NeuroLens: A Holistic Visual Analytics System for
Exploring Brain Networks Across Scales

Weihan Zhang and Jun Tao, Member, IEEE

Abstract—Identifying biomarkers from human brain networks
is critical in early detection of neurological disorders and
understanding disease mechanisms. Existing visual analytics
approaches show a remarkable ability to assist experts in discov-
ering and validating biomarkers through exploration. However,
these approaches often focus only on the diffusion features
of fiber bundles and evaluate individual bundles and regions
separately. This may hinder their ability to accurately represent
the complex brain network for investigation from various per-
spectives. In this paper, we present NeuroLens, a visual analytics
system that integrates comprehensive information across multiple
levels, including fiber bundles, local regions and entire brain
networks. Specifically, to model the bundles more precisely, we
enhance the features by incorporating the joint distribution of
geometric features. The bundle information is further aggregated
to form representations at the region and the brain level us-
ing an attention-based graph neural network. The region-level
representation describes complex structures involving multiple
bundles, and the brain-level representation enables comparisons
between subjects and groups. The NeuroLens interface enables
comparative exploration of this multi-level and multi-faceted
information. To verify the findings during exploration, NeuroLens
leverages the large language model to query related information
from existing literature. We collaborate with domain experts
to examine the effectiveness of NeuroLens. Their exploration,
findings, and feedback are discussed.

Index Terms—Brain network, brain fiber, visual analytics

I. INTRODUCTION

XPLORING human brain networks through visual an-

alytics can facilitate the discovery of novel medical
insights, such as bio-markers for early detection of neurode-
generative diseases. It is typical that these diseases can only be
mitigated, but not completely cured, highlighting the impor-
tance of early diagnosis [48]]. Early clinical diagnosis often
leverages biomarker detection to examine how the disease
begins, offering effective disease management and early treat-
ment opportunities [28]]. In this context, a biomarker refers to
an observable indicator of certain neurological diseases within
brain networks. Recently, extensive research efforts, from
both neuroscience and computer science, have investigated the
identification of bio-markers in human brain networks. This
kind of bio-marker identification research concerns a wide
array of neurological diseases, especially Alzheimer’s Disease
(AD) [[15], which affects 40 million patients globally [45]. Its
findings are crucial for disease prevention and management.
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Biomarker detection generally targets structural brain net-
works, defined by nodes representing specialized brain Re-
gions of Interest (ROIs) and edges denoted by neural fibers
connecting the ROIs. To ensure biological relevance, ROIs
are typically parcellated according to neuroanatomical labels
or coordinated activities [56]]. By comparing the brain net-
works of diseased subjects with control groups, researchers
can pinpoint discriminative network connections, essential in
identifying AD biomarkers. Such analysis requires a compre-
hensive representation and examination of the brain network,
particularly the ROIs and their interconnections. However,
traditional modeling of these connections over-simplifies fiber
bundles, leading to significant information lost in the repre-
sentation and diminishing their analytical utility. In addition,
traditional biomarker detection often scores the ROIs and fiber
bundles individually, overseeing their joint interactions. This
oversight can mask collective anomalies involving multiple
ROIs, hindering effective biomarker detection.

To address these issues, we propose NeuroLens, a visual
analytics system that integrates deep neural representations
with interactive visualization, serving as a lens for examin-
ing multiscale neuroanatomical structures in brain networks.
This design enables the visual exploration and comparison of
disease-relevant information across multiple scales, from the
micro level of individual fiber bundles to the macro scale of
whole-brain networks. At the level of individual fiber bundles,
we enrich our analysis with a comprehensive feature set that
captures a broad spectrum of information, including strength,
Diffusion Tensor Imaging (DTI) features, geometric features,
and their interactions. We use an Autoencoder to synthesize
these features into a unified vector and facilitate the subsequent
computation. For capturing regional information at larger
scales involving multiple ROIs, we leverage the Graph Neural
Network (GNN) to aggregate information from neighboring
ROIs effectively. Moreover, we design a specialized detection
module to extract from the GNN the significance of ROIs and
their collective influence on the disease.

Our visual analytics interface enables a holistic explo-
ration of brain networks, facilitating analysis from a broad
overview down to specific details. At the global level, it allows
domain experts to specify subject groups based on demo-
graphic/diagnostic labels and brain network representations
for comparison. This comparison can be conducted between
any two selected groups, enabling a focused investigation into
the differences. The interface visually encodes the ROIs, their
connections, and differences for experts to identify abnormal
patterns as biomarkers. To delve deeper into these abnormal-
ities, the interface offers tools to examine the associated fiber



bundles. Experts can analyze these bundles through the lens
of their geometric feature distributions and DTI properties.
Additionally, the interface provides 3D visualizations of the
fiber tracts, which are critical for a thorough spatial under-
standing of brain connections [19], [20]. To supplement the
exploration process, NeuroLens includes a literature query
module that leverages large language models to access and
synthesize information from existing research. This module
enables users to validate their findings by generating insights
based on the vast corpus of published neuroscience studies.
We collaborated with experts in the field of neuroscience for
an empirical expert evaluation to examine its effectiveness.

The main contributions of our work are summarized as
follows:

o We develop NeuroLens, a holistic framework to repre-
sent and explore brain networks across multiple scales.
Specifically, we employ a graph neural network to extract
disease-relevant representations of brain ROIs and model
their joint influence across neighborhoods of increasing
size.

e« We enrich fiber bundle representations by integrating
DTI properties, geometric features, and their joint dis-
tributions, enabling more precise modeling of bundle
characteristics.

e We design an analytical interface tightly coupled
with these representations, allowing collective anomalies
among regions and joint effects among bundle attributes
to be discovered through multi-scale visual exploration.

o We introduce a large language model-driven literature
query module, allowing the current findings to be val-
idated with the existing body of knowledge in the litera-
ture. We compose a specialized dataset comprising brain
network publications and associated image-text pairs,
serving as a robust knowledge base for literature queries.

Taken together, these contributions highlight a development
perspective in which neural networks are not used primarily
as predictive tools with a visualization layered on top; instead,
NeuroLens employs neural networks to systematically extract
structured, multi-scale information guided by the needs of an
explorative visual analytics interface. This tight coupling be-
tween representation learning and visualization enables experts
to explore, compare, and validate brain connectivity patterns
across scales, bridging learned representations and human-
driven analysis in a way not supported by existing systems.

II. RELATED WORK

Brain networks are typically studied at multiple levels,
namely, individual level, brain connectivity level, and fiber
level [[12]. At the individual level, the brain networks are often
examined as graphs using visual analytics interfaces. At the
other two levels, the fibers are often analyzed as spatial curves.
As our work explores both the fiber bundle representation and
brain network comparison, this section briefly discusses both
the brain network visualization in Section and the brain
fiber visualization in Section

A. Brain Network Visualization

Visual analytics for brain network. Visual analytics (VA)
emerged as a significant tool for understanding human brain
networks. The existing approaches often combine human ex-
ploration with machine learning techniques, especially feature
selection. For example, Shi et al. [57] propose BrainQuest,
which models brain network exploration as a multi-objective
feature selection problem, jointly considering data mining and
visual features for comparative visualization. Shi et al. [56]] use
the lasso model to select discriminative features for prediction.
Their system also features adjustment mechanisms to leverage
insights obtained through exploration. MV2Net [55] also uses
the lasso model for feature selection. This approach further
considers the geometric features of fibers and the uncertainty
in the data. Xu et al. [70] use a custom machine learning
pipeline to guide the exploration. Beyond fibers and their
derived features, their exploration includes the analysis space
and patient groups. Similarly, Fujiwara et al. [23]] propose a
comparative visualization system, focusing on the difference
between the individual and group mean.

Connectivity visualization of brain networks. Brain
networks are commonly considered as graphs and visually
represented by node-link diagrams and adjacency matrices.
For node-link diagrams, various research efforts have been
dedicated to adapting traditional network layouts to brain
network scenarios. Node-link diagrams have also been adopted
by Al-Awami et al. [3]] and Troidl et al. [65] for visual-
izing large-scale brain connectivity. In this context, several
interactive techniques [43]], [54] have been developed to fa-
cilitate exploration. John et al. [41] introduce the ChordMap
metaphor, an innovative approach for displaying hierarchical
connectivity in brain networks. Salvador et al. [50] employ
dimension reduction algorithms to uncover the functional
similarity between ROIs. For adjacency matrices, they are
widely used because brain networks are often large and dense.
Alper et al. [4] conduct research on the impact of node-
link and matrix representations in comparing weighted brain
graphs. They recommended a specific overlaid matrix design
in their findings. Wang et al. [68] apply multi-graph techniques
to brain connectome datasets for classifying Alzheimer’s Dis-
ease patients. This approach showed significant improvement
by incorporating features selected through interactive means.
Yang et al. [71]] apply the NodeTrix representation to visual
comparison of brain networks. Their approach extracts blocks
from brain networks and represents the blocks using adjacency
matrices. The blocks are further considered as nodes, and their
connections are displayed as links.

