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 A B S T R A C T

We present ConGAT, CONtext-aware Graph ATtention Network, a visual analysis system for identifying 
and analyzing cell–cell interactions in large tissue volumes, which leverages graph attention networks and 
self-supervised learning. Advanced multichannel microscopy techniques, such as Cyclic Immunofluorescence 
(CycIF), enable detailed, biomarker-based single-cell mapping, but yield large, densely packed volumes that 
are difficult to explore. ConGAT implements a machine learning-assisted visual analysis approach for these 
data. First, ConGAT constructs 3D spatial graphs from volumetric image data and applies a 3D graph attention 
network to model cell–cell relationships directly in 3D space. Next, we introduce a self-supervised feature 
refinement strategy that learns discriminative region-of-interest representations without labeled data. Through 
an interactive visual interface, ConGAT allows experts to define arbitrary combinations of biomarkers, enabling 
flexible ROIs identification and iterative exploration of spatial patterns. We assess ConGAT on synthetic ground 
truth and on real-world data. An evaluation with domain expert validation demonstrates that ConGAT identifies 
spatial patterns and candidate ROIs that show substantial agreement with expert assessments of biological 
relevance.
1. Introduction

A biomarker is an objective, measurable characteristic, such as 
a protein, gene, or tissue signal, that indicates a biological process, 
disease state, or response to treatment [1–3]. In biological imaging, 
biomarkers are particularly useful because their spatial organization 
can reveal how tumor, immune, stromal, and stress-response processes 
are arranged within a microenvironment. Cyclic immunofluorescence 
(CycIF) is a multiplex microscopy technique that measures multiple 
proteins as biomarkers in a single specimen. It uses repeated cycles 
of staining, imaging, and signal removal to generate spatially aligned 
channels, with each channel showing the intensity of a specific pro-
tein marker.r [4,5]. These data support spatially resolved analysis of 
protein-expression patterns and tissue microenvironments [6–8]. The 
resulting data are difficult to analyze manually. A single specimen 
may contain tens of biomarker channels, dense cellular structures, 
anisotropic sampling, and terabyte-scale volume sizes. Domain experts, 
therefore, do not simply segment one object class. Rather, they itera-
tively select sets of biomarkers, search for local neighborhoods in which 
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the selected signals are co-enriched or spatially adjacent, inspect the 
raw channels, and decide whether a candidate region is biologically 
plausible.

Numerous computational approaches have been developed for
large-scale multiplexed microscopy analysis, including conventional 
image analysis, classical machine learning, deep learning, and neural 
network-based models for characterizing biomarker distributions and 
interactions across image volumes [9–14]. Yet important limitations 
remain. 2D methods do not capture the full 3D organization of tis-
sue or the joint behavior of multiple biomarkers across volumetric 
neighborhoods [15–18]. Recent 3D graph-based approaches, including 
graph models [19–21], can represent volumetric structure but typically 
require supervised training with large annotated datasets. Moreover, 
existing 3D graph neural network applications in biomedical imaging 
have largely focused on low-channel modalities, such as multidimen-
sional computed tomography (CT) or Magnetic Resonance Imaging 
(MRI), limiting their suitability for significantly higher-dimensional 
multiplexed microscopy (in order of tens of biomarker channels).
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We introduce ConGAT, a context-aware graph attention framework 
for 3D ROI discovery in multiplexed microscopy. ConGAT represents 
a user-selected biomarker context as a graph over composite voxels. 
Edges encode local 3D proximity, while node features encode marker 
intensity and the active microenvironment category. This representa-
tion supports analytical evidence that is local, spatial, and context-
dependent. By assigning learnable attention weights to neighboring 
composite voxels and biomarker channels, ConGAT captures higher-
order 3D biomarker interactions that are difficult to represent with 
conventional 2D methods. Moreover, graph attention enables learning 
nonuniform neighbor weights, allowing the model to emphasize infor-
mative adjacent regions and de-emphasize weak or noisy neighbors, 
rather than treating every voxel in a fixed 3D kernel equally.

ConGAT is trained without manual ROI labels. Unlike existing 
3D extensions of graph attention models, ConGAT employs a self-
supervised training objective that combines contrastive consistency be-
tween augmented graph views, masked biomarker reconstruction, and 
spatial-distance regularization. These objectives encourage embeddings 
that are robust to missing or weak biomarker signals while preserving 
3D tissue geometry. At inference, ConGAT computes category-aware 
saliency and ROI scores that integrate learned node context, selected-
marker intensity, and physical proximity. A high-scoring region indi-
cates co-localization, co-enrichment, or spatial proximity among se-
lected biomarkers, signaling biomarker interaction. Together, these 
components produce stable node embeddings and category-specific 
saliency scores for ROI discovery without labeled training datasets, 
which are often scarce, error-prone, and labor-intensive to collect.

To make the computationally derived ROIs interpretable and action-
able for domain experts, ConGAT links graph-based region discovery 
with interactive 3D visualization. Detected ROIs are overlaid on the 
original 3D image data, allowing users to inspect their spatial extent, 
local tissue context, and associated biomarker signatures. The interface 
supports channel selection, intensity adjustment, opacity control, and 
interactive spatial navigation, enabling experts to compare marker 
distributions within and around candidate ROIs. In summary, ConGAT 
provides an annotation-free visual analytics framework for discovering 
biologically meaningful ROIs in high-dimensional 3D multiplexed CycIF 
data. Our main contributions are:

• a self-supervised graph attention approach for identifying protein 
co-localization and spatial interactions across arbitrary biomarker 
sets

• a visual computing implementation for detecting subtle and early-
stage protein interactions that are often obscured in low-intensity 
signals or deeper tissue regions

• an interactive 3D analytical interface designed with domain ex-
perts, for in situ investigation of spatial biomarker relationships, 
and

• an expert evaluation with cancer and cell biology researchers 
demonstrating the method’s utility for domain-specific analytical 
tasks

2. Background and related work

Microscopy regions of interest (ROIs) are biologically enriched 
tumor, immune, or stromal regions analyzed through multiplex spatial 
imaging to characterize tissue-level organization and cellular inter-
actions [22]. Existing ROI discovery methods are largely designed 
for 2D imaging and typically analyze local neighborhoods within in-
dividual tissue sections [15,23]. However, many cellular structures 
and biomarker interactions extend across multiple depths [24,25], 
limiting the ability of slice-based approaches to capture the full vol-
umetric organization of tissue and potentially overlooking complex 3D 
immune–tumor microenvironments. As ROI discovery often relies on 
spatial biomarker patterns, co-localization and protein interactions are 
central to tissue analysis. Co-localization describes the spatial overlap 
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of proteins, suggesting potential relationships, whereas protein interac-
tion refers to their physical or functional association [26,27]. Although 
co-localization alone does not imply interaction and typically requires 
further validation [28].

Deep neural networks, particularly convolutional neural networks 
(CNNs), have been widely applied to microscopy and volumetric image 
analysis. However, CNNs operate on fixed grid structures and do not 
explicitly model spatial relationships between distant tissue regions. In 
contrast, graph neural networks (GNNs) represent tissue as connected 
regions, enabling more natural modeling of complex 3D spatial depen-
dencies [29,30]. The graph attention mechanism further learns the rela-
tive importance of neighboring regions, allowing the model to prioritize 
biologically meaningful interactions within large, highly multiplexed 
tissue datasets. This adaptive weighting is critical for identifying infor-
mative ROIs without manual annotations. Most neural network-based 
approaches typically require large, well-annotated datasets, motivat-
ing the use of self-supervised learning strategies that reduce reliance 
on manual annotations [31–34]. Furthermore, existing ROI discovery 
workflows often depend on manual region identification and expert in-
spection, limiting scalability and introducing observer-dependent vari-
ability [35]. These challenges motivate the development of automated 
methods that provide a standardized framework for prioritizing bio-
logically relevant ROIs and supporting more consistent and repeatable 
analysis workflows [36].

Graph attention networks (GATs), use learnable attention to 
weight neighbor contributions, thereby enhancing node representations 
that capture heterogeneous, context-dependent interactions [29,37,38]. 
Researchers have applied several attention-based models to biolog-
ical problems, including protein function prediction, where graph 
convolutions integrate spatial and biochemical relationships within 
a radius [39,40]. GAT-based models have been widely applied in 
spatial omics to identify spatial domains and cell niches, including 
STGATE, SpaGCN, and SPACE-GM [13,41–44]. Although extensions 
such as multi-level or co-attention mechanisms improve the model-
ing of cell–cell interactions [45,46], most of these approaches are 
largely limited to 2D data or predefined graphs. Several recent ap-
proaches have explored graph-based learning in 3D neuroimaging 
settings, including 3DViT-GAT for sMRI analysis [19], and graph neural 
network–transformer frameworks for diffusion MRI tractography that 
integrate local anatomical connectivity with global brain connectivity 
information, also SC-to-FC studies show that complex models can 
match group-average baselines [47,48], PointGAT for 3D point-cloud 
modeling [49], and DGAT-net for capturing local and global depen-
dencies through dynamic graph attention [20]. Additional examples 
include PointGAT for modeling point clouds via graph attention in 
3D object detection [49] and DGAT-net for capturing local and global 
dependencies in point clouds using dynamic graphs and attention 
mechanisms [20]. However, most existing methods are supervised 
graph-learning approaches requiring large annotated datasets. In con-
trast, ConGAT leverages an attention-based GNN for self-supervised 
ROI discovery. Moreover, while prior work focuses on MRI-derived 
anatomical or connectivity graphs, ConGAT is designed for highly 
multiplexed biological imaging data with high-dimensional biomarker 
profiles and scarce annotations [50,51].

