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Abstract. Understanding the role of the brain-body axis in the causal
relationship between psychiatric disorders and endocrine disorders is cru-
cial for advancing multi-organ disease modeling and precision medicine.
Despite the importance of understanding these interactions, the devel-
opment of a mature framework has been hindered by traditional models’
inability to move beyond mere statistical associations to uncover true
causal directionality in high-dimensional, population-scale data. In this
study, we proposed a graph neural network (GNN)-based framework
to construct causal graphs capturing interactions among brain imag-
ing features, organ-level physiological indicators, and disease outcomes.
Leveraging the directed acyclic graph (DAG)-GNN model, we perform
causal structure learning on the comprehensive UK Biobank cohort, en-
abling the discovery of DAGs that reflect potential causal dependencies.
Experimental results demonstrate that our method effectively uncov-
ers interpretable brain-body-disease pathways, revealing shared white-
matter vulnerabilities across distinct disorders and highlighting how in-
termediate physiological systems mediate these interactions, providing
insights into psychiatric and endocrine conditions. Our code is available
at https://github.com/NIMGroup/UKBCausal.
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disorder

1 Introduction

The human body operates as a highly interconnected system, in which the brain
and body organs maintain a continuous physiological dialogue through com-
plex pathways, often referred to as the brain-body axis [13]. Emerging evidence
† These authors contributed equally to this work.
⊠ Corresponding author: Ye Wu.
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Fig. 1. The overview of our proposed framework.

suggests that this interaction plays a vital role in the progression of various sys-
temic diseases. For instance, metabolic dysfunction can significantly accelerate
neurodegeneration, and psychiatric and endocrine disorders show a bidirectional
association whose causal directionality and brain–body pathways remain unclear
[3]. Consequently, analyzing the intricate relationships between brain imaging
phenotypes (e.g., white matter integrity) and organ-level physiological indica-
tors is essential for achieving a holistic understanding of disease mechanisms
and advancing precision medicine.

While robust statistical associations within the brain-body network are well
documented, deciphering their underlying causal mechanisms is severely hin-
dered by the inability of traditional models to process high-dimensional, in-
complete, multimodal data [5, 21]. Previous studies have consistently reported
shared white-matter alterations across major psychiatric disorders [10, 11, 22]
and have highlighted bidirectional links between metabolic/endocrine dysfunc-
tion and mental health [3, 24]. More recently, comprehensive population-scale
analyses have further underscored the systemic nature of these interactions, re-
vealing how multi-organ health and multimorbidity risks are deeply intertwined
[20, 19, 7, 4]. However, these foundational findings primarily evaluate relation-
ships in isolation and rely on correlations, which fail to reveal the directional-
ity of influence captured by Directed Acyclic Graphs (DAGs) [23]. Distinguish-
ing whether brain structural changes precede organ dysfunction or vice versa is
critical for identifying early biomarkers and therapeutic targets. Furthermore,
real-world population datasets are invariably incomplete, leading to missing val-
ues that can severely bias structure-learning algorithms [12]. Therefore, there
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is an urgent need for a unified framework that can handle missing data while
effectively recovering interpretable causal graphs from high-dimensional obser-
vational biomedical data [6].

In this study, we present a novel framework for understanding the causal
relationships among the brain, body organs, and diseases. Unlike previous ap-
proaches that primarily evaluate brain-body interactions in isolated pairs and
rely strictly on statistical correlations, our method establishes a unified causal
network that simultaneously captures the directionality of influences among
brain microstructural features, multi-organ physiological states, and diverse dis-
ease outcomes. Our work comprises three main contributions: First, we used
dMRI values [2] of major brain fiber bundles and feature values of major body
organs from the UKB dataset to construct DAGs for exploration. Second, to ad-
dress missing data in the UKB dataset, we employed a masked autoencoder [8,
14], a method distinct from traditional mean imputation, to impute missing val-
ues. Finally, we applied the DAG-GNN framework to construct an interpretable
causal graph from observational data, revealing the underlying directional dy-
namics among 27 regional white matter features, 5 key physiological systems,
and 11 distinct psychiatric and endocrine disorders.