Our system integrates a visual analytics interface for ex-
ploring the holistic information across scales. Similar to
FiberStar [22]] and MV?2Net [55]], our approach targets visual
comparison between multiple subjects. However, unlike the
existing connectivity-based approaches, which often empha-
size edge-centered examination and exploration, our approach
aggregates connectivity information into region-level represen-
tations using GNNs, enabling exploration at different levels of
abstraction. These GNN-based aggregation incorporates com-
prehensive features to support more structured and scalable



analysis beyond individual edges.

B. Brain Fiber Visualization

Brain fibers exhibit complex 3D structures, leading to
severe visual clutter in rendering and serious challenges in
interactive exploration. To address these issues, significant
research efforts have been devoted to analyzing, visualizing,
and exploring brain fibers [39].

Brain fiber clustering. Traditional fiber clustering methods
leverage proximity measures between fibers [75] for clus-
tering. Everts et al. [19] compute the similarity between
streamlines based on the fiber tract segments. Goceri et al. [24]
cluster fibers by matching distributions produced by the Gaus-
sian mixed model. Franke et al. [22] propose FiberStars,
allowing users to interactively differentiate between fiber clus-
ters through the distance in 2D space. Deep learning-based
approaches were also developed to group fibers for exploring
connections between brain networks and neurodegenerative
diseases. Gupta et al. [25]], [26] propose FiberNet, using
a convolution-based network to extract fiber shape features
for clustering these fibers. In addition to the unsupervised
frameworks, Lam et al. [36] design TRAFIC, which utilizes
supervised signals to classify the brain fibers into anatomically
significant groups. It outperformed previous approaches in
accuracy and efficiency on multi-class tasks. Chen et al. [[13]
use a convolution network to embed brain fibers. Instead of
the conventional reconstruction loss, their approach used the
distance between fiber pairs as labels.

Brain fiber representation. Benou et al. [[7]] use a recurrent
network to map the diffusion-weighted imaging sequences to
probability distributions, simplifying the fiber tractography.
Nath et al. [44] applied a residual network to learn the
transformation between diffusion-weighted MRI signals and
real structure. Hainline et al. [27] further introduce the bias
and variance of generalized anisotropy fractions in a fully
connected network. Li et al. [37] propose SuperDTI, which
transfers a diffusion image to fiber tractography via a con-
volution network. SuperDTI can efficiently perform ultrafast
diffusion tensor imaging and fiber tractography. Research on
fiber orientation is an effective method for exploring brain
connections. Zen et al. [[74]] propose FodNet, which consists of
convolution layers and spherical harmonic coefficient blocks.
FodNet obtains super-resolution fiber orientation direction im-
ages from DMRI images. It is the first work to generate super-
resolution fiber orientation distribution from low-resolution
images.

3D brain fiber visualization. For rendering brain fibers,
Petrovic et al. [47] introduce a GPU-accelerated white matter
tractography rendering system that generates fully shaded and
labeled stream tube simulations. Brecheisen et al. [8]] introduce
an early stopping strategy using a specified threshold to track
fibers without affecting their shapes. Merhof et al. [42] employ
textured triangular strips for rendering large collections of
dense fiber bundles. This approach supports the real-time
rendering of high-quality and interactive fiber bundles. Re-
searchers also embed brain fibers into a feature space for anal-
ysis. Brecheisen et al. [§] develop an interface with multiple
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Fig. 1: Limitations of the existing approaches for extracting
information from brain networks. The red rectangle shows the
incomprehensive information used to represent the fiber bun-
dles, and the blue rectangle shows the lack of joint interactions
among ROIs and bundles for representing regional or whole
brain information.

coordinated views for selecting and visualizing fibers in both
spatial and feature spaces. Similarly, Chen et al. [11] embed
DTI fibers into a unified space, enabling the comparison of
multiple datasets within this embedded space using heatmaps.
Hurter et al. [32] introduce FiberClay, visualizing DTI fiber
tracts in immersive environments.

In terms of bundle modeling, our approach considers the
geometric features beyond the traditional strength or DTI
features [[70] and further incorporates the connections among
features, which are not available in existing approaches using
geometric features [S5]]. By leveraging the GNN, it extracts the
interrelations between brain regions, allowing the detection of
collective anomalies involving multiple regions. Leveraging
the rich information, our approach can support comparison
at multiple scales, including subject groups, collective brain
regions and bundles.

III. OVERVIEW

A. Background and Motivations

In this paper, we focus on the structural brain network,
where nodes are the anatomical regions of the cerebral cor-
tex. These nodes are interconnected by white matter fibers,
which consist of clusters of axons that establish the network’s
edges. The regions of the brain, identified as Regions of
Interest (ROIs), are consistently aligned across all subjects
within a specific cohort, facilitating uniform analysis. The
connectivity between these ROIs is predominantly estimated
using diffusion-weighted magnetic resonance imaging, with
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Fig. 2: Overview of the NeuroLens framework. Guided by
three design requirements (R1-R3), the framework consists of
brain network analysis and visualization components. Latent
representations derived from raw data support three views:
subject selection, network comparison, and bundle feature
exploration.

Diffusion Tensor Imaging (DTI) serving as the primary method
for this estimation [5].

The exploration of brain networks requires accurate repre-
sentations at multiple levels, which may not be fully available.
In Fig. |1} we illustrate two key limitations in existing repre-
sentation approaches for brain networks.

First, the existing fiber bundle modeling is incomprehensive,
as illustrated in the red rectangle. Early approaches [56], [[71]
only use one scalar number (the number of fibers) to represent
the connection strength between two ROIs. Later approaches
introduce DTI features [55]], [[70] as a vector and distributions
of geometric features [55]] derived from fiber tracts. However,
these approaches ignore the interrelations among features,
leading to unrevealed information. We provide a quantitative
analysis of feature dependencies based on mutual information
in Appendix [E]

Second, the existing approaches do not extract holistic
regional information at multiple scales. As shown in the blue
rectangle in Fig. [1| the elements (i.e., fiber bundles and ROIs)
are often rated individually, leading to a score of significance
corresponding to one element. This element-wise evaluation
may overlook the interactions among elements, hindering the
discovery of collective anomalies. Additionally, missing the
representation of the entire brain network may fail to provide
hints for identifying subjects of interest during exploration.

B. Design Requirements

To better understand the research problem of brain network
exploration, we teamed up with domain experts to identify
design requirements. We invited six experts (F1-FE6) with
different research domains and experiences. 1 and E2 are
neurology clinicians with sixteen and six years of experience

in the clinical diagnosis of neurological diseases, respectively.
Their research primarily focuses on AD, epilepsy, and Parkin-
son’s disease. E23 is a neurologist with eighteen years of
experience in cerebrovascular diseases and cognitive disorders.
E4-FE6 are senior PhD students with up to four years of
research experience in neurological diseases.

To elicit design requirements, we conducted interviews with
domain experts. The interviews began with an introduction
of the motivations and preliminary design concepts to the
domain experts. After we explained the brain network model-
ing process, we conducted open discussions to collect initial
feedback. The experts then completed a questionnaire and
provided additional elaboration on their responses.

We summarized the key user requirements for the brain net-
work exploration task as follows. These user requirements are
also aligned with classic interaction principles in information
visualization [58]].

RI: Flexible selection of subject groups. To identify unique
connectivity bio-markers, experts often compare the group
of subjects with the healthy controls. The subject groups
with changing severity of disease are also compared with the
healthy controls to understand the disease progression. The
experts want to group the subjects based on various criteria
such as demographics and diagnostic labels. They would also
like to select individual subjects in these groups for further
investigation. To support these tasks, the system needs to
enable flexible selection by combining multiple criteria.

R2. Visual comparison of subject groups. In clinical practice,
identifying connectivity bio-markers often relies on inspecting
differences across subjects with the naked eye, which is
subjective and prone to oversight. This limitation indicates the
need for effective support to localize significant variations and
provide interpretable insights into their underlying causes. Ex-
perts are therefore interested in understanding differences be-
tween subject groups from multiple perspectives. For instance,
they seek to identify which regions or fiber bundles exhibit
significant variations, and more importantly, to examine the
underlying reasons why these regions or fibers are considered
distinct.

R3. Detailed examination of fiber bundles. The experts
believe that the brain fibers represent more details of brain
connectivity, compared to the brain network with a single edge
weight of connectivity strength. The analysis of brain con-
nectivity should be conducted from multiple perspectives, on
diffusion features at the voxel level and on geometric features
representing the physical shape of brain fibers. Therefore, the
domain experts want to examine the details of fiber bundles of
interest. They would like to observe the features of a specified
bundle and view the 3D bundles in the context of all brain
fibers.