Self-supervised learning (SSL) is well-suited for graph neural net-
works in spatial modeling, as the scarcity and cost of annotations [51–
53] limit fully supervised approaches. By deriving supervisory signals 
directly from data, SSL enables effective representation learning with-
out explicit labels and has been successfully applied in biomedical 
imaging and biological domains [31,54,55]. Recent studies have com-
bined SSL with graph neural networks for ROI discovery in histopathol-
ogy, typically focusing on 2D data, predefined graphs, or a single learn-
ing objective [34,56,57]. Similar, unsupervised representation learning 
approaches have leveraged autoencoder-based normative modeling of 
diffusion MRI tract profiles to detect individualized white-matter ab-
normalities across neurodevelopmental, epilepsy, and schizophrenia 
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Fig. 1. End-to-end ConGAT architecture linking multiplexed microscopy data 
processing, graph construction, self-supervised learning, and ROI detection 
with interactive visual analysis through AWS-based data storage.

cohorts [58]. In contrast, ConGAT leverages SSL learning to refine 
representations within a single highly multiplexed imaging dataset, 
enabling the identification of biomarker-specific spatial interactions 
and informative ROIs.

Co-localization analysis methods fall into intensity-based, overlap-
based, and object-based categories, exploiting signal correlation, spa-
tial coincidence, and relationships among segmented entities [59–61]. 
As biomarker counts grow, these interactions form complex set rela-
tionships that are difficult to interpret with traditional spatial meth-
ods [62,63]. In contrast, ConGAT integrates multiple biologically rele-
vant criteria for ROI discovery, including spatial proximity, biomarker 
co-localization, and channel overlap patterns, while leveraging self-
supervised learning to enhance the representation of complex cellular 
interactions.

Multi-volume and visual analysis approaches address the grow-
ing need for scalable, interactive exploration of large-scale biological 
data [64,65], including microscopy volumes [66], Multi-volume meth-
ods improve scalability through adaptive mesh refinement, indepen-
dent indexing, compressed and neural representations, and hierarchical 
formats such as OME-Zarr [67–69], but neither identifies ROIs. Visual 
analysis frameworks such as Napari, Viv, Loom, Vitessce, and Voreen 
instead support interactive exploration [70–75], but are often weakly 
integrated with computational model outputs, limiting biological val-
idation and predominantly optimized for 2D workflows with limited 
3D interactivity. ConGAT integrates interactive visualization and ex-
ploration tools to facilitate efficient identification of biomarker-specific 
ROIs in large-scale multiplexed 3D tissue images.

3. Methods

Pathology and cancer-biology experts typically reason about ROIs 
by jointly considering marker co-expression, signal intensity, and spa-
tial proximity [5,18,76]. ConGAT operationalizes this workflow
through a self-supervised graph model coupled with a visual analyt-
ics system, illustrated in Fig.  1. A 3D spatial graph (Section 3.3) is 
encoded by a graph attention model (Section 3.4), refined through 
self-supervised training (Section 3.5), and used to score and extract 
candidate ROIs (Section 3.6). These candidates are then visualized 
within the tissue volume through an interactive interface (Section 3.7), 
enabling experts to explore, compare, and validate the detected regions.

3.1. Design process and domain requirements

ConGAT was developed in collaboration with an interdisciplinary 
team of domain experts from medical center, including clinicians and 
researchers with expertise in oncology, cancer biology, and cell biology, 
together with visual computing researchers. The team was initially 
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formed in response to the Bio + Med + Vis Challenge at IEEE VIS 
2025, which called for computational and visualization approaches to 
support domain experts in exploring large-scale multiplex microscopy 
data. Following the competition feedback and recognition received, 
the team continued to iteratively consult on data analysis challenges, 
discuss biological questions, review intermediate prototypes, and refine 
both computational and visualization requirements. We followed an 
Activity-Centered Design (ACD) process [77], an analytical workflow 
proven effective in scientific, interdisciplinary contexts.

The ACD process identified two high-level scientific activities. The 
first activity is tissue-microenvironment analysis: experts need to un-
derstand how selected protein biomarkers are spatially organized across 
tumor, immune, and stromal regions. The second activity is local ROI 
validation: after candidate regions are found, experts need to inspect 
the raw signal, compare biomarker distributions, and decide whether 
a candidate region is biologically plausible. It is important to note 
here that our expert collaborators were particularly familiar with the 
melanoma-in-situ (MIS) dataset (Section 3.2), which we later used in 
this study as part of our system evaluation. These activities led to the 
following task and design requirements.
 R1: Support biomarker-driven microenvironment specification
Experts begin their analysis by highlighting biological processes or 
cell populations of interest, such as T-cell organization, B-cell infil-
tration, inflammatory activity, oxidative stress, or tumor-associated 
regions. Marker choices can also be revised during exploration, either 
by starting from known microenvironment categories or by adding 
and removing individual biomarkers to test alternative interpretations. 
Thus, the analysis workflow must support both predefined biologi-
cally meaningful marker categories and flexible user-defined biomarker 
combinations. It must allow experts to revise the active marker set 
without changing the underlying data model or restarting the full 
visual-analysis workflow.
 R2: Identify biomarker interactions in local 3D neighborhoods
During discussions, it was revealed that biomarker interactions are not 
only confined to molecular contact but also occur in local tissue regions 
where selected marker-positive cells, tissue structures, or functional 
signals were spatially adjacent, co-enriched, overlapping, or organized 
in a way that suggested a tumor-immune, stromal, inflammatory, or 
stress-response microenvironment. Therefore, the computational work-
flow must represent this operational notion of interaction by consider-
ing biomarker intensity, co-localization, and physical proximity within 
local 3D neighborhoods.
 R3: Support validation, comparison, and iterative refinement
Following ROI identification, experts further inspect the raw biomarker 
channels by adjusting intensity ranges and compare candidate regions 
quantitatively to verify biological plausibility. Moreover, they also 
needed to record candidate locations and biomarker signatures so 
that promising regions could be revisited, compared across categories, 
or used in later analysis. Therefore, the workflow must make candi-
date ROIs visually inspectable and comparable. It must support linked 
access to raw signal, spatial context, marker-specific summaries, co-
localization evidence, and region-level quantitative signatures, while 
allowing experts to iteratively refine marker choices, thresholds, and 
candidate selections.

These requirements guided the design of ConGAT as an integrated 
computational and visual-analysis workflow that connects biomarker-
driven hypothesis specification, local 3D interaction modeling, and 
expert-guided validation within a single visual-analysis workflow. An 
expert first uses the visual interface to select a predefined microen-
vironment category or a custom set of biomarkers that defines the 
biological hypothesis under investigation (R1). The system then aggre-
gates the selected multichannel CycIF data into composite voxels, so 
that the analysis operates on local 3D tissue units rather than isolated 
native voxels (R2). ConGAT constructs a radius-based spatial graph 
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Fig. 2.  Melanoma-in-situ dataset structure. (A) multiplexed volume channels. 
(B) Pyramid resolution, halving 𝑥 and 𝑦 at each level.

over these composite voxels, connecting nearby tissue regions that fall 
within a biologically meaningful local neighborhood (R2). The graph 
attention encoder computes context-dependent node representations by 
weighting neighboring composite voxels according to their biomarker 
signals and spatial relationships. The ROI scoring stage ranks candi-
date regions by combining category-specific saliency, marker intensity, 
co-localization, and physical proximity, thereby operationalizing the 
expert notion of a candidate biomarker interaction region. The expert 
then reviews the ranked ROIs in the linked 3D interface, inspects the 
raw biomarker channels, adjusts intensity ranges and visual encod-
ings, compares candidate regions using quantitative summaries, and 
records promising ROI coordinates and biomarker signatures for further 
analysis (R3). In this way, ConGAT connects local 3D interaction mod-
eling and ROI volume visualization in a single iterative visual-analysis 
process.

3.2. Data

This study utilizes a melanoma-in-situ (MIS) dataset comprising 
patient-derived melanoma tissue imaged in its original spatial context, 
preserving the arrangement of tumor and immune cells. The data were 
collected via multiplexed immunofluorescence imaging (CycIF) [5], 
enabling detailed analysis of the biological microenvironment and 
immune–tumor interactions within the tissue. The imaging presents 
the tissue as spatially aligned volumetric channels, each representing 
a specific biomarker (protein), revealing its spatial distribution and 
intensity at the single-cell level. The dataset features a large 3D vol-
ume measuring 194 × 5508 × 10,908 voxels (3D pixels), with a voxel 
resolution of approximately 0.1–0.3 μm [78]. It includes approximately 
70 biomarker channels totaling approximately 1.6 TB, hosted on AWS 
S3, with scalable pyramid storage and access at different resolutions 
(Fig.  2). The multi-resolution pyramid supports scalability and a shared 
enabling mechanism that lets the same volume serve interactive render-
ing and graph construction at a tractable scale. The front-end streams 
the resolution level appropriate to the current zoom, so the 1.6 TB 
volume can be rendered interactively (R3), while the back-end operates 
on a downsampled pyramid level whose resolution is matched to 
the composite-voxel scale, bounding the number of graph nodes and 
keeping training and inference tractable.

Moreover, these volumes enable the identification and characteri-
zation of tissue microenvironments and treatment-related processes [5,
78,79]. Biology-specific microenvironments, such as T-cell maturation, 
inflammatory zones, regulation of oxidative stress, and B-cell infiltra-
tion, are defined based on biomarker expression and spatial proximity. 
Based on observations and expert knowledge gathered during the ACD 
workflow, we curated a set of microenvironment categories as Con-
GAT presets to support category-aware modeling and interpretation 
4 
Fig. 3. Composite voxel generation and graph node encoding from spatial, 
biomarker, and microenvironment features.

of spatial patterns (R1). The associated biomarkers are provided in 
the Microenvironment Categories Table in the Supplementary Material. 
Experts can further define and add arbitrary biomarker combinations 
during exploratory analysis.