2 Method

2.1 Dataset

We utilized data from the UK Biobank [18] to identify participants with psychi-
atric disorders by integrating hospital inpatient records and self-reported medical
histories. We focused on seven major psychiatric disorders: schizophrenia, depres-
sion, bipolar disorder, anxiety disorders, eating disorders, obsessive-compulsive
disorder, and adjustment disorders, as well as four endocrine disorders: hypothy-
roidism, hyperthyroidism, type 2 diabetes, and being overweight. To assess the
physiological states of body organs, we followed [20] and extracted relevant phe-
notypes across the musculoskeletal, immune, metabolic, renal, and hepatic sys-
tems. Musculoskeletal health was evaluated with anthropometric measures and
heel bone mineral density, while immune function was assessed through blood
cell counts and C-reactive protein levels. Metabolic profiles included lipid levels
and HbA1c; renal and hepatic function were assessed using creatinine, albumin,
ALT, and AST. We also captured brain microstructural integrity using diffu-
sion MRI data processed via the UKB-brain-pipeline [2], extracting nine tensor-
derived and NODDI metrics averaged across 27 major white matter tracts from
the JHU ICBM-DTI-81 atlas [15], resulting in a high-dimensional feature vector
of the brain’s communication network.

2.2 Masked Autoencoder for Organ-Level Representation Learning

In large-scale cohorts such as the UK Biobank, organ-level physiological phe-
notypes are often incomplete due to varying examination protocols and sub-
ject compliance [12]. Consequently, each subject may have only a partial set of
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features, leading to substantial missingness. To ensure reliable data while main-
taining sample size, we used an organ-specific subject-filtering strategy, retaining
subjects with at least 70% of observed features per organ. The final study co-
hort was formed by intersecting subjects across all organ systems, creating a
consistent set for downstream analysis.

Let X(o) ∈ RN×Do denote the feature matrix of organ O, where N is the
number of subjects and Do is the number of organ-specific phenotypes rather
than explicitly imputing missing entries in Xo, which may introduce strong mod-
eling assumptions and propagate bias into downstream analyses, we aim to learn
a compact latent representation that is robust to partial observations. We adopt
a masked autoencoder (MAE) [8] framework tailored to organ-level data. For
each organ O, we restrict training to subjects with complete observations and
synthetically introduce missingness by randomly masking a subset of features.
Formally, for each subject i, we sample a binary mask vector mi ∈ {0, 1}Do ,
where Mij indicates that the j-th feature is masked. The masked input is then
given by x̃

(o)
i = mi ⊙ x

(o)
i , where ⊙ denotes element-wise multiplication. The

masked autoencoder consists of an encoder f
(o)
θ that maps the partially ob-

served input to a latent representation z
(o)
i = f

(o)
θ

(
x̃
(o)
i

)
, followed by a decoder

g
(o)
θ that reconstructs the original feature vector x̂

(o)
i = g

(o)
θ ⊙ z

(o)
i .

The training objective is defined exclusively on the masked entries, encour-
aging the model to infer missing values from observed context while avoiding
trivial identity mappings:

L
(o)
MAE =

1

N

N∑
i=1

∥∥∥(1−mi)⊙
(
x
(o)
i − x̂

(o)
i

)∥∥∥2
2
, (1)

The masked autoencoder captures the low-dimensional structure of organ-level
physiological profiles by reconstructing masked features from incomplete inputs,
without requiring imputation of unobserved values. The learned latent repre-
sentation z

(o)
i acts as a robust organ-specific embedding for our causal graph

discovery framework.

2.3 Unified Node Representation for Brain Graph Construction

To create a unified causal graph that connects brain regions, body organs, and
diseases, all nodes must share a consistent feature dimensionality. Unlike organ-
level phenotypes, brain dMRI features from the UK Biobank are fully observed,
as all subjects underwent dMRI at imaging instance 2. Standardized preprocess-
ing pipelines were used to extract microstructural metrics, including fractional
anisotropy, anisotropy mode, and principal diffusivities.

For each tract r, we denote the corresponding dMRI feature matrix as X(r) ∈
RN×D, where N is the number of subjects and Dr is the number of region-
specific diffusion metrics. Although these features are complete, their dimen-
sionality varies across regions and is generally higher than that of organ-level
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latent representations. Directly incorporating these heterogeneous feature spaces
into a unified causal model would introduce scale imbalance and hinder graph
learning. To address this issue, we apply principal component analysis (PCA)
independently for each brain region [1] to obtain compact, comparable node-
level representations. Specifically, for each region r, PCA is performed on the
standardized feature matrix X(r), yielding a low-dimensional embedding

Z(r) = X(r)W (r), W (r) ∈ RDr×d, (2)

where d denotes the target embedding dimension. The value of d is chosen to
match the latent dimensionality of organ-level nodes learned by the masked
autoencoder, thereby ensuring representational consistency across node types.