C. Design of System Framework

Driven by the requirements, we design the framework of the
system, consisting of two major components: brain network
analysis and visualization, as shown in Fig. First, at the
brain network analysis level, we organize the raw data and
generate latent representations at both the brain and bundle
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Fig. 3: An overview of our representation framework. The red
rectangle shows the fiber bundle representation that takes the
strength, DTI properties, and joint distributions of geometric
features as input and outputs a latent vector as the representa-
tion. The blue rectangle shows the holistic brain representation,
which aggregates the information over the brain network to
form a representation at multiple scales, starting from the
bundle representation.

levels. The brain representation provides an additional feature
dimension to support subject selection (R1), while the bundle
representation enables detailed analysis at multiple scales (R2).
Second, at the visualization level, we support the design
requirements through three main views: a subject selection
view that combines demographic information with brain repre-
sentations to specify subjects of interest for comparison (R1);
a network comparison view that identifies regions of interest
across scales (R2); and a bundle feature exploration view that
facilitates fine-grained examination of fiber bundles (R3).

IV. APPROACH

Our approach employs a multi-scale representation strategy
using the GNN to provide a foundation for exploration, as
illustrated in Fig. [3] At the bundle scale, we integrate DTI
and geometric features using an autoencoder. To capture
information at larger scales, we leverage the GNN to iteratively
collect and aggregate features from progressively larger neigh-
borhoods, with the highest-level representation corresponding
to the entire brain. In addition to these representations, we
include a literature query module to support validation and
contextualization of exploration results. In this section, we
focus on the overall representation pipeline, while deferring
model architectures, training details, and ablation studies to the
appendices: Appendix [A]covers the bundle-level representation
learned with the autoencoder, and Appendix [B| describes the
brain region—level representation learned with the GNN.

A. Data Representation

Bundle representation. We consider a rich set of bundle
features and transform the features into latent vectors to form
bundle representations using an autoencoder [30].

(1) Bundle data collection. Both the diffusion features and
geometric features are incorporated into our system. The
diffusion features include fractional anisotropy (FA), mean
diffusivity (MD), axial diffusivity (AxD), and radial diffu-
sivity (RD), which are known to be strongly connected to
neurological pathology [33], [46] and used in many existing
visual analytics systems [8], [53], [55], [70]. We derive the
geometric features from individual fibers, which are traced
using the tractography algorithm [34]. These features reveal
bundle characteristics beyond connection strength.

We consider five geometric features, namely, the length, cur-
vature, torsion, tortuosity, and entropy, following [55]. While
the curvature, torsion, and tortuosity convey shape-related
information, the length and entropy are often correlated with
uncertainty. Instead of representing each bundle with mean
values over its fibers, we extend the existing approaches [55]]
in considering both the distributions of individual features and
the joint distributions of pairs of features over the fibers of
a bundle. As shown in Fig. using the joint distribution
to characterize the features of a bundle can reveal more
information. According to correlation analysis, the distribution
of features on specific bundles may have a strong correlation,
requiring integration of these features. The example in Fig. [I]
shows that while fibers generally have a longer distribution
and smaller curvature, the curvature of a portion of the longer
fibers has already begun to increase (within the red box). In
our implementation, the joint distribution of two features is
represented by a histogram of 20 x 20 bins and the mean
and covariance matrix produced by the Gaussian mixture
model (GMM). GMM captures the macroscopic statistical
information of the bundle to ensure the overall pattern is
captured.

(2) Bundle encoding. To integrate the multifaceted data
collected from a fiber bundle, we represent the data in a
unified latent space using an autoencoder, as shown in Fig.
The latent space captures essential structural patterns with
a lower-dimensional representation, enabling more effective
group discrimination compared to traditional metrics [30]. The
autoencoder consists of an encoder and a decoder: convo-
lutional layers are used to extract spatial structural features
from the joint histograms, and linear layers embed macro-
scopic statistical information (e.g., the covariance matrix). The
encoder progressively compresses these features to produce
compact latent vectors, which reside in what is known as a
bottleneck layer. The decoder then reconstructs the original
input from this latent representation using upsampling linear
layers. Through this reconstruction objective, the autoencoder
learns to preserve meaningful features in the latent space that
support comparison and downstream analysis. Full details of
the data preprocessing, network architecture, training strategy,
and ablation studies are provided in Appendix

Brain representation. The brain network of each subject is
represented as a graph, where the nodes are brain regions of
interest (ROIs) and the edges are fiber bundles between ROIs.
This structure allows us to aggregate the bundle information
to describe the individual ROIs, features across scales, and the
entire brain Fig. [3| Given the graph structure, GNNs become
a natural choice for such aggregation.



(1) Representation loss. Instead of conventional reconstruc-
tion loss, we adopt a classification loss as the training target
for our representation model. The classification task requires
GNNs to predict the diagnosis class of a subject given her
brain network. The diagnosis classes include healthy controls
(HC), early Mild Cognitive Impairment (eMCI), late Mild
Cognitive Impairment (IMCI), and Alzheimer’s Disease (AD)
subjects. By focusing on classification loss, the network is
forced to learn features critical to the disease diagnosis,
thereby enhancing the diagnostic relevance of the regional
representations.

(2) Brain region encoding. To represent information across
scales, we first aggregate the bundle (edge) information to
the corresponding ROIs (nodes), and then use the GNN to
propagate information among ROIs. Different pooling strate-
gies are used to summarize neighborhood information: mean
pooling captures global trends, while max and min pooling
emphasize locally salient signals. This section outlines the key
design choices, while details of the GNN architecture, training
procedure, and ablation studies are provided in Appendix

Our encoding model for brain regions leverages multiple
graph attentional layers [9]], [67] to aggregate information
across scales. The input to graph attentional layers is a set of
node features, H = {h! h),... hi;} h! € R, where N is the
number of nodes, and [ is the index of the graph attention layer.
The output is a new set of node features H't! by aggregating
the information to each node from its neighbors. This can be
viewed as an information collection procedure for representing
features at various scales. Meaningful aggregation should
weight the neighbors based on the relationships among nodes
(ROIs), which is captured by learnable linear transformations,
parameterized by weight matrices W. We then perform self-
attention on the nodes to obtain the importance weights of
each node within its neighborhood:

Q5 = SOftman ((thl)T . thj) y (1)

where «;; assesses the significance of node j’s features with
respect to node <. With these attention coefficients, a weighted
linear combination of neighbor features produces the output
features for each node:

hi+1 =0 Z aijW'Uhlj ’ 2
JEN;

where N; denotes the set of neighbors of node i. By applying
a series of attention layers, the latent vector h! gradually
expands its vision to capture information at larger scales. By
choosing the latent vectors produced at different layers, we
can extract neighborhood information at different scales. The
latent vector h' is referred to as the regional representation
at scale [. This representation aggregates information from
neighborhoods of different extents (determined by [) around
each ROI, encoding collective structural patterns rather than
individual ROI properties. The visualization preserves the
same anatomical ROIs across scales, while their representa-
tions reflect an increasingly global context. Finally, we can

obtain the representation of the entire brain through global
pooling followed by a simple linear classification head. This
classification head enforces the extracted information to be
closely related to the diagnosis of the disease.

Detection Module. Our detection module evaluates the
global significance of the embedding features at various scales.
This module uses the attention mechanism to capture the
underlying interconnections among regional representations
and their impact on the entire brain network. Inspired by
Li et al. [38]], we believe that the regional representation
is associated with dense semantic information pertinent to
disease diagnosis. Therefore, we utilize the detection module
to recover diagnostic categories directly from the regional rep-
resentations, noting that regions with higher attention weights
contain more diagnostic information.

Specifically, to describe the significance of the regional
representations and their interrelations, we use the attention
mechanism from the transformer [66]. As illustrated in Fig. E}
the detection module consists of an attention layer and a
feed-forward (FF) layer. Each of them is followed by a layer
normalization (LayerNorm) and corresponds to a skip connec-
tion. In the attention layer, the interaction between regional
representations is blended through an attention module, which
updates the representations using:

h! = Z attention(h;, h;) - val(h;). )
J

The attention mechanism resembles the propagation of infor-
mation along connected pathways in the brain network. To
ensure the extracted interrelations are physically meaningful,
we use the adjacency matrix of the brain network to extend
the mask matrix used in the attention mechanism. The re-
lationships between disconnected brain regions are masked,
similar to Graphormer [72]. Moreover, we also leverage a
classification token [[18]] connected to all brain regions, in order
to extract a global embedding of the entire brain network for
the subject.

Then, we utilize layer normalization. Since all tokens are
normalized to a Gaussian distribution, the discrepancies re-
sulting from inconsistent measurements can be diminished.
In the FF layer, we use a multi-layer perceptron (MLP)
to implement the forward embedding process. The features
embedded through the FF layer are added to the original
features, proceeding to the subsequent layer normalization
calculation, i.e., FF(H') = MLP(H) + H.