3.3. Spatial graph construction

In the clinical workflow, experts identify neighboring tissue regions 
that jointly express selected biomarkers within a 3D microenvironment, 
motivating a graph representation where biological evidence is inher-
ently local and spatial. The CycIF input is represented as a tensor 
 ∈ R𝑇×𝐶×𝑋×𝑌 ×𝑍 , where 𝑇  is time, 𝐶 is the number of biomarker 
channels, and 𝑋, 𝑌 ,𝑍 are spatial dimensions. Since this study analyzes 
a single time point, we operate on the multichannel volume 𝑡(𝑐, 𝑥, 𝑦, 𝑧).

A dense native voxel grid is computationally impractical and too 
noisy for tissue-scale reasoning. Therefore, the volume is partitioned 
into non-overlapping composite voxels  = {𝑆1,… , 𝑆𝑚}, where each 
𝑆𝑖 is an 𝑛 × 𝑛 × 𝑛 block of native voxels with centroid 𝒙𝑖 = (𝑥𝑖, 𝑦𝑖, 𝑧𝑖) ∈
R3. Let 𝑀𝑘 ⊆ {1,… , 𝐶} denote the biomarker channels selected for 
microenvironment category 𝑘. Intensities within 𝑆𝑖 are averaged after 
channel-wise normalization, yielding 𝑰 (𝑘)

𝑖 ∈ R|𝑀𝑘|. The node feature 
vector is then: 
𝒇 𝑖 = [𝒙̃𝑖 ‖ 𝑰

(𝑘)
𝑖 ‖ 𝒄𝑘], (1)

where 𝒙̃𝑖 is the normalized centroid, 𝒄𝑘 is the category encoding, and 
∥ denotes concatenation (Fig.  3).

The spatial graph  = ( , ) is defined over the composite voxels, 
where each node 𝑣𝑖 ∈  corresponds to 𝑆𝑖 with feature 𝒇 𝑖 and 
represent edge between nodes. Two nodes are connected when their 
physical distance falls within interaction radius 𝑟: 
 = {(𝑣𝑖, 𝑣𝑗 ) ∶ 𝑖 ≠ 𝑗, 𝑑𝑖𝑗 ≤ 𝑟}, 𝑑𝑖𝑗 =

‖

‖

‖

𝑫(𝒙𝑖 − 𝒙𝑗 )
‖

‖

‖2
(2)

where 𝑫 = diag(𝛥𝑥, 𝛥𝑦, 𝛥𝑧) accounts for anisotropic voxel spacing. 
The radius 𝑟 is chosen to reflect biologically meaningful local tissue 
neighborhoods on the order of a few μm [5,76], allowing ConGAT to 
model biomarker co-localization and spatial proximity over 3D tissue 
units rather than isolated native voxels. For each edge, a bounded 
inverse-distance coefficient is computed: 

𝑤𝑖𝑗 =
1

1 + 𝑑𝑖𝑗∕𝑟
(3)

where the +1 term avoids division by zero and stabilizes weighting for 
interactions within composite voxels that may contain multiple cells. 
This coefficient is carried forward into the downstream ROI interaction 
scoring (Eq. (13)).

3.4. Graph attention encoding

Given the spatial graph  = ( , ) constructed from composite 
voxels, a shared graph attention network (GAT) learns node repre-
sentations that capture spatial context beyond individual voxels. The 
attention mechanism adaptively weights neighboring composite voxels 
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based on feature compatibility, enabling the identification of hetero-
geneous microenvironmental interactions that are not captured by 
regular grid-based image analysis. Following the original GAT formula-
tion [29], for attention head ℎ, node features are first linearly projected 
as 
𝒉(ℎ)𝑖 = 𝑾 (ℎ)𝒇 𝑖, (4)

where 𝑾 (ℎ) is a learnable projection matrix and 𝒇 𝑖 is the input feature 
vector of node 𝑣𝑖 (Eq. (1)). For each edge (𝑣𝑖, 𝑣𝑗 ) ∈  , the attention logit 
is 
𝑒(ℎ)𝑖𝑗 = LeakyReLU

(

𝒂(ℎ)⊤
[

𝒉(ℎ)𝑖 ∥𝒉(ℎ)𝑗

])

, (5)

where 𝒂(ℎ) is a learnable attention vector and ∥ denotes feature concate-
nation. The spatial graph structure restricts attention to local 3D tissue 
neighborhoods, while the inverse-distance coefficient 𝑤𝑖𝑗 from Eq. (3) 
is retained for the downstream ROI interaction score rather than used 
inside the attention logit.

Attention coefficients are obtained via softmax normalization over 
the spatial neighborhood 𝑖 of node 𝑣𝑖: 

𝛼(ℎ)𝑖𝑗 =
exp(𝑒(ℎ)𝑖𝑗 )

∑

𝓁∈𝑖
exp(𝑒(ℎ)𝑖𝓁 )

. (6)

The head-specific embedding of node 𝑣𝑖 is obtained by aggregating the 
transformed features of its neighbors: 

𝒛(ℎ)𝑖 = 𝜎
⎛

⎜

⎜

⎝

∑

𝑗∈𝑖

𝛼(ℎ)𝑖𝑗 𝒉(ℎ)𝑗

⎞

⎟

⎟

⎠

, (7)

where 𝜎(⋅) denotes the ELU nonlinearity. Outputs from multiple atten-
tion heads are concatenated or averaged [29] to yield the final node 
embedding 𝒛𝑖, representing the local biomarker composition, intensity 
context, and spatial neighborhood of composite voxel 𝑆𝑖. Architecture 
details (3 GAT layers, 32 hidden channels, 4 attention heads in the first 
two layers) are provided in the Supplementary Material.

To obtain interpretable microenvironment-specific relevance scores, 
ConGAT maps each node embedding to a scalar saliency value via a 
category-specific projection. For microenvironment category or user-
selected biomarker set 𝑘, the saliency score is 
𝑠(𝑘)𝑖 = 𝜎

(

𝒘⊤
𝑘 𝒛𝑖

)

, (8)

where 𝒘𝑘 ∈ R𝐹 ′  is the learnable category-specific projection vector, 
𝐹 ′ is the embedding dimension, and 𝜎(⋅) here denotes the sigmoid 
function. The resulting score 𝑠(𝑘)𝑖 ∈ [0, 1] quantifies the relevance 
of composite voxel 𝑆𝑖 to category 𝑘, yielding category-aware spatial 
saliency maps for downstream ROI scoring and region extraction. Ad-
ditional Implementation details are provided in the Supplementary 
Material.

3.5. Self-supervised graph encoder training

The GAT encoder is trained to learn node embeddings that are 
robust to missing or weak biomarker signal while preserving local 3D 
tissue organization, without manual ROI annotations. A single shared 
encoder is trained on subgraphs sampled from the neighborhood 𝑖
of each node 𝑣𝑖, restricted to an interaction radius 𝑟 < 5 μm [5,76], 
keeping subgraphs small enough for GPU training while preserving 
local microenvironment context.

For each sampled subgraph, two stochastic augmented views (1)
and (2) are generated via three perturbations: node-feature mask-
ing (removing all biomarker features for a random subset of nodes), 
biomarker-channel masking (removing selected channels within nodes),
and edge dropping (removing a fraction of spatial edges). In our 
experiments, 10% of node features and biomarker channels are masked, 
and edges are dropped with probability 0.1. Both views are passed 
through the same encoder: 
𝒛(1) = GAT((1)) , 𝒛(2) = GAT((2)) , (9)
𝑖 𝑖 𝑖 𝑖

5 
where 𝒛(1)𝑖  and 𝒛(2)𝑖  are the embeddings of node 𝑣𝑖 under the two aug-
mented views. Training jointly minimizes three complementary losses, 
described below.
Contrastive consistency . encourages the same composite voxel to 
have similar embeddings across augmented views while distinguishing 
it from other nodes in the minibatch. For node 𝑖 and temperature 𝜏, 

contrast = − log
exp

(

sim
(

𝒛(1)𝑖 , 𝒛(2)𝑖

)

∕𝜏
)

∑

𝒛𝑗∈ exp
(

sim
(

𝒛(1)𝑖 , 𝒛(2)𝑗

)

∕𝜏
) , (10)

where sim(⋅, ⋅) is cosine similarity and  is the set of node embeddings 
in the sampled subgraph (the training minibatch).
Masked biomarker reconstruction. prevents the encoder from rely-
ing on a single strong marker and improves robustness to incom-
plete biomarker data. A lightweight decoder reconstructs the masked 
biomarker features 𝒇mask𝑖  from the node embedding and its neighbor-
hood context, producing reconstruction 𝒇̂mask𝑖 : 

mask =
‖

‖

‖

‖

𝒇mask𝑖 − 𝒇̂mask𝑖
‖

‖

‖

‖

2
. (11)

Spatial distance regularization. prevents nearby composite voxels 
from being mapped to arbitrarily distant latent positions, by aligning 
embedding differences with physical distances over local graph edges: 

dist =
1

||
∑

(𝑖,𝑗)∈

(

‖𝒛𝑖 − 𝒛𝑗‖2 − 𝛼𝑑𝑖𝑗
)2 , (12)

where  contains the edges in the minibatch subgraphs, 𝑑𝑖𝑗 is the 
anisotropic physical distance (Eq. (2)), and 𝛼 is a learnable scale 
relating physical and embedding distances.
Training objective. The GAT encoder is trained by jointly minimizing 
contrast, mask, and dist. The saliency projection 𝒘𝑘 (Eq. (8)) is trained 
separately once category-specific supervision becomes available.