The resulting embedding z
(r)
i ∈ Rd serves as the brain-region node feature for

subject i. By aligning the dimensionality of brain and organ representations, we
enable their seamless integration into a unified node-feature tensor that serves
as input to subsequent directed acyclic graph construction.

2.4 Directed Acyclic Graphs Construction

Using unified node representations, we infer DAGs that capture causal depen-
dencies among brain regions, body organs, and disease phenotypes. Let V rep-
resent the total number of nodes, including brain, organ, and disease nodes.
For each subject i, we create a node feature matrix Xi ∈ RV×d, with d being
the shared latent dimensionality derived from PCA, masked autoencoders, and
disease-specific representations. Our goal is to learn a weighted adjacency matrix
A ∈ RV×V , where Auv represents the directed influence from node u to node v,
while maintaining acyclicity for causal interpretability.

We employ a variational DAG-GNN framework [23] to learn node interactions
and graph structure. A graph encoder parameterized by ϕ maps node features to
a latent edge distribution qϕ(Z,A | X), where Z captures node-wise dependencies
and A is the learned adjacency matrix. A decoder reconstructs the observed node
features from Z and A. The model is trained by maximizing the evidence lower
bound (ELBO):

LELBO = Eqϕ(Z,A|X)[log pθ(X | Z,A)]−KL(qϕ(Z,A | X) ∥ p(Z,A)) , (3)

where p denotes the decoder likelihood and p(Z,A) is a sparsity-inducing prior
over graph structures. To explicitly enforce the DAG property, we incorporate a
differentiable acyclicity constraint on the adjacency matrix following prior work
[25]. Specifically, the constraint is defined as

h(A) = tr
(
exp(A⊙A)

)
− V = 0, (4)

where ⊙ denotes element-wise multiplication. This formulation ensures that
h(A) = 0 if and only if A corresponds to a directed acyclic graph. The over-
all training objective combines the ELBO with the acyclicity constraint via an
augmented Lagrangian:
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Fig. 2. PCA-Based Brain ROI Dimension Selection

L = LELBO + λh(A) +
ρ

2
h(A)2 + τ∥A∥1, (5)

where λ and ρ are Lagrange multipliers, and the L penalty promotes sparsity in
the learned graph.

After training, the learned adjacency matrix A is thresholded to create a
sparse causal graph. Edges with small absolute weights are removed, whereas
those with larger weights indicate stronger dependencies. This graph is acyclic
by construction and represents the estimated causal relationships among brain
regions, organs, and diseases.

3 Experiments and Results

3.1 PCA-Based Selection of Brain ROI Embedding Dimension

To select a unified embedding dimension for brain ROIs in our graph model,
we performed PCA-based dimensionality selection [9] on the dMRI features of
27 white-matter tract ROIs. Features were standardized and decomposed into
principal components. We analyzed the explained variance ratio (EVR) and cu-
mulative explained variance (Cumulative EV) as functions of the number of
components k. As shown in Fig. 2 (left), variance is mostly concentrated in the
first few components, with EVR dropping sharply after the first component and
the cumulative curve approaching a plateau. We used two criteria for selection:
(i) an 80% cumulative variance rule and (ii) Parallel Analysis (PA) to retain
components with eigenvalues above the 95th percentile from Gaussian reference
data (star markers in Fig. 2). The results (Fig. 2, right) indicate a consensus
on k = 3, suggesting that three components capture most of the variance across
most ROIs. Thus, we set the dimension of the brain ROI embedding to d = 3
for consistency across experiments.

3.2 MAE can effectively characterize missing features

We assessed robustness to missing features through an extra-masking reconstruc-
tion evaluation on organ-specific feature matrices. Subjects were randomly split
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Table 1. Extra-masking reconstruction RMSE on a 20% test split with 30% masking.

Organ Masked AutoEncoder Mean+PCA SoftImpute
Hepatic 0.772 ± 0.008 0.827 ± 0.006 0.828 ± 0.007
Immune 0.731 ± 0.004 0.894 ± 0.004 0.594 ± 0.005
Metabolic 0.642 ± 0.003 0.771 ± 0.002 0.706 ± 0.003
Musculoskeletal 0.743 ± 0.003 0.854 ± 0.003 0.780 ± 0.003
Renal 0.799 ± 0.004 0.880 ± 0.006 0.873 ± 0.006

Fig. 3. Causal Graph Learned by DAG-GNN.