B. Literature Query

The literature query module allows users to immediately ac-
quire related information from existing literature, so that they
can verify their findings and refine their exploration directions.
Toward this goal, the query module leverages a large language
model (LLM) to process diverse natural language queries
and retrieve relevant information from the literature. In our
implementation, the LLM is used to fetch information from
a knowledge base. Specifically, given the queries, the LLM
is used to identify the most relevant sentences and figures in
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Fig. 4: The workflow of Literature Query. A query is first
represented as a vector by the embedding module for semantic
matching the vectors representing information of text chunks
in the knowledge base. The matched literature chunks are
passed as prompts into the LLMs, which compose an answer
based on the extracted information and sends the answer to
the NeuroLens interface.

existing publications. This strategy grounds the LLM’s output
in a curated knowledge base, helping to reduce the risk of
hallucinated or fabricated information. This section explains
how we collect the relevant papers and build the knowledge
base, and how we align the LLM with the knowledge base.

Knowledge base construction. The knowledge base com-
prises over three hundred papers on brain fibers. We collected
these papers from Google Scholar using a crawler script.
To ensure relevance, we applied keyword filtering, selecting
articles containing at least one of the terms: “brain fiber”,
“fiber bundle”, “brain network”, and “Alzheimer”. We exam-
ined the publication years of the top 100 search results per
keyword on Google Scholar and found that most papers were
published after 2010 (e.g., 83 out of 100 for “brain network™).
Based on this trend, we restricted the main publication range
to 2010-present to focus on recent advances. To include
foundational work, we also added highly cited papers from
the 1990s with more than 2,000 citations; apart from the
seminal study by Basser et al. [5] with over 5,000 citations,
this threshold captures other influential early DTI studies that
provide important theoretical and methodological context. To
ensure the accuracy of figure-related queries, we manually
process the papers to extract figures and captions. In the query
stage, the LLM uses the captions to match, and the system can
show both the caption and the corresponding figure.

Information Retrieval and answer generation. We em-
ploy the Retrieve Argument Generation (RAG) workflow for
this task. RAG combines information retrieval and gener-
ative models, empowering the LLM to extract knowledge
from extensive texts and incorporate the knowledge into the
generated responses. This strategy has proven to be highly
beneficial for LLMs. RAG is built upon the joint usage of
two essential components: the retriever and the generator. The
retriever first identifies and fetches the pertinent information
from an extensive corpus of textual data, and then the generator
produces answers based on the information supplied by the

retriever.

In our current system, MPNet [[59] is used as the retriever,
and Llama?2 [64] is used as the generator. MPNet is an innova-
tive pre-trained language model. It incorporates both masked
language modeling and permutation language modeling to
develop a deeper understanding of sentence structures and
word relationships than conventional BERT models [49]. With
improved language comprehension abilities, MPNet is an ideal
choice for understanding complex queries and finding the most
relevant sentences in our knowledge base. Llama2 synthesizes
the retrieved information into comprehensive answers. Llama?2
exhibits two key advantages as a generator in our query mod-
ule. Firstly, it adopts group query attention to accelerate infer-
ence speed, providing interactive performance for exploration.
Secondly, Llama?2 has 7 billion parameters and a context size
of more than four thousand tokens, enabling the understanding
of dialog context and supporting multiple subsequent queries.
To improve efficiency, we use a virtual LLM (vLLM) tool [35]]
as an LLM serving engine. VLLM improves the throughput of
Llama2, while maintaining the same level of latency. It also
provides efficient memory management to handle the attention
keys and values.

V. VISUALIZATION
A. Interface Design

Targeting the aforementioned requirements, we design Neu-
roLens to facilitate holistic exploration and comparison of
brain networks of subjects or subject groups. Fig. [ shows
the interface of NeuroLens, consisting of five views, namely
the subject selection view, network comparison view, bundle
feature view, bundle rendering view, and literature query
view. We start by introducing the typical workflow and then
elaborate on each view in this section.

Typical workflow. NeuroLens adopts a hierarchical explo-
ration workflow that guides users from a high-level overview
of subject groups down to detailed analysis of specific fiber
bundles. The process begins in the subject selection view,
where users can define two groups based on their labels or
brain network representations (R1), as shown in Fig. [3] (a).
Users then explore and compare ROIs at different scales in
the network comparison view Fig. [3 (b), identifying those
that exhibit notable differences between groups and selecting
related fiber bundles for further investigation (R2). Detailed in-
formation about the selected bundle is displayed in the bundle
feature view and the bundle rendering view Fig. 5] (b) (d), pro-
viding both quantitative and anatomical insights (R3). Based
on these insights, users can iteratively guide their exploration
or validate findings using the literature query view Fig. [5 (e),
which supports natural language search over a publication
database.

Subject selection view. This view supports the flexible
selection of subject groups (R1) in a cross-filtering manner,
based on demographic attributes, diagnostic labels, and their
global embedding positions, as shown in Fig. 5] (a). It sum-
marizes subject-level information. On the left, two histograms
display demographic distributions of age and years of edu-
cation, supporting exploration of population-level trends. In
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Fig. 5: The interface of our NeuroLens. (a) Subject selection view for sampling subjects from the dataset. (b) Network
comparison view for comparing the embedded features of subjects at different scales. (c) The bundle feature view shows
detailed information about fiber bundles. (d) Fiber render view for visualizing the fibers in physical space. (e) Literature query
view for querying and answering questions using natural language.

the center, a confusion matrix encodes diagnostic prediction
results, where each cell shows the number of subjects for
a given combination of diagnostic labels and predicted la-
bels. This design facilitates the selection of subject groups
at different stages of disease progression. On the right, a
scatterplot visualizes the learned brain embeddings, revealing
the distribution of brains in the representation space. All charts
support interactive brushing and linking. Users may brush
the two histograms and the global embedding or click the
cells in the confusion matrix for cross-filtering. Users may
select two groups of subjects in this view, denoted by the
purple and orange colors, respectively. This view helps to
explore how demographic and diagnostic patterns relate to
brain representations.

Network comparison view. This view displays the ROI
representations of the two selected subject groups at a specified
level (R2), as shown in Fig. E] (b). Note that the level indicates
the size of a neighborhood being considered. Therefore, each
node in this view may correspond to a structure involving
multiple ROIs in the brain. The two plots on the sides visualize
node distributions for the purple and orange subject groups,
respectively. These nodes are embedded into 2D screen space
using t-SNE to highlight structural differences between groups.
Node brightness encodes attention weights from the detection
module, with darker nodes indicating stronger contributions
to the diagnostic prediction. The middle plot overlays node-
level differences onto a brain illustration. Each node depicts
the difference between the same node in the two groups, with
red nodes indicating large differences. The nodes in this plot
are placed according to the locations of respective ROIs. This
helps the experts build connections between the two plots
on the sides. These plots together support the identification
of potential bio-markers by localizing differences within the
physical brain regions, bridging abstract model representations
with interpretable anatomical insights.

We further incorporate a design inspired by NodeTrix [29]
to support concise visualization and aligned comparison, as
illustrated in Fig. [6] This hybrid representation retains node-

link diagrams for visualizing local neighborhoods of interest,
while embedding matrix plots to represent relationships within
each of the four functional brain regions. Each matrix encodes
the pairwise distances between ROI embeddings, providing
a compact summary of structural similarity within a region.
The solid links between nodes and the matrix reflect the
connectivity strength between the ROI neighborhood and the
functional regions, and the dashed links suggest the brain
functional regions to which the nodes belong. We emphasize
the functional regions because their damage is often associated
with neurodegenerative diseases. By preserving both local
connectivity and regional internal structure, this design enables
inspection of ROIs within and across functional areas. This
design facilitates comparison of patterns across subject groups,
and may help reveal regional changes in brain organization that
are associated with disease progression.

Bundle feature view. This view visualizes the feature
distribution of a selected fiber bundle, supporting direct com-
parison of fiber-specific properties between subject groups
(R3), as illustrated in Fig. E] (c). On the left, the joint
histogram encodes the bivariate distribution of two geometric
features, complemented by marginal histograms that reveal the
univariate distributions along each axis. This design captures
the joint variation of features, providing a more intuitive
characterization of fiber shape distributions. Users can identify
structural trends that may not be apparent when features are
considered in isolation. On the right, a parallel coordinates plot
visualizes DTI features for the two selected subject groups.
Lines are colored purple and orange to represent each group,
respectively, enabling direct comparison of diffusion feature
patterns. This design supports rapid identification of domi-
nant differences in diffusion properties. These plots together
support detailed pattern recognition of brain fiber bundles,
facilitating the identification of structural differences within
fiber bundles.