3.6. Scoring and region extraction

The trained GAT encoder is applied to the full spatial graph to 
generate node-level saliency scores 𝑠(𝑘)𝑖  for each composite voxel 𝑖 and 
microenvironment category 𝑘 (Eq. (8)). These scores quantify the bio-
logical relevance of each voxel to category 𝑘 but do not, by themselves, 
capture the strength of physical spatial interactions between neighbor-
ing voxels. To identify strong microenvironmental interactions, saliency 
is combined with biomarker intensity and spatial proximity into a 
pairwise interaction score.

Pairwise interaction score. For each neighboring pair (𝑣𝑖, 𝑣𝑗 ) with 
𝑗 ∈ 𝑖, the interaction score for category 𝑘 combines saliency, 
biomarker intensity, and spatial proximity: 
𝐼 (𝑘)𝑖𝑗 = 𝑠(𝑘)𝑖 𝑠(𝑘)𝑗 𝑖(𝑘)𝑖 𝑖(𝑘)𝑗 𝑤𝑖𝑗 , 𝑗 ∈ 𝑖, (13)

where 𝑠(𝑘)𝑖  and 𝑠(𝑘)𝑗  are the saliency scores of composite voxels 𝑖 and 
𝑗 for category 𝑘; 𝑖(𝑘)𝑖  and 𝑖(𝑘)𝑗  are the corresponding mean biomarker 
intensities; 𝑤𝑖𝑗 is the spatial edge weight (Eq. (3)); and 𝑖 is the set of 
neighboring composite voxels of node 𝑣𝑖.

Node-level interaction score. Each node is assigned a scalar score 
by taking the maximum pairwise interaction over its spatial neighbor-
hood: 
Score(𝑘)(𝑖) = max

𝑗∈𝑖 , 𝑗≠𝑖
𝐼 (𝑘)𝑖𝑗 , (14)

representing the strongest biologically meaningful interaction within 
voxel 𝑖’s local neighborhood. Composite voxels are ranked in descend-
ing order by Score(𝑘)(𝑖), and a user-selected threshold (default: top 5%) 
selects the highest-scoring voxels as candidate high-interaction sites for 
region extraction.
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Fig. 4. Interactive visual analytics dashboard for exploring multiplexed 3D microscopy data, detected ROIs, and model explanations. (A) Control panel for 
biomarker filtering and category selection. (B) Interactive view explores tissue structures and model-detected ROIs in spatial context. (C) Local view inspects 
selected regions. (D) Quantitative analysis compares voxels, shows biomarker co-expression heatmaps, and regional distributions. (E) ROI statistics rank detections 
and indicate their saliency.
3.7. ConGAT visualization interface

Fig.  4 presents the ConGAT visualization interface, which follows 
a coordinated multi-view design supporting biomarker channel ex-
ploration, local inspection, quantitative analysis, and model-guided 
interpretation. Our design leverages scaffolding from visual encodings 
that are already familiar to the users [80–82]. User interaction and 
analytical settings are synchronized across all views to maintain a 
consistent exploration context.

The control panel (Fig.  4.A) is the entry point for analysis config-
uration, where users select biomarkers or expert-predefined categories, 
adjust intensity thresholds, and specify visualization settings; these 
configurations propagate throughout the interface and define the con-
text for subsequent analysis. The interactive view (Fig.  4.B) provides 
the primary environment for exploring tissue volumes in 3D, allowing 
users to navigate, rotate, and zoom the data to examine the spatial 
organization of biomarker expression while maintaining global context. 
The high-resolution view (Fig.  4.C) supports detailed inspection of se-
lected regions by providing a higher-resolution, localized view of tissue 
structure in the pyramid dataset, enabling close examination of spatial 
patterns and biomarker co-localization. The comparison combines the 
high-resolution view (Fig.  4.C) with the quantitative analysis module
(Fig.  4.D), which links spatial selections to quantitative summaries, 
including voxel distributions, co-localization heatmaps, and intensity 
profiles, to facilitate comparison and characterization of tissue microen-
vironments. The ROI analysis view (Fig.  4.E) presents model-detected 
coordinates organized into predefined biological categories; selected 
regions can be overlaid on the interactive view, enabling direct compar-
ison between computational findings and the underlying tissue context 
to help users investigate and validate model-identified regions.

Since the large number of available biomarkers means predefined 
categories cannot encompass all biologically meaningful marker com-
binations, the system also allows users to define custom biomarker 
combinations and retrieve the corresponding ROI coordinates through 
the back-end model interface. These results are integrated across all 
views, supporting flexible exploration of user-defined categories within 
an analytical workflow.
6 
4. Evaluation and results

When ground truth annotations are difficult or impossible to obtain, 
it is common to use synthetic data for quantitative evaluation and 
real-world data for qualitative or indirect evaluation, for example, 
measuring 2D projection errors for a 3D task [83–86]. Accordingly, 
we evaluate ConGAT in two complementary ways. First, using a set 
of synthetic 3D datasets, we evaluate localization accuracy under con-
trolled 3D ground truth, where the true interaction masks are known. 
Second, using a real clinical dataset, we evaluate whether our model-
ranked candidate ROIs are spatially consistent with expert-selected 
regions and whether the interface supports biological review. Given the 
lack of real 3D ROI ground truth, we interpret and discuss the results 
as evidence of expert concordance and plausibility. We additionally 
provide an ablation study on synthetic 2D data in the Supplementary 
Materials, examining how individual factors (intensity, proximity, and 
intersection) affect ROI detection.

4.1. Performance analysis on synthetic ground truth data

Experimental setup. In our experiments, we used an 80/20 train-test 
split with 100 epochs of self-supervised training. The Adam optimizer 
used a learning rate of 0.01, contrastive temperature 𝜏 = 0.1, and 
batch size 32. The GAT encoder had three layers with 32 hidden 
channels, and the first two layers used four attention heads. Local 
subgraphs were constructed from radius-based spatial neighborhoods. 
We report performance using IoU (threshold 0.5), F1, mean error 
(ME), standard deviation (Std), and anisotropic distance (AD). AD is 
used because the volume is anisotropic, with lower resolution along 𝑍
than in the 𝑋–𝑌  plane. All models were implemented in Python 3.12 
using GPU-accelerated PyTorch on a Windows 11 workstation with an 
Intel® Core™ Ultra 9 185H processor, 24 GB DDR5 memory, and GPU 
acceleration for training and inference. Each synthetic configuration 
took approximately 10 min for both training and evaluation, while the 
clinical volume took approximately 20 min.
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Fig. 5. Synthetic 3D spatial datasets designed to capture proximity-, intensity-, and interaction-based patterns, with colored lines, sinusoids, and circles as 
interacting features, where the feature points are distributed. Black markers indicate the ground-truth. The last dataset (bottom right) is a composite of the circles 
and sinusoids datasets, and provides a more complex test case.
 

Synthetic ground-truth volumes. Since manually annotated 3D multi-
plexed microscopy ground truth is limited and variable, we constructed 
synthetic 3D volumes with known interaction masks. The purpose of 
these volumes was to evaluate whether ConGAT can localize spatial 
intersections and proximity patterns under controlled geometry, albeit 
with the limitation that it does not fully reproduce the biological 
heterogeneity of real tissues. Based on observed structural complexities 
and variations, validated by domain experts, we generated six texture 
families that visually resemble the volumetric appearances observed in 
skin lesions, moles, and similar focal abnormalities, including layered, 
curved, and intersecting biomarker organizations. Each volume was 
evaluated under seven non-identity anisotropic scale configurations, 
yielding 42 volumes.

The six texture families include: (1) linear band structures, compris-
ing four sets of bands with slopes of 0, 1, and −1, as well as vertical 
orientations in the 𝑥–𝑦 plane, producing well-defined intersections; 
(2) concentric, ring-like bands with similar radii and uniform widths, 
but differing center locations, resembling Olympic rings; (3) sinusoidal 
band patterns defined by three frequencies and two amplitudes, includ-
ing their combinations, with higher frequencies and amplitudes being 
integer multiples of the lowest; (4) a hybrid pattern that combines 
three parallel linear-band channels with two oppositely oriented curved 
channels, overlaid with two additional cloud-like random channels; (5) 
oval-shaped tubular bands sharing a common center but differing in 
radius, supplemented by two randomly distributed cloud-like channels 
with radii comparable to the band widths and randomly varying cen-
ters and densities;  and (6) a composite Olympic-ring and sinusoidal 
pattern designed to provide a more complex test case. The textures are 
illustrated in Fig.  5, respectively.

The synthetic volumes match the composite-voxel scale of the real 
data, approximately 12 × 344 × 681 composite voxels (Section 3.2), 
and contain four biomarker-like channels. Intensities are sampled in 
[0, 1], and channels are generated as band-based structures with fixed 
width, producing one to four known intersection regions depending 
on the texture family. To test robustness against anisotropic geometric 
variation, all combinations of scaling factors 1, 2 are applied indepen-
dently along the x-, y-, and z-axes, with at least one axis scaled by a 
factor of 2.
Performance evaluation. Predictions and ground truth are represented
as 3D voxel masks at the composite-voxel scale. IoU measures mask 
overlap, and the F1 score balances precision and recall for interaction-
rich region detection. Fig.  6 reports F1 and IoU across texture families, 
scale configurations, and composite-voxel resolutions. Across the tested 
textures, ConGAT performs consistently at 8 × 8 × 8 and 16 × 16 × 16 
resolutions.  The results also show acceptable performance on both 
stylized textures and more complex hybrid texture combinations, in-
dicating robustness across patterns with different levels of structural 
7 
Fig. 6. F1-score and IoU evaluated across synthetic texture patterns, varying 
anisotropic scaling factors along the x-, y-, and z-axes, and different composite 
voxel resolutions.

regularity. The 8 × 8 × 8 setting can preserve slightly finer structure 
but increases the number of graph nodes and computational cost. The 
32 × 32 × 32 setting underperforms because over-aggregation merges 
nearby interaction sites and removes fine spatial structure. Overall, 
16 × 16 × 16 provides the best accuracy–efficiency trade-off for the 
present datasets.

