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Abstract

Spatial location and molecular interactions have long been linked to the connec-
tivity patterns of neural circuits. Yet, at the macroscale of human brain networks,
the interplay between spatial position, gene expression, and connectivity remains
incompletely understood. Recent efforts to map the human transcriptome and
connectome have yielded spatially resolved brain atlases, however modeling the
relationship between high-dimensional transcriptomic data and connectivity while
accounting for inherent spatial confounds presents a significant challenge. In this
paper, we present the first deep learning approaches for predicting whole-brain
functional connectivity from gene expression and regional spatial coordinates, in-
cluding our proposed Spatiomolecular Transformer (SMT). SMT explicitly models
biological context by tokenizing genes based on their transcription start site (TSS)
order to capture multi-scale genomic organization, and incorporating regional
3D spatial location via a dedicated context [CLS] token within its multi-head
self-attention mechanism. We rigorously benchmark context-aware neural net-
works, including SMT and a single-gene resolution Multilayer-Perceptron (MLP),
to established rules-based and bilinear methods. Crucially, to ensure that learned
relationships in any model are not mere artifacts of spatial proximity, we introduce
novel spatiomolecular null maps preserving key transcriptomic autocorrelation
structure. Context-aware neural networks outperform linear methods, significantly
exceed our stringent null map estimates, and generalize across diverse connec-
tomic datasets and parcellation resolutions. Together, these findings demonstrate a
strong, predictable link between the spatial distributions of gene expression and
functional brain network architecture, and establish a rigorously validated deep
learning framework for decoding this relationship. Code to reproduce our results is
available at: github.com/neuroinfolab/GeneEx2Conn.

1 Introduction

Throughout development and into adulthood, the coordinated expression of thousands of genes shapes
the molecular and structural scaffold of the brain [1, 2]. Functional brain networks emerge from
this scaffold through the synchronous activity of multiscale neural components [3] . This emergent
organization is central to cognition, supporting processes such as vision, language, and memory with
disruptions to these networks linked to a range of neuropsychiatric and neurodegenerative disorders
[4]. Understanding the spatiomolecular landscape that gives rise to functional brain networks is a
critical step towards uncovering the genetic basis of brain function and dysfunction. Thus, we set
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out to address the fundamental hypothesis that the biological richness of gene expression is highly
predictive of functional connectivity [5–8].

Recent advances in brain-wide gene expression atlases and large neuroimaging datasets have made it
possible to connect spatial variations in gene expression with the organization of functional brain
networks [9, 10]. However, the path to robust predictive models has several key obstacles. First,
the scale of transcriptomic data, involving thousands of genes with complex co-expression patterns,
demands models with high expressive capacity. Conventional approaches, often favoring bilinear
factor models for their perceived explainability, may not adequately capture inherent non-linearities
[11, 2, 12–15, 7]. Second, a major confound in neurogenomic studies is spatial autocorrelation:
nearby brain regions often share similar gene expression and connectivity patterns due to shared
developmental trajectories, vascularization, or signal bleed, potentially inflating statistical associations
if not rigorously controlled [16, 17]. Third, obtaining directly paired brain-wide gene expression
and in-vivo functional connectivity data from the same human individual is challenging due to
postmortem collection of gene expression, motivating the use of carefully aggregated population
atlases from multiple data sources. Lastly, effectively integrating biological context—such as the
genomic organization of genes or the precise 3D spatial embedding of brain regions—into predictive
models in a meaningful way beyond simple feature engineering, remains an open question.

To address these challenges, we introduce context-aware neural network architectures including the
Spatiomolecular Transformer (SMT) designed specifically for predicting functional connectivity
from regional gene expression and spatial coordinates (Figure 1) evaluated through a rigorous
experimental setup. Inspired by single-cell approaches such as spaCI [18] and scBERT [19] that use
multimodal contextual information to improve performance on downstream tasks, SMT derives brain
region embeddings from gene expression sequences tokenized based on reference genome position
(transcription start site, TSS) and incorporates regional spatial location information via a dedicated
[CLS] token. Critically, SMT utilizes Attention with Linear Biases (ALiBi) [20] in its bidirectional
multi-head self-attention mechanism to encourage hierarchical transcriptomic representations of the
input sequence. Furthermore, to counteract the limited sample size of human gene expression data
[21], we leverage the large corpus of individual connectomes in our fMRI datasets [22–24] through
a distributional target-side augmentation approach during training [25]. All methods are evaluated
under brain-wide and spatially constrained train-test splits alongside a novel spatiomolecular null
mapping technique to assess if performance is inflated by spatial autocorrelation.

As such, we claim the following main contributions in this paper:

• We introduce the first deep learning approaches for predicting functional connectivity from
regional gene expression in humans, featuring an attention-based architecture (SMT) with
biologically-informed components for targeted hypothesis testing.

• We introduce and validate a novel spatiomolecular null mapping evaluation technique that
generates surrogate gene expression maps preserving not only spatial autocorrelation but
also key transcriptomic correlation structures, providing a highly stringent benchmark for
assessing genuine predictive signal.