Fiber rendering view. This view presents a 3D rendering of
all fibers, allowing domain experts to explore the data within
its original anatomical context, as shown in Fig. [5] (d). The
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Fig. 6: Design alternatives and our corresponding choices for
subject selection and network comparison.

selected fiber bundle is rendered in blue, while all other fibers
are shown in semi-transparent gray to provide spatial reference
without overwhelming visual attention. This contrastive design
highlights the spatial extent and orientation of the selected
bundle, facilitating detailed inspection of its shape, trajectory,
and anatomical relationships. This visual contrast emphasizes
the selected bundle, enabling clearer inspection and supporting
detailed structural analysis (R3).

Literature query view. This view is only displayed on
demand, when users click the “Query” button in the panel,
as shown in Fig. [3] (e). Users may enter their query in natural
language. The literature query module matches the relevant
papers from our database, displaying their titles in the top
area. The corresponding figure and its caption appear on the
right. Additionally, the query module summarizes the relevant
paragraphs in the matched papers and composes an answer, as
displayed on the left of this view.

B. Alternative Designs

We discuss alternative designs and our rationales for crit-
ical components in our visual analytics interface. Since fiber
bundle visualization follows established designs, we do not
further elaborate on its alternatives here. Instead, we focus

on the design choices for subject selection and network
comparison, which play a central role in supporting flexible
cohort definition and cross-scale analysis.

Subject selection. Common designs in existing visual an-
alytics systems adopt tabular views to select individual sub-
jects [56], [[70]], or apply hierarchical visualization designs for
group selection based on diagnostic labels and demographic
thresholds [55], as illustrated in Fig. |§| (a). While effective
for targeted lookup and consistent cohort construction, these
unified designs provide limited support for exploratory anal-
ysis. However, these unified designs visualize all attributes in
the same manner, which is often ineffective for heterogeneous
data types involving both scalar attributes and latent repre-
sentations. Additionally, they either support group selection
without sufficient ability for individual refinement, or focus on
subject selection while making it difficult to express combined
selection criteria. To avoid these drawbacks, we adopt a multi-
view design for cross-filtering. This design allows users to
select subject groups based on demographic information and
diagnostic labels, and further refine selections using brain-level
representations of individual subjects.

Network comparison. Our design rationale considers two
factors: view-level layout (overlay versus side-by-side) and
ROI-level representation (embedding versus anatomic space),
as illustrated in Fig. [6] (b). Each combination has trade-offs:
embedding views reveal relational patterns but not anatomic
semantics, whereas anatomic views preserve spatial context
but not group-specific structures. Overlay facilitates correspon-
dence but can introduce clutter for anatomic views or damage
structures in individual groups for embedding views, while
side-by-side improves separation but requires extra alignment
effort. No single combination suffices, motivating a hybrid
design. Therefore, we adopt a hybrid anatomical design in
which an overlay view at the center serves as a stable reference
to connect the two groups, while the groups themselves
are visualized separately to observe their internal structures.
This hybrid design provides both a coherent reference for
comparison and the flexibility to explore group-specific details.

Additionally, for embedding visualization, expert feedback
indicates that detailed analysis typically focuses on selected
ROIs and their immediate neighbors rather than the full
network. To support this analytic pattern, we employ a hybrid
design based on NodeTrix: functional regions are shown
as matrices for easy correspondence between groups, while
selected ROIs and their neighbors are visualized as nodes
and links to highlight important connectivity structures. By
combining these representations, the hybrid design allows
users to simultaneously capture high-level patterns across
functional regions and inspect detailed local connectivity,
providing a balance between overview and detail that would
not be possible with a single representation.

VI. EVALUATION

We collaborated with six domain experts in neuroscience to
examine the effectiveness of NeuroLens. The same experts
described in Section 3 participated in this evaluation. This
study focuses on expert feedback on a visualization system
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Fig. 7: Selecting the subjects with shorter and longer years
of education in the subject selection view. The top row shows
the diagnostic label and global embedding of the subjects with
shorter education experience, and the bottom row shows the
information of the subjects with longer education.

and does not involve patient participation or intervention.
The dataset used in this study is publicly available and de-
identified. All domain experts provided informed consent prior
to participation. We present their exploration process, findings,
and feedback in this section.

Dataset. We use a public dataset released by the
Alzheimer’s Disease Neuroimaging Initiative (ADNI), a public
consortium focused on the collection, validation, and use of
AD data [2]]. This dataset includes structural MRIs from a
varied group of subjects, who were recruited and scanned at
16 different sites throughout North America. FreeSurfer |1
provides the segmentation method to generate the structural
brain network for each subject. The segmentation follows the
Desikan-Killiany parcellation template [[17]. The parcellation
template defines 70 ROIs across the cortex of each subject’s
whole brain, with 35 ROIs in each cerebral hemisphere [15].
The fiber bundles are generated between the ROIs and the
bundle features are derived from corresponding fibers. The
default edge weight between two ROIs is defined as the
number of white matter fiber tracts connecting them, estimated
from each subject’s DTI data.

Evaluation procedure. We invited domain experts to ex-
plore the ADNI dataset using NeuroLens for exploratory
analysis. To guide the exploration, we suggested two focal
comparisons: one at the group level between AD and HC
subjects, and one at the individual level between an IMCI
subject and a similar subject from the healthy control. We
encouraged the experts to freely explore the dataset without
time constraints. We recorded their exploration processes,
observations, and insights and later organized the case studies
presented below.

A. Case Study 1: Comparing AD and HC Groups

Exploration goals. Experts E'1 and F2 were interested in
the relationships between age, years of education, and AD
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Fig. 8: Comparison of AD and HC subjects at different
scales. (a) shows the subject selection view where the HC and
AD subjects are selected. (b) shows the network comparison
view at scale two, where the regions exhibiting significant
differences (red nodes) can be observed. (c) and (d) compare
the differences observed at scale one and two, respectively,
where the differences are less pronounced.

diagnostic outcomes, as research indicates that age and edu-
cational attainment significantly impact AD progression [21]].
They explained that older individuals are more likely to show
cognitive symptoms at a lower level of molecular pathology,
attributed to their reduced functional reserve. Similarly, lower
educational levels are associated with a heightened risk of cog-
nitive decline, underscoring the combined effect of biological
aging and socio-environmental factors such as education on
AD’s development and progression. While aging inevitably
leads to functional degradation of the brain, higher educa-
tion levels can fortify internal brain connections, potentially
mitigating brain aging effects. Leveraging the cross-filtering
selection, they could examine the interaction among these
factors.

Relationships between age, education, and diagnostic
labels. As shown in Fig. [/} when selecting individuals with
higher levels of education, the confusion matrix indicated
that these individuals were predominantly diagnosed with
AD and IMCL. In contrast, when selecting individuals with
lower levels of education, the confusion matrix showed that
these individuals were more likely to belong to the healthy
control group and were diagnosed with eMCI. Sliding the
selection window on the education histogram also reveals
different distributions of age, indicating that most subjects
from the ADNI datasets are either older with lower levels
of education or younger with longer education experience.
Fig. |7| demonstrates the minor correspondence between years
of education and the global embedding of brains as well.

Identifying the most distinct ROIs between AD and HC
subjects. The experts then selected the AD and HC subjects
for comparison in the confusion matrix, as shown in Fig. [§]
(a). To emphasize the difference, they brushed the global
embedding to select the two most distant groups. Each group
corresponds to a distinct label, as indicated by the orange
and purple nodes, respectively. In Fig. |§| (b), (¢), and (d),



the network comparison view showed the group differences
at scales two, one, and three, respectively. The expert found
that the difference became obvious at scale two, as denoted by
several dark red nodes in (b). This indicated that the collective
anomaly appeared at this scale. In (c) and (d), the abnormal
pattern was either not formed at scale one or smoothed out at
scale three.

Therefore, the experts used scale two for their analysis,
which showed that abnormal regions appeared on the right,
which corresponded to the left hemisphere as the brain was
viewed from bottom to top. They commented that this asym-
metry was more common in neurodegenerative diseases. The
asymmetric progression of AD was previously documented in
clinical research, indicating that pathological changes man-
ifest earlier in the left hemisphere than in the right [63].
E1 hypothesized that the asymmetry phenomenon might be
attributed to the left brain dominance, as the majority of
people are right-handed. Therefore, abnormalities in the left
hemisphere become more visible. While £4 and E5 agreed
that the difference in the decline of the left and right brain
is common in group statistics, they also stated that occasional
exceptions exist. /1 further explained that the abnormal brain
regions in Fig. [§] (b) were mostly distributed in areas such
as the frontal and temporal lobes, and pointed out that these
brain regions were particularly rich in projection neurons to
other brain locations, which could easily lead to global brain
functional damage.