4.2. Performance analysis on a real clinical dataset

Nine domain experts participated in the data evaluation, includ-
ing six computer science researchers from the University of [X] with 
varying levels of biomedical visualization experience, and three cancer 
biology researchers from Medical University [Y]. The biological validity 
was assessed by three cancer biology researchers. While one evaluator 
was our domain science collaborator, who contributed domain exper-
tise during system development, the remaining two evaluators were 
independent and not involved in the development of ConGAT.

The evaluation was designed to measure spatial agreement between 
expert-selected candidate ROIs and model-ranked candidate ROIs. Ex-
perts first received a tutorial on interpreting volume using visual cues, 
then inspected the tissue volume and selected five ROIs they considered 
interesting for each queried microenvironment. ConGAT detections 
were generated independently from the same biomarker context. For 
each microenvironment category, we compared expert-selected ROIs 
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Fig. 7. 2D projection of 3D ROIs detected by human experts and ConGAT in 
the Inflammatory zone.

Fig. 8. Agreement between expert-selected ROIs and ConGAT detections 
across four microenvironment categories (Y axis) for each expert (X axis), 
measured as the mean and standard deviation of the anisotropic distance (in 
voxels) from each expert ROI to its nearest ConGAT model detection.

with the five highest-scoring ConGAT ROIs using nearest-neighbor 
anisotropic distance.

Expert validation was conducted across four predefined microenvi-
ronment categories (listed in the Supplementary Material). For each 
category, experts selected the five most interesting ROIs based on 
signal intensity, biomarker co-localization, and spatial proximity pat-
terns, and the selected coordinates were compared with the top-ranked 
coordinates detected by ConGAT. Fig.  7 shows a representative ex-
ample from the Inflammatory Zone, where colored markers denote 
expert-selected ROIs and black markers indicate ConGAT detections, 
demonstrating strong visual agreement between expert selections and 
model predictions.

To quantify this agreement, Fig.  8 reports the average minimum 
anisotropic distance from expert-selected ROIs to the nearest ConGAT-
detected ROI. The plotted values represent the mean distance, with the 
corresponding standard deviation computed across all expert-selected 
coordinates for each microenvironment. Lower distances indicate
smaller localization discrepancies and stronger spatial agreement be-
tween expert-selected and model-detected ROIs.  The consistently low 
distances across all categories demonstrate that ConGAT identifies 
correctly those regions consistently selected by human experts. This 
indicates that ConGAT captures the key spatial patterns used by experts 
and appropriately prioritizes candidate ROIs for further investigation.
8 
Fig. 9. ConGAT visualization interface for T-cell marker analysis (CD4: blue, 
CD3E: purple, CD8A: orange, CD31: red). (A) Selected channels with ConGAT 
ROI overlay and user-defined comparison region. (B) High-resolution view of 
the selected region for detailed inspection. (C) Quantitative comparison across 
selected regions: (I) voxel counts per channel, (II) channel co-occurrence, (III) 
channel intensity distributions.

4.2.1. Case study: Microenvironment investigation
To complement the quantitative evaluation, we conducted two 

expert-driven case studies to assess how ConGAT supports real-world 
biological discovery workflows. The first case study examined whether 
model-prioritized ROIs corresponded to biologically meaningful mi-
croenvironments identified through expert analysis, while the second 
investigated the degree of agreement between expert-selected regions 
and ConGAT detections when experts explored the data independently 
of model guidance.
Case study 1: T-cell microenvironment analysis. The expert first ac-
tivated key T-cell biomarkers, including CD4, CD31, CD3E, and CD8A, 
and visualized their spatial distribution across the tissue. Next, they 
enabled the model overlay to inspect the automatically detected T-
cell ROIs (Fig.  9(A)). To further examine the model output, the expert 
selected several candidate regions and compared them using bar charts, 
co-localization heatmaps, and violin plots, assessing marker expression 
levels, spatial interaction patterns, and intensity distributions (Fig. 
9(B)).

Based on this comparative analysis, the expert selected a represen-
tative ROI for detailed inspection. Finally, they explored the selected 
region using a high-resolution, interactive 3D panel (Fig.  9(C)) to evalu-
ate local spatial organization and marker co-localization. This stepwise 
analysis identified regions with T-cell clustering and potential cellular 
interactions, demonstrating the model’s ability to detect biologically 
meaningful microenvironments.

Next, the experts filtered the range and color channels to get more 
insights, then enabled the ConGAT model overlay and select one of 
them to detail investigation (Fig.  10(A)), then explore the detected 
regions by filtering, zooming, and rotating the view (Fig.  10(B), (C), 
(D)) to check different aspects of interaction. Following their standard 
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Fig. 10. Case study of expert analysis of a ConGAT-detected T-cell ROI. (A) 
Detected ROI overlaid on the tissue volume. (B) Visualization of selected 
biomarkers, including CD8A (green), CD3E (purple), and CD31 (red). (C) 
Close-up inspection of local spatial organization and co-localization. (D) Ro-
tated 3D view exposing additional spatial relationships within the ROI.

Fig. 11. Case study of a B-cell-rich ROI. (A) User-selected region for analysis. 
(B) Biomarker channel filtering to reduce occlusion. (C) Zoomed view of local 
biomarker co-localization. (D) Alternate 3D view revealing additional spatial 
relationships. Biomarkers are colored as CD19 (cyan), CD20 (purple), CD38 
(orange), and Catalase (red).

analysis workflow, the experts confirmed that the highlighted region 
was biologically meaningful. This agreement with the model-prioritized 
ROI suggests that ConGAT can effectively identify biologically relevant 
regions for further investigation.
Case study 2: B-cell microenvironment analysis. In this case study, 
the expert first explored the tissue volume without model guidance by 
activating the CD19, CD20, and CD38 biomarker channels and exam-
ining their spatial proximity and co-localization patterns (Fig.  11(A, 
B)). After identifying a candidate B-cell-rich region and investigating it 
using high-resolution and interactive 3D visualizations (Fig.  11(C,D)), 
the expert enabled the ConGAT ROI overlay and found that the same 
region had been detected by the model. The expert subsequently agreed 
with the model’s assessment, demonstrating strong agreement between 
expert-driven exploration and ConGAT-guided ROI prioritization.

5. Discussion and conclusion

ConGAT addresses the practical problem of finding candidate 3D 
ROIs in large multiplexed microscopy volumes without requiring voxel-
level ROI annotations. The main technical contribution is the integra-
tion of a composite-voxel spatial graph network, self-supervised graph 
attention, and category-aware ROI scoring for arbitrary biomarker 
contexts. The graph representation preserves local 3D tissue neigh-
borhoods, the attention mechanism learns context-dependent neigh-
bor weights, and the scoring function combines learned saliency with 
marker intensity and physical proximity. Together, these components 
9 
produce ranked candidate regions that experts can inspect, rather than 
treating the model as an autonomous biological decision-maker.

The evaluation provides complementary evidence. Synthetic ex-
periments show that ConGAT can localize known 2D-3D interaction 
masks across different texture families. Using real clinical data shows 
that high-ranked ConGAT ROIs are spatially close to expert-selected 
candidate ROIs across multiple microenvironment categories. Experts 
provided strong positive feedback on both the interface and the model-
driven ROI detection. They emphasized that the interactive visualiza-
tion significantly reduced the effort required to identify and verify 
spatial co-localization patterns, noting that such analysis would be 
‘‘time-consuming and difficult to perform manually on raw images.’’ 
The ability to seamlessly explore biomarker channels, adjust visual 
parameters, and transition from overview to detailed 3D inspection 
was highlighted as particularly effective for validating candidate inter-
action regions. Additionally, the automatic ROI detection was highly 
valuable, consistently identifying biologically meaningful regions that 
aligned with expert-driven observations, thereby accelerating analysis 
and supporting hypothesis generation.
Limitations and future work. Our ConGAT results should be inter-
preted with appropriate biological caution. ConGAT detects candidate 
spatial associations among selected biomarker signals and does not 
establish physical protein interactions, causal mechanisms, clinical rele-
vance, or treatment responses. Co-localization and proximity are useful 
evidence for hypothesis generation, but downstream biological val-
idation is required. Similarly, the synthetic data provide controlled 
ground truth for algorithmic localization, but they cannot reproduce 
the full heterogeneity, staining variability, cellular morphology, and 
ambiguous boundaries of real tissue microenvironments. While the real 
clinical data evaluation mitigates this limitation through expert review, 
including independent cancer-biology evaluators, it remains limited by 
the number of specimens, the selection of experts, and the number of 
microenvironment categories.

In terms of the ConGAT technique, the current approach remains 
computationally intensive, sensitive to sparse marker expression, and 
dependent on selected hyperparameters, including composite voxel 
size, graph radius, and ROI threshold. The method also depends on 
expert-curated biomarker categories or user-selected marker sets, and 
performance may vary for tissues or marker panels that differ substan-
tially from the melanoma-in-situ data used here. Future work could 
create larger independently annotated biological datasets for valida-
tion, and incorporate weak supervision as partial expert labels be-
come available. Additional work should also improve scalability, sup-
port cross-dataset transfer, and extend the interface to guide concrete 
walkthroughs of use cases in the supplementary material. In conclu-
sion, ConGAT provides an annotation-free framework for candidate 3D 
ROI discovery in multiplexed microscopy by combining self-supervised 
graph attention, spatially grounded ROI scoring, and interactive visual 
validation. By keeping experts in the loop and presenting outputs 
as candidate spatial biomarker associations, the system supports in-
terpretable exploration of complex tissue microenvironments while 
avoiding overclaims about biological mechanism.