• Context-aware neural networks, including SMT and a single-gene resolution Multilayer-
Perceptron, achieve significant performance gains in predicting functional connectivity as
compared to rules-based and bilinear methods. Crucially, this performance significantly
exceeds that of our rigorous null models and is shown to generalize across multiple connec-
tomic datasets (UK Biobank [22], Human Connectome Project [23], MPI-LEMON [24])
and parcellation resolutions.

Our findings highlight that the complex, multimodal architecture of functional brain networks can
be predicted from spatiomolecular features using context-aware neural networks, well beyond what
chance or spatial proximity would dictate. Context-aware neural networks thus offer a robust
framework for multimodal modeling of brain function in health and disease.

2 Preliminaries

RNA-sequencing (RNA-seq) provides a snapshot of transcriptomic activity across single-cell or bulk
tissue samples, typically summarized in a gene expression matrix as in Figure 1. Gene expression
has recently been integrated with noninvasive neuroimaging to uncover molecular correlates of brain
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Figure 1: Spatiomolecular context-aware deep modeling for connectivity prediction. Gene
expression from the Allen Human Brain Atlas is sampled across the entire brain. The Spatiomolecular
Transformer (SMT) uses a reference genome based tokenization strategy and multi-head self attention
(MHSA) to encode gene expression profiles for region-of-interest (ROI) i and j. A learnable [CLS]
token, initialized based on 3D coordinates of sampled ROIs, is optionally passed as a token to the
SMT. Concatenated embeddings are used to decode population average connectivity. Alternatively, a
fully connected Multilayer-Perceptron can be trained using concatenated gene expression vectors.

organization [26, 2, 27, 7]. Resting-state functional MRI (fMRI), collected during task-free windows,
characterizes intrinsic brain activity by computing functional connectivity as the Pearson correlation
of BOLD (blood-oxygen-level-dependent) signals between brain regions [4]. Letting X 2 Rr×g

represent a population-average transcriptome and Y 2 Rr×r a symmetric connectome, the goal is
to learn a predictive mapping f : X ! Y , or equivalently f(xi; xj) = Yi,j , testing the fundamental
hypothesis that the biological richness of gene expression is predictive of whole brain functional
connectivity at the atlas-level. Our study leverages high resolution brain maps carefully aggregated
from population datasets to learn a predictive mapping between the transcriptome and connectome.

2.1 Datasets

Allen Human Brain Atlas (AHBA). With approximately 500 spatial locations sampled in each
hemisphere across the cortex, subcortex, and cerebellum, the Allen Human Brain Atlas is the most
spatially-resolved human gene expression dataset to date. Microarray data was collected from six
neurotypical donors (mean age=42.5, sex ratio=5:1 (M:F)) using whole-genome Agilent microarrays
[7]. Data is processed using recommendations from the abagen package ensuring stable measurements
through a differential stability threshold, filtering genes based on background noise and consistent
inter-regional coexpression patterns across donors. Since we are relating gene expression across
populations, we use the most stringent differential stability threshold retaining a final set of 7,380
genes averaged per region across donors [3, 21]. Detailed processing steps are outlined in Section A.1.
Raw data is available at https://portal.brain-map.org/.

UK Biobank (UKBB). The primary connectivity dataset in our study is a subset of n = 1814
healthy participants from the UK Biobank (mean age=63.3 years; age range=45-82; 55% female)
with available resting-state functional MRI (rs-fMRI) [22]. Scanning protocols and preprocessing
steps are outlined in Section A.1. Functional timeseries were extracted using the 7-network Schaefer
400 parcel cortical atlas [28], extended to 456 regions with the inclusion of the Tian subcortical atlas
[29] (S456 parcellation). Pairwise Pearson correlation of parcel-level BOLD signals was used to
compute functional connectivity matrices. The population averaged 456 region UKBB dataset yields
103;740 edge-level targets and corresponding region-pair inputs from AHBA for model optimization
(see Figure 2A).
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Alongside UKBB, the Human-Connectome-Project Young-Adult (HCP-YA) [23] and Max Planck
Institute Leipzig Mind-Brain-Body Dataset (MPI-LEMON) [24] are used as validation connectomic
datasets. Despite substantial age shift between these datasets and UKBB, we observe a consistent
backbone connectivity structure in the population average functional connectomes across datasets
(Figure 4). Processing details for HCP-YA and MPI-LEMON are outlined in Section A.1.

2.2 Baselines and related works

To rigorously evaluate our context-aware deep neural networks, we compare them against three
classes of established models from the neuroimaging and connectomics literature.

Rules-based methods. We �rst include simple, interpretable models that test foundational hy-
potheses of brain organization. These include an exponential decay model [17, 30], assuming
connectivity strength decreases with Euclidean distance. A related model uses a Gaussian kernel,
Yij = exp(�d 2

ij =2� 2), which decays symmetrically with squared distance. We also include a Corre-
lated Gene Expression (CGE) model, computed by correlating PCA-reduced gene expression pro�les
between pairs of regions, effectively predicting connectivity based on molecular similarity [4, 31].
While interpretable, these methods are constrained by their �xed forms and feature sets.