Validation from literature query module. The experts
further examined the discriminative ROIs (red nodes) in the
left hemisphere in Fig. [§] (b). They explained that the left
precuneus and superior parietal brain regions exhibited white
matter abnormalities in AD, which correlated with the intra-
hemispheric connectivity changes observed in our network
comparison view. The experts also observed a decrease in
connectivity between the precuneus and superior parietal re-
gions. E'1 searched this phenomenon with the literature query
module, and found that it was reported in prior research [61]].
FE1 found the literature query to be particularly useful, and
used this module to further confirm the significant involvement
of the precuneus and superior parietal regions [14] and the
alterations of fiber connectivity in the temporal and parietal
lobes, predominantly in the left hemisphere [62], [71].

B. Case Study 2: Comparing IMCI and HC Subjects

Exploration goals. The experts wanted to compare the
IMCI subjects with the healthy control group. They explained
this might identify candidates of indicative bio-markers for
early diagnosis and intervention strategies, which were critical
to delay the transition to AD [69].

Identifying the regional differences. The experts examined
the regional differences at various scales by adjusting the graph
convolutional level. In the network comparison view in Fig. [0
they found that the difference becomes more obvious at scale-
three (c) than scale-two (a), as more red nodes appear in the
scatterplot in the middle view. The experts selected a red node
exhibiting significant differences for further investigation. £4
stated that cognitive functions typically involve multiple brain

| Frontal parietal (O Temporal Occipital |

Fig. 9: Comparison between an IMCI subject and an HC
subject. (a) and (c) show the network comparison view at
scale-two and scale-three, respectively. A bundle connected
to the ROI is selected in (c). (b) and (e) show the selected
bundle’s geometric features and DTI features, respectively,
where the IMCI subject is shown in purple and the HC subject
is shown in orange. (e) renders the selected fiber bundle of the
IMCI subject.

regions affected by distant damage, and considering non-local
features is necessary.

The distant correspondence can also be observed
from Fig. 9 (c), where a large red block appears in the
matrix of the occipital lobe for the IMCI subject, as
indicated by the red arrows. The occipital lobe is adjacent
to the temporal function region containing the selected
ROI, forming a collective abnormality. E1 believed that
abnormalities in the temporal and occipital lobe regions
usually manifest as visuospatial impairments. She presented
us with a similar case where a patient holding his phone could
not articulate what it was. This is because the patient’s visual
pathway is unable to transmit signals through the occipital
lobe. £4 — E6 explained that the occipital lobe typically
causes different types of dementia in addition to AD, such
as Lewy body dementia. Using the literature query module,
the experts found that this potential bio-marker can be linked
to several clinical evidences [31f], [51]. These papers suggest
that the number of synapses is highly correlated with the
Mini-Mental State Examination (MMSE) score, a commonly
used test for evaluating cognitive function in older adults. The
experts examined the MMSE score of this IMCI subject and
found her score (25) was below the normal level, indicating
cognitive impairment.

Identifying the fibers’ subtle change in the bundle. After
exploring the white matter regions, experts wished to study
the detailed characteristics of the fiber bundles linking the
ROIs. They examined the brain fibers located in the white
matter of the temporal functional region. They selected the
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Long fibers atrophy first because they are more
vulnerable to degeneration than short fibers due to
the physical limitations of energy transmission over
long distances. This is linked to the fact that proteins
have to travel longer distances and encounter more
barriers to energy transport, making them more
susceptible to degradation. This concept is
supported by the observation that aging has been
associated with a decrease in fiber length in the
human brain, which may contribute to the decreased
long-range FCD with aging.

Partial volume effects and crossing fibers.
Anisotropy inregions containing multiple
intersecting fiber tracts was lower compared
tosingle, coherent fiber pathways (A).

F nstructions at higher ion(B) improve
the visualization of small, interdigitated fiber
bundles in the regioncontaining crossing fibers
(B). Compared to the unmodified stained
sections(C), crossing fibers were more apparent
in the same images color-coded withorientation
(D). The two peaks in the FOD highlight the
presence of twodiscrete fiber populations within
this subregion of the centrum semi-ovale (E).

why long fibers atrophy first ? >

Fig. 10: The literature query view in NeuroLens. Retrieving
expressions related to the atrophy of long fibers in the literature
and the literature query view returns the relevant literature
found and generates an answer. It suggests that the changes
in long fibers may be due to energy transfer.

fiber bundle between the deep purple nodes in the comparison
view, as shown in Fig. 0] (c). The bundle views in Fig. 0] (b)
and (d) indicate that the length of these fibers is moderately
long and their curvature mainly stays at a slightly low level.
However, in the joint distribution of the IMCI subjects, several
anomalous bins appear in the upper right region (within the
red solid box), indicating long fibers with large curvature. This
could be considered as atrophy occurring in the selected fiber
bundle. Experts examined the brain fibers corresponding to
these bins for both subjects. The fiber render view in Fig. [9] (d)
showed that the bundle of the purple subject exhibited atrophy
at one end, which did not exist in the orange subject. The
experts further examined the DTI features of this bundle.
In Fig. [9 (e), the atrophied fibers (the purple line) exhibit
an observed decline in the FA value, suggesting potential
damage to white matter integrity. These facts confirmed that
the atrophy is primarily attributed to developmental processes
rather than focal lesions or age-related degeneration, in line
with the existing finding [52]]. As the purple subject is the
IMCI, the experts suspected that the longer fibers were more
vulnerable to atrophy in the early stages of AD.

Explanation from literature query module. The experts
were intrigued by the long fiber atrophy phenomenon and used
the literature query module for further investigation, as shown
in Fig. They confirmed that typical connectivity damage
was due to the development of abnormalities in the cell bodies
of upstream neurons. In this process, abnormal accumulation
of 7 protein forms neurofibrillary tangles, thereby damaging
the microtubule structure of neuronal cell bodies. '3 pointed
out that when the high signal in white matter was not promi-
nent, it was usually accompanied by atrophy of nerve fibers
and microstructural damage (revealed by DTI features).

C. Expert Feedback and Discussion

After the exploration and evaluation of case studies, we in-
terviewed the experts for feedback on the current functionality
of NeuroLens and potential expansions.

The experts found that NeuroLens is effective primarily as
a tool for exploratory sense-making. F’1 and E2 noted that
the multi-scale network comparison view enabled them to ob-
serve structural differences from multiple perspectives, which
inspired hypotheses about potentially abnormal regions. They
emphasized that even when the learned representations were
not fully interpretable, the observed differences still served
as useful hints for further investigation, which they could
then verify through the fiber rendering view or by consulting
existing literature. The joint distribution of geometric features
was similarly valued as a cue for directing attention to can-
didate fiber bundles. E'3 further commented that the system’s
ability to surface abnormal structural patterns at the network
level could support early warning analyses by highlighting
regions and connections for closer inspection. Compared to
conventional MRI-based analysis focused on localized regions,
the experts highlighted that NeuroLens enables exploration
across scales, supporting hypothesis generation that is difficult
to achieve with existing tools.

In terms of usability, the experts noted that although they
did not fully understand the underlying mechanisms of graph
neural networks, they could easily identify suspicious bundles
through visual representations. For example, £'6 mentioned
that the interface was intuitive and allowed her to conveniently
compare brain networks between subjects. She explained
that she followed the same procedure across case studies:
selecting subjects, identifying abnormal ROIs, and examining
bundles. As a result, she felt comfortable using NeuroLens
after completing the first case study. However, she also noted
that assistance was needed during the initial learning phase to
fully appreciate the system’s features. This suggests the value
of a guided example embedded in the system to support users’
onboarding.

Limitations. The experts identified several limitations of the
current system. First, they noted that geometric features might
not always be effective in distinguishing abnormal bundles.
This limitation arises because geometric features are computed
at the individual fiber level and aggregated at the bundle level,
which may not fully capture the overall bundle shape. Despite
this, the experts acknowledged that these features still provided
valuable spatial context and were helpful in specific cases.
Second, they emphasized that identifying reliable biomarkers
generally requires long-term studies that go beyond the scope
of our tool. Although our system reveals detailed structural
differences not available in existing clinical tools, determining
whether those differences carry biological significance remains
challenging. Moreover, although the literature query module
helped verify findings against existing research, it could not
lead to discoveries that had not yet been discussed.

We also identify several limitations in the current system
ourselves. Some of these have been partially addressed through
iterative design refinement. For example, early versions of
the network comparison view exposed the full embedding



structure, although experts primarily focused on selected ROIs
and their immediate neighbors. Based on observations, we re-
vised the design to use a node-link representation for selected
ROIs and their neighbors, while summarizing other regions
using the NodeTrix-based representation. This hybrid design
better aligns with expert analytic practices and reduces visual
complexity.

Other limitations remain. A key challenge is the lack of
explicit semantic grounding in the current representations.
Although GNN-based embeddings capture complex structural
patterns, their semantic meaning is implicit, which limits
interpretability. This limitation also constrains the integration
of large language models. Currently, LLMs are mainly used
for literature queries and do not have access to the learned
data representations. As a result, they can support conceptual
questions but cannot reason directly over the data. Bridging
this semantic gap would enable more data-aware question
answering and deeper integration of LLMs into the visual
analytics workflow.