CRediT authorship contribution statement

Hossein Fathollahian: Writing – review & editing, Writing – 
original draft, Visualization, Software, Methodology, Formal analysis, 
Conceptualization. Siyuan Zhao: Writing – review & editing, Writing 
– original draft, Visualization, Software, Formal analysis. Nafiul 
Nipu: Writing – original draft, Visualization, Software, Formal 
analysis. Marziye Salahshour: Validation, Methodology, Conceptual-
ization. Lei Duan: Validation, Methodology, Conceptualization. Wei 
Tang: Writing – review & editing, Validation, Methodology. Saeed 
Boorboor: Writing – review & editing, Writing – original draft, 
Visualization, Methodology, Formal analysis. G. Elisabeta Marai: 
Writing – review & editing, Writing – original draft, Visualization, 
Validation, Supervision, Methodology, Funding acquisition, Formal 
analysis.



H. Fathollahian et al. Computers & Graphics 139 (2026) 104728 
Declaration of competing interest

The authors declare that they have no known competing financial 
interests or personal relationships that could have influenced the 
work reported in this paper.

Acknowledgments

This work is supported by funds from the NIH NCI 
R01CA258827, NIH UG3 TR004501, Research Infrastructure: MRI: 
Track 2 Acquisition of Data Observation and Computation 
Collaboratory (DOCC) - NSF CNS-2320261, and the UIC Institute 
for Health Data Science Research. We thank the members of 
the UIC Electronic Visualization Laboratory for their constructive 
feedback and the BioMedVis Challenge organizers for providing the 
motivation for this project.

Appendix A. Supplementary data

Supplementary material related to this article can be found online 
at https://doi.org/10.1016/j.cag.2026.104728.

Data availability

Data will be made available on request.

References

[1] Robb MA, McInnes PM, Califf RM. Biomarkers and surrogate endpoints: 
developing common terminology and definitions. Jama 2016;315(11):1107–8.

[2] Gonçalves I, Guimarães M, Van Zeller M, Menezes F, Moita J, Simão P, na Doença 
Pulmonar Obstrutiva Crónica GD-Gd. Clinical and molecular markers in COPD. 
Pulmonology 2018;24(4):250–9.

[3] García-Gutiérrez MS, Navarrete F, Sala F, Gasparyan A, Austrich-Olivares A, 
Manzanares J. Biomarkers in psychiatry: concept, definition, types and relevance 
to the clinical reality. Front Psychiatry 2020;11:432.

[4] Lin J-R, Fallahi-Sichani M, Chen J-Y, Sorger PK. Cyclic immunofluorescence 
(CycIF), a highly multiplexed method for single-cell imaging. Curr Protoc Chem 
Biol 2016;8(4):251–64.

[5] Nirmal AJ, Maliga Z, Vallius T, Quattrochi B, Chen AA, Jacobson CA, Pelletier RJ, 
Yapp C, Arias-Camison R, Chen Y-A, et al. The spatial landscape of progression 
and immunoediting in primary melanoma at single-cell resolution. Cancer Discov 
2022;12(6):1518–41.

[6] Pantanowitz L, et al. Digital pathology: A primer for pathologists. Arch Pathol 
Lab Med 2018;142(7):843–55.

[7] Jackson HW, Fischer JR, Zanotelli VR, Ali HR, Mechera R, Soysal SD, Moch H, 
Muenst S, Varga Z, Weber WP, et al. The single-cell pathology landscape of 
breast cancer. Nature 2020;578(7796):615–20.

[8] Jessup J, Krueger R, Warchol S, Hoffer J, Muhlich J, Ritch CC, Gaglia G, Coy S, 
Chen Y-A, Lin J-R, et al. Scope2screen: Focus+ context techniques for pathology 
tumor assessment in multivariate image data. IEEE Trans Vis Comput Graphics 
2021;28(1):259–69.

[9] Litjens G, Kooi T, Bejnordi BE, Setio AAA, Ciompi F, Ghafoorian M, Van 
Der Laak JA, Van Ginneken B, Sánchez CI. A survey on deep learning in medical 
image analysis. Med Image Anal 2017;42:60–88.

[10] Andreou C, Weissleder R, Kircher MF. Multiplexed imaging in oncology. Nat 
Biomed Eng 2022;6(5):527–40.

[11] Zidane M, Makky A, Bruhns M, Rochwarger A, Babaei S, Claassen M, 
Schürch CM. A review on deep learning applications in highly multiplexed tissue 
imaging data analysis. Front Bioinform 2023;3:1159381.

[12] Mansour A, Pourhassan S, Gerami H, Mohajeri-Tehrani MR, et al. Regional 
fat distribution and hepatic fibrosis and steatosis severity in patients with 
nonalcoholic fatty liver disease and type 2 diabetes. Obesity Science & Practice 
2024;10(4):e777.

[13] Hu J, Li X, Coleman K, Schroeder A, Ma N, Irwin DJ, Lee EB, Shinohara RT, Li M. 
SpaGCN: Integrating gene expression, spatial location and histology to identify 
spatial domains and spatially variable genes by graph convolutional network. 
Nature Methods 2021;18(11):1342–51.

[14] Nespolo R, Nahass GR, Faraji M, Yi D, Leiderman YI. Assessing vitreoretinal 
surgical training experience by leveraging instrument maneuvers and visual 
attention with deep learning neural networks. Investig Ophthalmol Vis Sci 
2024;65(7):900.
10 
[15] Schapiro D, Jackson HW, Raghuraman S, Fischer JR, Zanotelli VR, Schulz D, 
Giesen C, Catena R, Varga Z, Bodenmiller B. histoCAT: analysis of cell phe-
notypes and interactions in multiplex image cytometry data. Nature Methods 
2017;14(9):873–6.

[16] Warchol S, Krueger R, Nirmal AJ, Gaglia G, Jessup J, Ritch CC, Hoffer J, 
Muhlich J, Burger ML, Jacks T, et al. Visinity: visual spatial neighborhood 
analysis for multiplexed tissue imaging data. IEEE Trans Vis Comput Graphics 
2022;29(1):106–16.

[17] Mörth E, Sidak K, Maliga Z, Möller T, Gehlenborg N, Sorger P, Pfister H, Beyer J, 
Krüger R. Cell2cell: Explorative cell interaction analysis in multi-volumetric 
tissue data. IEEE Trans Vis Comput Graphics 2024;31(1):569–79.

[18] Schürch CM, Bhate SS, Barlow GL, Phillips DJ, Noti L, Zlobec I, Chu P, 
Black S, Demeter J, McIlwain DR, et al. Coordinated cellular neighborhoods 
orchestrate antitumoral immunity at the colorectal cancer invasive front. Cell 
2020;182(5):1341–59.

[19] Alotaibi NM, Alhothali AM, Ali MS. 3DViT-GAT: a unified atlas-based 3D 
vision transformer and graph learning framework for major depressive disorder 
detection using structural MRI data. Sci Rep 2026.

[20] Miao Y, Yi X, Guan N, Lu H. DGAT-net: Dynamic graph attention for 3D 
point cloud semantic segmentation. In: International conference on intelligent 
computing. Springer; 2024, p. 253–65.

[21] Guo H, Huang X, Bai Y, Gan H, Shi Y, et al. Brepgiff: Lightweight generation 
of complex b-rep with 3d gat diffusion. In: Proceedings of the computer vision 
and pattern recognition conference. 2025, p. 26587–96.

[22] Wang N, Wang R, Zhang X, Li X, Liang Y, Ding Z. Spatially-resolved proteomics 
and transcriptomics: An emerging digital spatial profiling approach for tumor 
microenvironment. 2021.

[23] Somarakis A, et al. ImaCytE: visual exploration of cellular micro-environments 
for imaging mass cytometry data. IEEE Trans Vis Comput Graphics 
2019;27(1):98–110.

[24] Le D, Kaplan DI, Trigos AS. 2D spatial tissue analysis often misrepresents true 
biological patterns of 3D tissues. BioRxiv 2026. 2026-2001.

[25] Jing S-y, Wang H-q, Lin P, Yuan J, Tang Z-x, Li H. Quantifying and interpreting 
biologically meaningful spatial signatures within tumor microenvironments. NPJ 
Precis Oncol 2025;9(1):68.

[26] Dunn KW, Kamocka MM, McDonald JH. A practical guide to evaluating 
colocalization in biological microscopy. Am J Physiol-Cell Physiol 2011.

[27] Adler J, Parmryd I. Colocalization analysis in fluorescence microscopy. In: Cell 
imaging techniques: methods and protocols. Springer; 2012, p. 97–109.

[28] Willems J, MacGillavry HD. A coordinate-based co-localization index to quantify 
and visualize spatial associations in single-molecule localization microscopy. Sci 
Rep 2022;12(1):4676.

[29] Velickovic P, et al. Graph attention networks. Stat 2017;1050(20):10–48550.
[30] Faraji M, Rashidisabet H, Nahass GR, Chan RP, Vajaranant TS, Yi D. Trends, 

challenges, and future directions in deep learning for glaucoma: A systematic 
review. 2024, arXiv:2411.05876 URL https://arxiv.org/abs/2411.05876.

[31] Jing L, Tian Y. Self-supervised visual feature learning with deep neural networks: 
A survey. IEEE Trans Pattern Anal Mach Intell 2020;43(11):4037–58.

[32] Mascolini A, Cardamone D, Ponzio F, Di Cataldo S, Ficarra E. Exploiting 
generative self-supervised learning for the assessment of biological images with 
lack of annotations. BMC Bioinformatics 2022;23(1):295.

[33] Zhao S, Anyimadu EA, Brumm ZG, Ma Y, Fuller CD, Zhang X, Marai GE, 
Canahuate G. Dysphagia risk stratification in head and neck cancer via Two-
Stage PRO-clinical stacking. 2026, arXiv:2607.22514 URL https://arxiv.org/abs/
2607.22514.

[34] Ozen Y, Aksoy S, Kösemehmetoğlu K, Önder S, Üner A. Self-supervised learning 
with graph neural networks for region of interest retrieval in histopathology. In: 
2020 25th international conference on pattern recognition. ICPR, IEEE; 2021, p. 
6329–34.

[35] Capar A, Ekinci DA, Ertano M, Niazi MKK, Balaban EB, Aloglu I, Dogan M, 
Su Z, Aker FV, Gurcan MN. An interpretable framework for inter-observer 
agreement measurements in TILs scoring on histopathological breast images: A 
proof-of-principle study. PLoS One 2024;19(12):e0314450.

[36] Bosma JS, Peeters D, Alves N, et al. Reproducibility of training deep learning 
models for medical image analysis. In: Medical imaging with deep learning. 
MIDL, 2024, p. 1269–87.

[37] Torkamani-Azar F, Imani H, et al. Video quality measurement based on 3-d. 
singular value decomposition. J Vis Commun Image Represent 2015;27:1–6.

[38] Tayebi S, Oti AS, et al. Mapping war trauma: A machine learning approach to 
predict mental health impacts in Ukraine. SSM-Population Health 2025;101879.

[39] Gligorijević V, Renfrew PD, Kosciolek T, Leman JK, Berenberg D, Vatanen T, 
Chandler C, Taylor BC, Fisk IM, Vlamakis H, et al. Structure-based pro-
tein function prediction using graph convolutional networks. Nat Commun 
2021;12(1):3168.

[40] Fathollahian H, Zhao S, Nipu N, Marai GE. Attention-based ROI discovery in 3D 
tissue images. 2025, arXiv preprint arXiv:2511.03751.

[41] Dong K, et al. STAGATE: Spatially aware graph attention auto-encoder for spatial 
transcriptomics. Nat Commun 2022;13(1):1–11.

[42] Qian J, Shao X, Bao H, Fang Y, Guo W, Li C, Li A, Hua H, Fan X. Identification 
and characterization of cell niches in tissue from spatial omics data at single-cell 
resolution. Nat Commun 2025;16(1):1693.

https://doi.org/10.1016/j.cag.2026.104728
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb1
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb1
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb1
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb2
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb2
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb2
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb2
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb2
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb3
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb3
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb3
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb3
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb3
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb4
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb4
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb4
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb4
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb4
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb5
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb5
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb5
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb5
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb5
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb5
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb5
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb6
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb6
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb6
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb7
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb7
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb7
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb7
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb7
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb8
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb8
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb8
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb8
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb8
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb8
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb8
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb9
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb9
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb9
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb9
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb9
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb10
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb10
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb10
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb11
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb11
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb11
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb11
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb11
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb12
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb12
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb12
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb12
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb12
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb12
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb12
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb13
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb13
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb13
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb13
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb13
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb13
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb13
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb14
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb14
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb14
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb14
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb14
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb14
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb14
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb15
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb15
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb15
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb15
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb15
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb15
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb15
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb16
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb16
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb16
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb16
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb16
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb16
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb16
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb17
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb17
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb17
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb17
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb17
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb18
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb18
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb18
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb18
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb18
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb18
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb18
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb19
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb19
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb19
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb19
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb19
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb20
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb20
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb20
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb20
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb20
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb21
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb21
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb21
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb21
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb21
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb22
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb22
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb22
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb22
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb22
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb23
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb23
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb23
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb23
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb23
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb24
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb24
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb24
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb25
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb25
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb25
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb25
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb25
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb26
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb26
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb26
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb27
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb27
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb27
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb28
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb28
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb28
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb28
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb28
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb29
http://arxiv.org/abs/2411.05876
https://arxiv.org/abs/2411.05876
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb31
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb31
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb31
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb32
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb32
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb32
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb32
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb32
http://arxiv.org/abs/2607.22514
https://arxiv.org/abs/2607.22514
https://arxiv.org/abs/2607.22514
https://arxiv.org/abs/2607.22514
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb34
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb34
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb34
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb34
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb34
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb34
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb34
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb35
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb35
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb35
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb35
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb35
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb35
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb35
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb36
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb36
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb36
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb36
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb36
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb37
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb37
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb37
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb38
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb38
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb38
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb39
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb39
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb39
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb39
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb39
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb39
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb39
http://arxiv.org/abs/2511.03751
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb41
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb41
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb41
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb42
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb42
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb42
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb42
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb42


H. Fathollahian et al. Computers & Graphics 139 (2026) 104728 
[43] Wu Z, Trevino AE, Wu E, Swanson K, Kim HJ, D’Angio HB, Preska R, 
Charville GW, Dalerba PD, Egloff AM, et al. SPACE-GM: geometric deep learning 
of disease-associated microenvironments from multiplex spatial protein profiles. 
BioRxiv 2022. 2022-2005.

[44] Long Y, Ang KS, Sethi R, Liao S, Heng Y, van Olst L, Ye S, Zhong C, Xu H, 
Zhang D, et al. Deciphering spatial domains from spatial multi-omics with 
SpatialGlue. Nature Methods 2024;21(9):1658–67.

[45] Zhu J, Deng R, Yao T, Xiong J, Qu C, Guo J, Lu S, Tang Y, Xu D, Yin M, et 
al. Magnet: Multi-level attention graph network for predicting high-resolution 
spatial transcriptomics. 2025, arXiv preprint arXiv:2502.21011.

[46] Zhang H, Cui T, Xu X, Sui G, Fang Q, Yang G, Gong Y, Yang S, Lv Y, 
Shang D. SpaGraphCCI: Spatial cell–cell communication inference through GAT-
based Co-Convolutional feature integration. IET Syst Biol 2025;19(1):e70000. 
http://dx.doi.org/10.1049/syb2.70000.

[47] Chen Y, Zhang F, Wang M, Zekelman LR, Cetin-Karayumak S, Xue T, Zhang C, 
Song Y, Rushmore J, Makris N, et al. TractGraphFormer: Anatomically informed 
hybrid graph CNN-transformer network for interpretable sex and age prediction 
from diffusion MRI tractography. Med Image Anal 2025;101:103476.

[48] Smolders L, De Baene W, Rutten G-J, van der Hofstad R, Florack L. Can structure 
predict function at individual level in the human connectome? Brain Struct Funct 
2024;229(5):1209–23.

[49] Zhou H, Wang W, Liu G, Zhou Q. PointGAT: Graph attention networks for 3D 
object detection. Intell Converg Netw 2022;3(2):204–16.

[50] Trelles J, Li P, Arighi C, Raciti D, Shatkay H, Marai GE. Animo: annotation of 
biomed image modalities. In: Proc. IEEE Int. Conf. Bioinf. Biomed. (BIBM). 2021, 
p. 1069–76. http://dx.doi.org/10.1109/BIBM52615.2021.9669898.

[51] Trelles J, Wentzel A, Berrios W, Shatkay H, Marai GE. Bi-lava: biocuration with 
hierarchical image labelling through active learning and visual analytics. In: 
Computer Graphics Forum. 44, Wiley Online Library; 2025, p. e15261.

[52] Trelles J, Arighi C, Shatkay H, Marai GE. Enhancing biomedical search interfaces 
with images. Bioinform. Adv. 2023;vbad095. http://dx.doi.org/10.1093/bioadv/
vbad095.

[53] Trabucco JT, Floricel C, Arighi C, Shatkay H, Raciti D, Ringwald M, et al. 
Mousescholar: evaluating an image+ text search system for biocuration. In: 2023 
IEEE International Conference on Bioinformatics and Biomedicine (BIBM). IEEE; 
2023, p. 1473–80.

[54] Chen C, Zhou J, Wang F, Liu X, Dou D. Structure-aware protein self-supervised 
learning. Bioinformatics 2023;39(4):btad189.

[55] Natekar P, Wang Z, Arora M, Hakozaki H, Schöneberg J. Self-supervised deep 
learning uncovers the semantic landscape of drug-induced latent mitochondrial 
phenotypes. BioRxiv 2023. 2023-2009.

[56] Faraji M, Rashidisabet H, Heiferman M, Yi D. Evaluating a semi-supervised 
segmentation method in cataract surgical images. Investig Ophthalmol Vis Sci 
2025;66(8):570.

[57] Trelles J, Li P, Arighi C, Shatkay H, Marai GE. Modality-classification of 
microscopy images using shallow variants of deep networks. In: IEEE Int. Conf. 
Bioinf. Biomed. (BIBM). IEEE; 2020, p. 2379–85.

[58] Chamberland M, Genc S, Tax CMW, Shastin D, Koller K, Raven EP, Cunning-
ham A, Doherty J, van den Bree MBM, Parker GD, Hamandi K, Gray WP, 
Jones DK. Detecting microstructural deviations in individuals with deep diffusion 
MRI tractometry. Nat Comput Sci 2021;1(9):598–606. http://dx.doi.org/10.
1038/s43588-021-00126-8.

[59] Costes SV, Daelemans D, Cho EH, Dobbin Z, Pavlakis G, Lockett S. Automatic and 
quantitative measurement of protein-protein colocalization in live cells. Biophys 
J 2004;86(6):3993–4003.