Connectome Model. Second, we implement learned bilinear models prominent in connectomics
[11, 12]. The Connectome Model (CM), introduced by Kovács et al.[11], instead formulates
synaptic connectivity prediction as a learned bilinear regression problem, modeling the connectome
asY = XOX > , whereX is a single neuron gene expression matrix andO is an unknown gene-gene
interaction matrix. Qiao[12] extends the Connectome Model by introducing a Bilinear Low-rank
decomposition ofO. Implementation details for the Connectome Model and its low-rank counterpart
can be found in Section A.3.

Partial Least Squares Regression. Finally, we include Partial Least Squares (PLS) regression,
the predominant multivariate method in imaging transcriptomics for linking multiple data modalities
[5, 7, 8, 2, 3, 9]. PLS identi�es latent variables that maximize the covariance between gene expression
and connectivity pro�les. To adapt PLS for our edge-wise prediction task, we reformulate it into an
encoder-decoder model: we use its learned shared projections to create region-level embeddings and
then predict connection strength via a bilinear decoder. Details can be found in Section A.3.

This comprehensive suite of baselines allows us to benchmark the performance gains offered by our
more expressive, non-linear architectures.

3 Methods

Spatiomolecular Transformer (SMT). Transformers have been adapted for numerous biological
tasks due to the sequential nature of gene expression data [32] with notable advances in single-cell
perturbation modeling, disease classi�cation, and cell type annotation [19, 33, 34]. Similar methods
remain largely unexplored for understanding the spatiomolecular foundations of brain connectivity.
Motivated by successes in single-cell modeling, we formulate a transformer-based architecture for
the transcriptome-connectome prediction task. Despite the scarcity of spatially-resolved human brain
gene expression data, we leverage the abundant amount of connectomics data to train a context-aware
transformer end-to-end.

Here, we adopt a BERT-style multi-head self-attention (MHSA) based transformer architecture [35],
requiring tokenization of the gene expression input. Given the dimensionality of the gene space,
g = 7380, we partition the gene expression vector of each regionx i 2 Rg into contiguous non-
overlapping bins ofk genes sorted by transcription start site (TSS) on the human reference genome
(see Section A.2 for details). Settingk = 60 genes yields̀ = g=k = 123 tokens per region, each
represented as a length-k scalar vector. These are projected into an embedding space via a learned
linear map, forming inputX 2 R `�d , with embedding dimensiond = 128. This value projection
encoding strategy is effectively leveraged by models like TOSICA [33] and scBERT [19].

Each token embedding sequence is passed through up to 4 layers of MHSA with 2-4 attention heads,
where the inputX is linearly projected into queries, keys, and values asQ = XW Q , K = XW K ,
andV = XW V , with WQ ; WK ; WV 2 Rd�d h anddh = d=h. To incorporate positional priors
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Figure 2: Population connectome reconstruction. [A] Average population connectome,Y , with
delineated subnetworks of Schaefer 7-network 400 region parcellation [28] (LH=left hemisphere,
RH=right hemisphere, SCTX=subcortex). KDEs are plotted for a subset of cortical regions with
vertical blue lines representing the mean. Connectivity values are probabilistically sampled during
training from the underlying population (e.g. UK Biobank, n=1814) under our target augmentation
protocol. [B] Connectomes are strati�ed into 10 four-fold train-test splits based on a random or
spatial split strategy. Edges connecting train and test sets are omitted. [C] For each split, models
are trained using both the true brain and a spatiomolecular null brain. ReconstructedYtest for select
models are displayed with comparison to null reconstructions for an example random split.

without learned embeddings, we add ALiBi (Attention with Linear Biases) slopes [20] to the attention
logits, implemented using FlashAttention [36] to enable scaling to hundreds of tokens (and thus
thousands of genes) per region. The �xed head-speci�c penalties bias each head toward different
ranges of token interactions:

Attention(Q; K; V ) = softmax
�

QK > + B
p

dh

�
V;

whereB encodes relative-position biases. Steep slopes prioritize local interactions while shallow
slopes attend globally. This inductive bias allows the model to co-embed genes at multiple genomic
scales—motivated by the bidirectional organization of functional gene groups within and across
chromosomes [37, 38]. Given that genomic interactions may be coarse at the macroscale of whole-
brain networks, ALiBi overk gene tokens encodes genomic proximity as a soft prior, while value
projection–based tokenization preserves single-gene–level signal relevant to connectivity prediction.
Furthermore, chromosomally organized tokens can be compared post-hoc with known functional
gene groups or Genome-Wide Association Studies for deeper biological insight [39].

Following transformer layers, the �nal output is �attened and linearly projected to form a region
embeddingzi 2 Rp, wherep = ` � d out anddout � 10 . For a given region pair, the concatenated
embedding [zi k zj ] is passed through a 2 or 3-layer MLP decoder to predict connectivityŶij .

Single-gene resolution Multilayer Perceptron (MLP). In parallel, we implement a fully connected
multilayer perceptron (MLP) with up to four hidden layers. The input to the model is the concatenated
single-gene resolution gene expression vector from a pair of regions, of dimensionality2 � 7380
genes. Architecture and optimization details for SMT and MLP can be found in Section A.3.
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