into training and test sets with an 80-to-20 ratio. Features were standardized us-
ing a StandardScaler from the training set and applied to both sets. We simulated
missingness by masking 30% of the test-set entries and measured performance
as the RMSE over the masked positions. The procedure was repeated 5 times,
and the results were reported as mean ± standard deviation. Results in Ta-
ble 1 demonstrate that MAE consistently outperforms the Mean+PCA baseline
across all organ systems. MAE achieves the lowest reconstruction error across
most categories compared with SoftImpute. By leveraging deep non-linear rep-
resentations rather than global low-rank assumptions, MAE effectively recovers
missing values in high-dimensional physiological phenotypes. While SoftImpute
performs slightly better on immune features, MAE demonstrates the best overall
robustness, justifying its adoption for reliable graph node construction.
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3.3 Causal discovery of brain–organ–disease links

Leveraging the completed multi-node features, we applied the DAG-GNN archi-
tecture to infer the directed acyclic graph (DAG) underlying brain–organ–disease
interactions. By thresholding the learned weighted adjacency matrix to retain the
most essential edges (w ≻ 0.5) and the second most important edges (w ≻ 0.2),
the causal structure visualized in Fig. 3 is obtained.

Disease-rooted subgraph analysis revealed distinct topological patterns in the
relationship between systemic conditions and brain white-matter microstructure.
First, we observed convergent vulnerability across two major tracts—the cingu-
lum within the cingulate gyrus and the posterior limb of the internal capsule
—both of which repeatedly emerged as downstream targets. These pathways re-
ceived direct causal edges from multiple psychiatric disorders (e.g., schizophre-
nia, bipolar disorder, obsessive–compulsive disorder, eating disorder, and adjust-
ment disorder) as well as endocrine dysfunction (hyperthyroidism), suggesting
shared neuroanatomical endpoints across heterogeneous disease domains [10,
11]. This convergence highlights their vulnerability as critical network hubs and
aligns with established transdiagnostic structural signatures [17]. Second, the
inferred graph highlighted mediated pathways that distinguish direct tract-level
effects from systemic cascades. Being overweight indirectly affected the cingu-
lum via metabolic dysfunction (overweight → metabolic dysfunction → cingu-
lum), and hypothyroidism influenced the superior cerebellar peduncle (SCP) via
depression (hypothyroidism → depression → SCP). This systematic cascading
effect is consistent with the existing literature [16], which indicates that obesity
and metabolic syndrome primarily drive structural changes in the white matter
of the limbic system, including the cingulate. Besides disease-rooted patterns,
organ-system-rooted subgraphs suggest that intermediate physiological systems
may act as upstream modulators shaping specific white-matter pathways.

For example, the metabolic node exhibits a highly focused downstream foot-
print, with a single direct edge to the cingulum within the cingulate gyrus,
consistent with a targeted metabolic-to-limbic pathway. By contrast, the mus-
culoskeletal node exhibits a markedly broader downstream topology, featuring a
multi-step cascade through brainstem and cerebellar relay tracts (e.g., pontine
crossing tract and middle cerebellar peduncle) and extending to major projec-
tion fibers such as the corticospinal tract. This structure suggests that muscu-
loskeletal alterations may propagate through motor-related relay circuitry before
reaching large-scale output pathways.

4 Discussion and Conclusion

In this study, we present an integrated, missingness-aware graph learning frame-
work to explore brain-body-disease interactions from incomplete, high dimen-
sional observational data. By combining organ-specific masked autoencoders,
dimensionality alignment, and DAG-GNN, our approach constructs modality-
aligned node representations and learns a unified directed graph over brain re-
gions, organ systems, and disease phenotypes. Experiments on the UK Biobank
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cohort demonstrate improved robustness to missing organ-level features and
identify interpretable candidate pathways linking systemic organ functions to
white-matter vulnerabilities. Specifically, the learned graph suggests transdiag-
nostic convergent vulnerabilities at core neural hubs, metabolism-related sys-
temic cascades, and organ-specific neuromodulatory patterns.

However, these findings should be interpreted with caution. Because this
study is based on observational UK Biobank data, the learned DAG represents
candidate directed dependencies for hypothesis generation rather than confirmed
biological causality. DAG-based structure learning relies on assumptions such as
causal sufficiency, the Markov condition, and faithfulness, which may be affected
by hidden confounding from medication, lifestyle, head motion, temporal differ-
ences, and selection effects. In addition, organ biomarkers and dMRI features
were collected across different UKB instances, so the inferred edges should not
be regarded as definitive evidence of temporal or interventional effects. Future
longitudinal cohorts, Mendelian randomization, interventional studies, and ex-
ternal validation are needed to confirm these brain-body-disease hypotheses.
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