Revision suggestions. The experts also offered suggestions
for refining the tool from clinical practice perspectives. E'1
and E2 noted that filtering by age and educational background
is not commonly used in clinical settings. Such information
is typically referenced only for cognitive ability assessments.
However, we have chosen to retain these components in the
interface, as they do not interfere with clinical diagnosis
and may be valuable in research contexts for exploring the
influence of demographic factors. £4-F6 recommended in-
corporating additional brain region segmentation schemes, as
segmentation criteria can vary across studies or institutions.
This can be addressed by re-labeling the fibers into different
sets of bundles, and we will continue collaborating with the
experts to implement these revisions.

VII. CONCLUSION

Identifying bio-markers in the brain network is an intricate
task. Our work introduces NeuroLens, a visual analytics sys-
tem for the identification and analysis of biomarkers within the
human brain network. By addressing the limitations of existing
methodologies that primarily focus on the single features of
fiber bundles in isolation, NeuroLens offers a more holistic and
integrated approach. It leverages comprehensive techniques,
including the joint distribution of geometric features and graph
neural networks, coupled with attention mechanisms, to model
and analyze brain networks at various levels of complexity.
The literature query view powered by an LLM helps align
findings with the relevant research, reinforcing the validity and
relevance of the exploration process.

In the future, first, we will continue to explore how Neu-
roLens can embrace the advancements in diffusion MRI, such
as multiple fiber tractography, Kurtosis imaging, and fixed-
based analysis. We will explore incorporating these methods
at the data level by generating more accurate fiber models
or converting their outputs into fiber attributes. We will also
develop novel visual analytics interfaces and exploration work-
flows tailored to these specific approaches. Second, we aim
to more tightly integrate LLM with the representation and

exploration process. With improved semantic alignment be-
tween our current representation and domain concepts, LLMs
could reason over the data itself rather than serving solely as a
literature query tool. For instance, the system could highlight
task-relevant ROIs based on natural language queries, suggest
next-step exploration paths, or identify semantic patterns from
embeddings. Such integration could enhance interpretability,
reduce cognitive load, and support more data-aware visual
analysis.
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APPENDIX A
FIBER BUNDLE REPRESENTATION

We consider a rich set of bundle features and transform
the geometric features into latent vectors to form bundle
representations using an autoencoder. Using an appropriate
autoencoder structure, we can compress the joint distribution
of the features into latent vectors.

Data preparation. Brain fibers are modeled as streamlines
traced from the diffusion tensor field. Based on a predefined
set of 70 ROIs, we segment each streamline into sub-portions
that connect specific ROI pairs. For each fiber segment, we
compute geometric features such as length, curvature, and
torsion. These features are then aggregated according to their
associated ROI pair to construct bundle-level representations.
The geometric features are paired to form joint distributions,
where each joint distribution is represented as a 20 x 20
histogram. All histograms corresponding to a bundle form a
single feature map of the bundle. This allows us to analyze
and represent the brain networks using bundles instead of in-
dividual fibers, whose number could be overwhelming. Using
70 brain regions, this strategy reduces the data of each subject
from hundreds of thousands of fibers to several thousand bun-
dles. To ensure reliability, we sample fiber bundles with high
connectivity strength, resulting in a dataset of approximately
13,000 samples. Each sample is a joint distribution feature
map for a bundle. We use this data to sufficiently train an
autoencoder until the geometric features can be reconstructed
from the latent vectors. The trained model is used to encode
all the fiber bundles.

Model design. Our representation model is similar to typical
autoencoders for images, consisting of blocks that blend linear
projection (i.e., convolution and linear layers) with non-linear
activations. The autoencoder transforms a feature map into
a latent vector, and reconstructs the map from the vector.
When the map can be accurately reconstructed, the vector is
considered to contain the same information as the map. In
our scenario, the autoencoder should capture the affinity of
neighboring bins and the non-linear behavior in the maps.

For the bin affinity, we use 2D convolution to preserve
the neighboring relationships in the feature maps. While at-
tention mechanisms are considered as powerful convolutional
encoders in computer vision tasks as well, their quadratic
complexity is unnecessary for our task because the joint
distributions are relatively small.

For the non-linear behavior, we use the star operation [40],
which maps inputs to a high-dimensional non-linear feature
space to enhance the representation power. Our experiment
shows that the star operation represents the feature maps more
accurately than the conventional activations (e.g., ReLU and
Sine), as evidenced by Table [] and Fig. [T} Please refer to the
following paragraph for the detailed performance discussion.

Implementation, training, and performance. We use a
four-layer autoencoder network, where each layer consists of
a convolutional layer, a linear layer, and a star operation. We
utilized the Adam optimizer for parameter updates. The batch
size was set to 2048 feature maps. The learning rate started at

TABLE I: The average RMSE, PSNR, and SSIM with different
activation functions in the fiber bundle representation.

Activation | RMSE | PSNR 1 SSIM 1

ReLU 0.24 12.32 0.057
Sine 0.12 18.75 0.315
Star 0.06 24.77 0.782

Sl

(a) Sine (b) ReLU (c) Star (d) GT (e) Fibers

Fig. 1: A qualitative comparison of reconstructed joint his-
tograms between length and curvature, using different activa-
tion functions. (a) to (c) show the reconstructed histograms
using Sine, ReLU, and star operations, respectively. (d) shows
the original histograms as the ground truth, and (e) shows the
corresponding fiber bundles.

103 with 0.1 decrease scheduler, and was decayed by 10~°
using L2 regularization.

We examine the performance of our autoencoder using the
star operation, and compare it with the autoencoders using
ReLU and Sine activation functions. As shown in Table[l, our
model achieves the smallest reconstruction loss (RMSE) and
the highest peak signal-to-noise ratio (PSNR) and structural
similarity index (SSIM). For the other two activation functions,
Sine seems to consistently outperform ReLU for the three
metrics. We further study the reconstruction performance
by examining their visualization results. We use the joint
histograms of length and curvature. The reconstructed joint
histograms of two example bundles are shown in Fig. [T} We
find that Sine often creates high-frequency signals that are not
prominent in the original histogram, and ReLU may miss some
values. In contrast, using the star operation, our autoencoder
can mostly resemble the original histograms.

APPENDIX B
BRAIN NETWORK REPRESENTATION

Data preparation. The brain network of a subject is a
graph, where each node is a brain region and an edge is the
fiber bundle connecting two regions. Each edge is associated
with a latent vector, created from the fiber bundle representa-
tion, containing both DTI and geometric features. We construct
a dataset of 198 brain networks, each corresponding to one
subject. The networks are fed into a graph neural network
for a classification task, where the subjects are classified as
healthy, mild cognitive impairment, severe cognitive impair-
ment, and AD. This forces the network to focus on AD-related
information.
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Fig. 2: Tllustration of our GNN structure. It includes a multi-
layer graph encoder to extract node embeddings at different
scales; SAGPooling is then used to obtain graph-level repre-
sentations, followed by an MLP classification head to predict
the subject’s diagnostic class.

Model design. Our brain network representation model
follows the typical graph classification network structure, as
shown in Fig. 2| It consists of three modules: the graph
convolution layer for aggregating neighborhood information
and updating node features, the pooling layer to generate
graph-level representations, and the linear head to classify the
graphs.

For aggregation of node features, we use attention-based
graph convolutional layers (GAT) to pass information between
nodes. To capture structures across scales, our graph encoder
consists of multiple GAT layers. Following each GAT layer,
we use an additional GraphNorm layer to prevent nodes with
higher degrees from dominating the aggregation. GraphNorm
is proven to improve training stability and accelerate model
convergence in graph neural networks [[10].

For learning graph-level representations, we use a self-
attention-based pooling (SAGPool) to collect node features.
Pooling is a process of graph coarsening, where similar nodes
are clustered together. Therefore, it requires a proper score
to identify the prominent nodes that remain in the coarsened
graph. SAGPool leverages a network to learn the self-attention
score for each node, considering both node features and graph
topology information, using the following equation:

Z—0 (D—%AD—%X@M) , o

where A and D are the normalized adjacency matrix and the
degree matrix, respectively, and ©,; is a learnable attention
parameter. The nodes are ranked by scores, and the nodes with
higher scores are kept after the coarsening.

For classification, we use a simple linear classification head,
because the graph encoder already extracts the important
information for the classification. Skip connections are used
to propagate classification information.

