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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.

W. Zhang is with the School of Computer Science and Engineering, Sun
Yat-sen University, China. E-mail: zhangwh79 @mail2.sysu.edu.cn.

J. Tao is with the School of Computer Science and Engineering, Sun Yat-
sen University and the National Supercomputer Center in Guangzhou, China.
E-mail: taoj23 @mail.sysu.edu.cn. He is the corresponding author.

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:

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.

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

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

Brain ber clustering. Traditional ber clustering methods
leverage proximity measures between bers [75] for clus-
tering. Everts et al. [19] compute the similarity between
streamlines based on the ber tract segments. Goceri et al. [24]
cluster bers by matching distributions produced by the Gaus-
sian mixed model. Franke et al. [22] propose FiberStars,
allowing users to interactively differentiate between ber clus-
ters through the distance in 2D space. Deep learning-based
approaches were also developed to group bers for exploring
connections between brain networks and neurodegenerative
diseases. Gupta et al. [25], [26] propose FiberNet, using

a convolution-based network to extract ber shape featur'e_§g. 1: Limitations of the existing approaches for extracting

Ior clusteliing these t?ers. Ir:j addition to the uhr,]sr‘:pe_rl‘_’iseﬁ*formation from brain networks. The red rectangle shows the
rameworks, Lam et al. [36] design TRAFIC, which utilize§,, ;00 rehensive information used to represent the ber bun-

supervised signals to classify the brain bers into anatomical es, and the blue rectangle shows the lack of joint interactions

signi cant groups. It outperformed previous approaches i ong ROIs and bundles for representing regional or whole
accuracy and ef ciency on multi-class tasks. Chen et al. [1 ain information

use a convolution network to embed brain bers. Instead o
the conventional reconstruction loss, their approach used the

distan_ce between ber pairs as labels. coordinated views for selecting and visualizing bers in both
Brain ber representation. Benou etal. [7] use arecurrentyaiia| and feature spaces. Similarly, Chen et al. [11] embed

network to map the diffusion-weighted imaging sequences | pers into a unied space, enabling the comparison of

probability distributions, simplifying the ber tractography.y iple datasets within this embedded space using heatmaps.

Nath et aI._ [44] applied a rfasidua! network to_learn Neurter et al. [32] introduce FiberClay, visualizing DTI ber
transformation between diffusion-weighted MRI signals ang, i< in immersive environments.

ree(le stru_cture. I-f|a|nl|ne ?.t a(lj. [27.] fltthherflntr?duce. the ?'ﬁs In terms of bundle modeling, our approach considers the
and variance ot generalized anisotropy fractions In-a Wiyeometric features beyond the traditional strength or DTI
connected network. