [T2] In the Table, "Transformer Decoder" indicates that the LLM is replaced with a
conventional transformer decoder. "w/o LLM" refers to completely removing the pre-trained LLM
from the BrainEC-LLM framework. Since the cross attention is specifically designed for the LLM to
reduce cross-modal discrepancies, it is also removed. "Spearman Correlation Matrix" and "Kendall
Correlation Matrix" refer to replacing the Pearson Correlation Matrix in the Prompt Generation
module with the corresponding correlation matrix.
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Table 12: Ablations on Smith and Sanchez dataset. The best and second-best values are highlighted
and underlined.

. ‘ Smith Sanchez
Variant
‘PrecisionT Recallt F11 Accuracy?  SHDJ ‘PrecisionT Recallt F11 Accuracyt  SHDJ

Llama3-8B (Default) 0.57£0.06 0.80+0.15 0.67+0.11 0.8410.06 4.02+0.84 |0.78+0.02 0.97+0.02 0.86+0.07 0.91+0.05 2.10+0.75
Mistral-7B 0.29+0.07 0.40£0.10 0.33+0.13 0.68+0.08 7.65+1.36 |0.48+0.05 0.43+0.03 0.46+0.12 0.72+0.07 7.13+1.24
Transformer Decoder 0.44+0.14 0.78+0.11 0.56+0.12 0.74+0.06 6.16+0.92 |0.39+0.13 0.82+0.09 0.53+0.11 0.71£0.07 6.35+0.88
Spearman Correlation Matrix | 0.43£0.09 0.62+0.13 0.51+0.17 0.76+0.08 6.14+0.91 [0.39+0.07 0.67+£0.11 0.47+0.18 0.724+0.06 6.45+0.88
Kendall Correlation Matrix 0.51£0.06 0.76+0.12 0.61+0.15 0.814+0.08 5.23+1.06 |0.53+0.05 0.78+0.13 0.63+0.16 0.83+0.07 5.12+1.10
w/o Prompts Generation 0.38+0.04 0.60£0.15 0.46+0.14 0.7240.08 7.10£0.93 |0.52+0.06 0.57+0.04 0.54+0.11 0.72+0.06 6.9240.86
w/o Multiscale Mixing(no L.s.)|0.20+0.08 0.2140.12 0.20+0.13 0.68+0.06 7.88+0.95 [0.41:£0.05 0.29+0.04 0.34+0.08 0.68+0.06 7.94+1.19
w/o Cross Attention 0.23+0.12 0.32+0.13 0.27+0.12 0.534+0.06 11.80£0.93|0.43+0.04 0.35+£0.08 0.39+0.10 0.714+0.07 7.24+0.93
w/o LLM 0.33+0.11 0.42+0.14 0.35+0.14 0.724+0.08 7.14+1.20 |0.50+0.07 0.55+0.06 0.52+0.13 0.76+0.06 7.04+1.16
w/o Task Description 0.33+0.07 0.25+0.13 0.2840.11 0.764+0.04 6.324+0.97 |0.35+0.06 0.27+0.12 0.30+0.10 0.74+0.05 6.15+1.02
w/o Dataset Description 0.15£0.13 0.20£0.12 0.17£0.18 0.624+0.07 10.31+1.42|0.08+0.14 0.28+0.11 0.12+0.17 0.73+£0.06 8.95+1.45
w/o Pearson Correlation 0.43+£0.08 0.63+0.09 0.51£0.13 0.76+0.06 6.11£1.26 |0.32+0.07 0.71£0.10 0.42+0.12 0.85+£0.05 7.25+1.30
W/0 Lipa 0.53+£0.06 0.62+0.15 0.57+0.14 0.814+0.05 5.2840.94 |0.45+0.07 0.70+0.14 0.50+0.13 0.88+0.04 6.154+0.90
W/0 Leag 0.34+0.12 0.22+0.14 0.26+0.17 0.77+0.08 6.42+1.23 |0.28+0.11 0.15+0.13 0.18+0.15 0.85+0.07 7.35+1.20
W/0 Lese 0.58+0.04 0.70+£0.16 0.57+0.09 0.784+0.07 4.84+1.26 [0.67+0.04 0.98+0.03 0.76+0.10 0.824+0.07 4.34+0.93

Our results indicate that including £.,. provides a slight improvement over not including it. For other
components, such as the prompts generation module and multiscale mixing module (includes both
multiscale decomposition and mixing, without loss L.s.), the improvements are more pronounced in
BrainEC-LLM. Additionally, the results using Llama 3 as the backbone are manifestly outperforms
Mistral.

E.5 Prompt Complexity Analysis

We conduct experiments to examine the effect of prompt complexity, using both simplified and
complex prompts. The results are presented in Table [3] and examples of complex prompt is shown
in Figure [6](b). These results demonstrate that all components of the prompt are crucial, with the
absence of the task description and dataset description leading to a significant decline in performance
metrics.

Table 13: Sensitivity analysis experiment on the simplicity or complexity of prompts.

. ‘ Smith Sanchez
Variant

‘PrecisionT Recallt F11 Accuracyt  SHDJ ‘PrecisionT Recallf F1t Accuracyt  SHDJ

Llama3-8B (Default) |0.57£0.06 0.80+0.15 0.67+0.11 0.84+0.06 4.02+0.84 |0.784+0.02 0.97+0.02 0.86+0.07 0.91£0.05 2.10+0.75
w/o Task Description  |0.33£0.07 0.25£0.13 0.28%0.11 0.7640.04 6.32£0.97 {0.35+0.06 0.2740.12 0.30£0.10 0.74£0.05 6.1541.02
w/o Dataset Description | 0.15£0.13 0.20£0.12 0.17£0.18 0.6240.07 10.3141.42{0.0840.14 0.2840.11 0.12+0.17 0.73£0.06 8.9541.45
w/o Pearson Correlation | 0.4340.08 0.63+£0.09 0.5140.13 0.76+0.06 6.1141.26 |0.324+0.07 0.71£0.10 0.4240.12 0.85+0.05 7.25+1.30
Complex Prompt 0.62+0.10 0.6140.12 0.6140.14 0.83+£0.06 4.2340.92 |0.83+£0.06 0.71£0.06 0.76£0.11 0.884+0.07 3.1740.95

E.6 Hyperparameter Analysis

We conduct experiments on Smith datasets to evaluate the parameter sensitivity of BrainEC-LLM.
Figures [9] (a) and [9](b) display the experimental results for soft threshold hyperparameters and
dropout variations, respectively. When the soft threshold is set to 0.5, all metrics are optimal except
for Recall, which remains sub-optimal, a pattern also observed with dropout. Consequently, the soft
threshold is ultimately set to 0.5, and dropout is set to 0.01.

As shown in Figure [](c), (d), and (e), we also conduct sensitivity analysis for the loss weight
coefficients. Given the different magnitudes of each loss term, we carefully selected distinct ranges
for the hyperparameter settings in our experiments. For instance, we set o, to {0.1, 1, 2, 10,
100} and g4 to {1, 10, 100, 500, 1000}. For c),, performance peaks at 2, while the best results
for agqg and o are achieved at 100 and 10, respectively. Both overly small and large values
degrade performance, highlighting the need for balanced regularization. We therefore set avspq = 2,
Qgag = 100, and 5. = 10 in all experiments.

We also conduct additional experiments with a refined search around the optimal region of soft
threshold hyperparameter 7). Since the best performance occurs at 7 = 0.5 in Figure [0](a), we perform
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Figure 9: Hyperparameter analysis on the Smith dataset, where the starred results are the best results.
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Figure 10: Influence of the soft threshold hyperparameter 1 with fine-grained step.

a fine-grained search from 7 = 0.4 to = 0.6 with step 0.02. The results are presented in Figure [10]
The refined search shows that optimal performance is consistently achieved at n €{0.48,0.50,0.52}
across all metrics. The choice of 7 = 0.5 is particularly intuitive given the threshold formulation:
0 = min(|A]) +n x (max(|A]) — min(|A])). When 1y = 0.5, the threshold is set to the midpoint
between the minimum and maximum absolute values in the adjacency matrix, which represents a
natural balance point for binary classification.
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F Limitation

One potential limitation that warrants further investigation is that existing LLLMs are primarily pre-
trained on massive textual corpora and therefore inherently optimized for processing and reasoning
over natural language. In contrast, fMRI time series data are continuous, high-dimensional numerical
signals that exhibit complex temporal and spatial dependencies. This modality gap introduces
challenges in effectively aligning the statistical properties of fMRI signals with the natural language
representations used in LLMs. As a result, current LLMs may not fully capture the fine-grained
temporal dynamics and domain-specific patterns embedded in fMRI data.
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