Training and Performance During training, we split the
data with 20% as the testing set. We used a cross-entropy
loss because predicting the subject labels was a typical clas-
sification task. We included an L2 regularization term with a
decay rate of 107> to prevent overfitting. We used the Adam

TABLE II: Performance comparison of our GNN and without
SAGPool and GraphNorm. The precision, recall, and F1 scores
are computed using the macro average.

method \ accuracy T F1 1 precision T recall 1
our GNN 0.77  0.79 0.83 0.77
w/o SAGPool 0.67  0.60 0.60 0.67
w/o GraphNorm 0.64 0.54 0.52 0.64
77.54 DTI features
Geometric features
75.0 4 Hybrid features
72.5
g 70.0
>
o
©
5 675
(9}
|}
<
65.0
62.5
60.0
1 2 3 4 5

Number of GAT convolution modules

Fig. 3: Performance comparison using three types of features
(DTI features, geometric features, and hybrid features), along
with the performance of the graph encoder containing multiple
GAT modules.

optimizer for parameter updates. The batch size was set to 64
brain networks and the model was trained for 200 epochs. The
learning rate started at 10~3 with a 0.1 decrease scheduler.

We examined our model design with an ablation study to
assess the impact of individual components. The results in
Table [lI| confirmed the effectiveness of both SAGPooling and
GraphNorm. With these two modules, our model outperformed
the alternatives without them in all four classification metrics,
including accuracy, recall, precision, and F1-score.

We then used the full model to study the impact of the
feature type and network depth. For the feature, we experi-
mented with three types of features as the input: DTI features,
geometric features, and hybrid features. The hybrid features
included both the DTI features and geometric features. For the
depth, we assessed the performance of graph encoders from a
single layer to five layers.

Fig.[3|confirmed the effectiveness of combining the DTI and
geometric features, because the model trained with the hybrid
features consistently outperformed the models trained with in-
dividual types of features. The models trained with individual
types of features delivered similar overall performance: the
models of 1, 2, and 4 layers performed better with geometric
features, and the models of 3 and 5 layers performed better
with DTI features.

In terms of depth, we found the models generally performed
the best with a moderate depth. The model trained with
the hybrid features and the DTI features delivered the best



performance at three layers, and the model trained with the
geometric features reached the best performance at two layers.
A possible explanation is that the network may not collect
enough regional information when it is too shallow, and it
may smooth out the information when it is too deep.

Based on the above results, we train a three-layer network
with SAGPooling and GraphNorm modules using both DTI
and geometric features, for the exploration presented in the
case studies.

APPENDIX C
SYSTEM IMPLEMENTATION

Our system framework consists of two components: a data
processing engine and a user interface. The data engine
extracts geometric features from fibers and represents fiber
bundles and brain networks as latent vectors. The user inter-
face reads and renders the fibers and associated features.

Data processing and timing performance. The data pro-
cessing engine consists of a CUDA module for geometric
feature extraction and two neural networks implemented using
PyTorch for the representation. Our data has 43,327 fibers
and 14,124,602 control points on average for each subject.
The geometric feature extraction requires 10.03 seconds to
process each subject’s fibers, using an NVidia GeForce RTX
4090 graphics card. The fiber bundle representation network
reads the geometric and DTI features and produces the
bundle representations, which takes 2.91 seconds for each
subject. The brain network representation reads the bundle
representations and outputs the network representation of
a subject in 1.18 seconds. Please refer to the repository
https://github.com/sysuvis/neurolens for the implementation of
the representation networks and user interface. Overall, the
data engine can prepare all data for an individual subject
in 14.09 seconds, which is efficient enough for clinical use.
Under research settings, researchers usually need to study
many subjects simultaneously, typically several hundred. Our
data engine can still generate the required data in hours, which
should meet the time requirement as well.

User interface. Our user interface is a standalone desktop
application built with the Qt framework in C++. All visual
components, including 2D charts and the 3D fiber view, are
rendered using OpenGL. User interactions are handled by Qt,
which may trigger renderer updates as needed. The most com-
putationally intensive operation is refreshing the brain fiber
renderer, which takes an average of 0.39 seconds, ensuring
the system remains largely interactive using an NVidia RTX
4090 graphics card. However, when the user interface is run
on a less powerful machine (e.g., a laptop), it may need to
rely on remote rendering, transmitting either a video stream
or rendered images to the interface. Given that our exploration
primarily relies on the 2D charts, we do not anticipate frequent
updates to the fiber rendering. Therefore, minor rendering
lag should be acceptable. During runtime, the application
consumes approximately 2.7 GB of memory, which includes
both data management and rendering buffers for one subject.
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Fig. 4: Comparison between an AD subject and an HC
subject. (a) displays the exploration process of the selected
observation object. (b) shows the joint distribution of fiber
bundle geometric features corresponding to the AD subject. (c)
displays the DTI features of the AD subject (purple line) and
the HC subject (orange line). (d) highlights the corresponding
fiber bundle of the AD (purple) and HC (orange) subjects. (e)
displays their brain region embeddings and differences in the
network comparison view.

APPENDIX D
ADDITIONAL CASE STUDY: COMPARING AD AND HC
INDIVIDUALS

Exploration goals. Following the group-level comparison,
the experts aimed to further investigate the detailed differences
between two individuals with AD and HC. Toward this goal,
they selected two individual nodes within the global embed-
ding. In contrast to the previously analyzed distant groups,
these nodes were located in close proximity to reveal more
subtle differences. The purple node represented an AD subject,
while the orange node represented an HC subject.

Examining the regional differences. E1 selected the
darkest red node in the network comparison view, as shown
in Fig. [] (e). The position of the node indicated an ROI in
the medial temporal lobe, and its color indicated a marked
difference between the two subjects. By hovering over the
node, the expert found the node to be the left parahippocampal
gyrus, which plays a critical role in cognitive processing and
memory functions. 1 and E2 explained that the hippocampal
region is capable of autonomous firing, making it particularly
susceptible to focal brain damage.

Furthermore, the experts observed several red nodes in
the upper region of the comparison view, corresponding to
the frontal lobe. This observation was further supported by
comparing the matrices in the two embeddings, where the
matrix of the frontal region (upper left) and the matrix of
the temporal region (lower left) exhibited more pronounced
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differences. These two matrices of the AD subject showed a
higher number of red cells, indicating a broader distribution
of nodes in the embedding. £'1 and E2 noted that both the
frontal and temporal lobes contain projection neurons and are
densely connected with other brain regions.

Investigating the bundle difference. The experts decided to
further examine the fiber bundle connecting the parahippocam-
pal region to the frontal lobe. E2 further explained that this
pathway is implicated in various neurodegenerative diseases,
including AD and epilepsy. They selected an edge connected to
the dark purple node, as indicated by the red line in Fig. 4 (e).
This edge represents a fiber bundle connecting to the frontal
lobe in the right hemisphere.

Their analysis began with the geometric feature distribu-
tions, as shown in Fig. ] (b). The experts found that the fibers
exhibited moderate length and curvature in both subjects, with-
out indicating any overt abnormalities. They further verified
this in the fiber rendering view, as shown in Fig. E] (d). While
the overall shape of individual fibers appeared similar across
subjects, the experts noted that the fiber bundle terminals in the
AD subject were more dispersed, suggesting possible neuronal
degeneration.

Subsequently, they examined the DTI features of the fiber
bundle, as depicted in Fig. ] (c), where the purple line
represented the AD subject and the orange line represented
the HC subject. The experts observed that the AD subject
exhibited lower FA but higher AxXD and RD values. They
explained that FA reflects the integrity of white matter [6],
and a reduction in FA might indicate progressive white matter
damage in AD. Furthermore, they noted that RD tends to
increase due to demyelination associated with AD [60]], and
AxD has also been reported to increase with white matter
neurodegeneration [16]]. Based on these findings, the experts
suggested that the observed reduction in white matter integrity
may contribute to increased fiber dispersion, causing the fiber
pathways to appear more divergent.

Validation from literature query module. Based on these
observations, £'1 and E2 attributed the abnormal fiber con-
nectivity in the parahippocampal region of the temporal lobe
to pathological changes in 7 proteins. This hypothesis was
validated using the literature module. They found that T
protein initially accumulates in the temporal lobe and spreads
from the entorhinal cortex to the parahippocampal cortex,
eventually reaching other brain regions [73].

APPENDIX E
QUANTITATIVE ANALYSIS OF FEATURE DEPENDENCIES
VIA MUTUAL INFORMATION

To support the observation discussed in Section 3.1, we
provide a quantitative analysis of the dependencies among
geometric features using mutual information. As illustrated in
the right bottom corner of Fig. [, we analyze the pairwise
relationships between geometric features. Mutual information
I(X;Y) measures the amount of information obtained about
one random variable X given another variable Y, defined as:

I(X;Y)=> "> pla,y)log (p(xy)) , G

22 p()p(y)

where x and y are observed outcomes of the variables X and
Y. In Fig. |I} we find that the mutual information between
features is small, compared to their own information (ranging
from 5.6 to 5.8). The mutual information between the entropy
and the fiber length (1.8) is the highest, as short fiber tracts
are often stable exhibiting fewer variations; while all other
variables share little information (< 0.68), indicating their
interactions cannot be revealed by individual variables. These
joint interactions suggest that analyzing their joint distribution
is necessary.
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