[60] Manders EM, Verbeek F, Aten J. Measurement of co-localization of objects in 
dual-colour confocal images. J Microsc 1993;169(3):375–82.

[61] Bolte S, Cordelières FP. A guided tour into subcellular colocalization analysis in 
light microscopy. J Microsc 2006;224(3):213–32.

[62] Alsallakh B, Micallef L, Aigner W, Hauser H, Miksch S, Rodgers P. Visualizing 
sets and set-typed data: State-of-the-art and future challenges. Eurographics Conf 
Vis (EuroVis) - STARs 2014.

[63] Lex A, Gehlenborg N, Strobelt H, Vuillemot R, Pfister H. Upset: visualization of 
intersecting sets. IEEE Trans Vis Comput Graphics 2014;20(12):1983–92.

[64] Aurisano J, Reda K, Johnson A, Marai EG, Leigh J. Bactogenie: a large-scale com-
parative genome visualization for big displays. BMC Bioinform 2015;16(Suppl 
11):S6.
11 
[65] Luciani T, Wenskovitch J, Chen K, Koes D, Travers T, Marai GE. Fixingtim: 
interactive exploration of sequence and structural data to identify functional 
mutations in protein families. In: BMC proceedings. 8, Springer; 2014, p. S3.

[66] Sarton J, Zellmann S, Demirci S, Güdükbay U, Alexandre-Barff W, Lucas L, Dis-
chler J-M, Wesner S, Wald I. State-of-the-art in large-scale volume visualization 
beyond structured data. In: Computer graphics forum. Vol. 42, Wiley Online 
Library; 2023, p. 491–515.

[67] Herzberger L, Hadwiger M, Krüger R, Sorger PK, Pfister H, Gröller E, Beyer J. 
Residency octree: A hybrid approach for scalable web-based multi-volume 
rendering. IEEE Trans Vis Comput Graph 2024;30(1):1380–90.

[68] Moore J, et al. OME-NGFF: scalable format strategies for interoperable 
bioimaging data. BioRxiv 2021. 2021-2003.

[69] Maries A, Haque A, Yilmaz SL, Nik MB, Marai GE. Interactive exploration of 
stress tensors used in computational turbulent combustion. In: New Develop-
ments in the Visualization and Processing of Tensor Fields. Springer; 2012, p. 
137–56.

[70] Chi-Li C, Clack N. Napari: a Python multi-dimensional image viewer platform 
for the research community. Microsc Microanal 2022;28(S1):1576–7.

[71] Manz T, Gold I, Patterson NH, McCallum C, Keller MS, Herr BW, Börner K, 
Spraggins JM, Gehlenborg N. Viv: multiscale visualization of high-resolution 
multiplexed bioimaging data on the web. Nature Methods 2022;19(5):515–6.

[72] Zhao S, Nipu N, et al. Loom: Multi-Region analysis of spatial transcriptomics 
with local neighborhoods and global trajectories. 2026, arXiv:2607.22505 URL 
https://arxiv.org/abs/2607.22505.

[73] Keller MS, Gold I, McCallum C, Manz T, Kharchenko PV, Gehlenborg N. Vitessce: 
integrative visualization of multimodal and spatially resolved single-cell data. 
Nature Methods 2025;22(1):63–7.

[74] Drees D, Leistikow S, Jiang X, Linsen L. Voreen–An Open-source framework 
for interactive visualization and processing of large volume data. 2022, arXiv 
preprint arXiv:2207.12746.

[75] Chen M, Du L, Zhao S, Ye B, Delafrouz P, Farooq H, Chattopadhyay D, 
Marai GE, Shao Z, Liang J, et al. Chrompolymerdb: a high-resolution database 
of single-cell 3d chromatin structures for functional genomics. Nucleic Acids Res 
2026;54(D1):D994–1004.

[76] Keren L, Bosse M, Marquez D, Angoshtari R, Jain S, Varma S, Yang S-R, Kurian A, 
Van Valen D, West R, et al. A structured tumor-immune microenvironment in 
triple negative breast cancer revealed by multiplexed ion beam imaging. Cell 
2018;174(6):1373–87.

[77] Marai GE. Activity-centered domain characterization for problem-driven scientific 
visualization. IEEE Trans Vis Comput Graphics 2017;24(1):913–22.

[78] Lin J-R, Fallahi-Sichani M, Sorger PK. Highly multiplexed imaging of single 
cells using a high-throughput cyclic immunofluorescence method. Nat Commun 
2015;6(1):8390.

[79] Radtke AJ, Chu CJ, et al. IBEX: an iterative immunolabeling and chemical 
bleaching method for high-content imaging of diverse tissues. Nat Protoc 
2022;17(2):378–401.

[80] Marai G. Visual scaffolding in integrated spatial and nonspatial analysis. In: 
EuroVis Workshop Vis. Analyt. (EuroVA). 2015.

[81] Marai GE, Pinaud B, Bühler K, Lex A, Morris JH. Ten simple rules to create 
biological network figures for communication. 2019, Public Library of Science 
San Francisco, CA USA.

[82] Politowicz AL, Burks AT, Dong Y, Htwe YM, Dudek SM, Elisabeta Marai G, 
Belvitch P. Alveolus analysis: a web browser-based tool to analyze lung intravital 
microscopy. BMC pulm med 2022;22(1):480.

[83] Jiang J, Li J, Zhang B, Deng X, Shi B. Evhandpose: Event-based 3d hand 
pose estimation with sparse supervision. IEEE Trans Pattern Anal Mach Intell 
2024;46(9):6416–30.

[84] Nguyen-Ha P, Sarafianos N, Lassner C, Heikkilä J, Tung T. Free-viewpoint rgb-d 
human performance capture and rendering. In: European conference on computer 
vision. Springer; 2022, p. 473–91.

[85] Iqbal U, Caliskan A, Nagano K, Khamis S, Molchanov P, Kautz J. Rana: 
Relightable articulated neural avatars. In: Proceedings of the IEEE/CVF 
international conference on computer vision. 2023, p. 23142–53.

[86] Yang Q, Lin Y, Wang J, Bao J, Wang X, Ma L, Zhou Z, Yang Q, Cai S, He H, et 
al. Model-based synthetic data-driven learning (MOST-DL): Application in single-
shot T 2 mapping with severe head motion using overlapping-echo acquisition. 
IEEE Trans Med Imaging 2022;41(11):3167–81.

http://refhub.elsevier.com/S0097-8493(26)00199-8/sb43
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb43
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb43
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb43
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb43
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb43
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb43
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb44
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb44
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb44
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb44
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb44
http://arxiv.org/abs/2502.21011
http://dx.doi.org/10.1049/syb2.70000
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb47
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb47
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb47
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb47
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb47
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb47
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb47
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb48
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb48
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb48
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb48
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb48
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb49
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb49
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb49
http://dx.doi.org/10.1109/BIBM52615.2021.9669898
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb51
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb51
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb51
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb51
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb51
http://dx.doi.org/10.1093/bioadv/vbad095
http://dx.doi.org/10.1093/bioadv/vbad095
http://dx.doi.org/10.1093/bioadv/vbad095
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb53
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb53
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb53
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb53
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb53
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb53
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb53
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb54
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb54
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb54
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb55
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb55
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb55
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb55
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb55
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb56
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb56
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb56
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb56
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb56
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb57
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb57
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb57
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb57
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb57
http://dx.doi.org/10.1038/s43588-021-00126-8
http://dx.doi.org/10.1038/s43588-021-00126-8
http://dx.doi.org/10.1038/s43588-021-00126-8
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb59
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb59
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb59
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb59
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb59
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb60
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb60
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb60
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb61
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb61
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb61
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb62
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb62
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb62
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb62
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb62
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb63
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb63
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb63
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb64
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb64
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb64
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb64
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb64
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb65
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb65
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb65
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb65
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb65
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb66
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb66
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb66
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb66
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb66
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb66
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb66
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb67
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb67
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb67
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb67
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb67
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb68
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb68
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb68
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb69
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb69
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb69
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb69
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb69
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb69
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb69
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb70
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb70
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb70
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb71
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb71
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb71
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb71
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb71
http://arxiv.org/abs/2607.22505
https://arxiv.org/abs/2607.22505
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb73
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb73
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb73
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb73
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb73
http://arxiv.org/abs/2207.12746
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb75
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb75
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb75
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb75
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb75
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb75
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb75
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb76
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb76
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb76
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb76
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb76
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb76
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb76
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb77
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb77
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb77
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb78
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb78
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb78
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb78
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb78
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb79
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb79
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb79
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb79
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb79
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb80
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb80
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb80
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb81
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb81
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb81
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb81
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb81
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb82
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb82
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb82
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb82
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb82
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb83
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb83
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb83
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb83
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb83
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb84
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb84
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb84
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb84
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb84
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb85
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb85
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb85
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb85
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb85
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb86
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb86
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb86
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb86
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb86
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb86
http://refhub.elsevier.com/S0097-8493(26)00199-8/sb86

	ConGAT: Context-aware graph attention network for 3D region of interest discovery in multiplexed microscopy images
	Introduction
	Background and Related Work
	Methods
	Design Process and Domain Requirements
	Data
	Spatial Graph Construction
	Graph Attention Encoding
	Self-Supervised Graph Encoder Training
	Scoring and Region Extraction
	ConGAT Visualization Interface

	Evaluation and Results
	Performance Analysis on Synthetic Ground Truth Data
	Performance Analysis on a Real Clinical Dataset
	Case Study: Microenvironment Investigation


	Discussion and Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgments
	Appendix A. Supplementary data
	Data availability
	References


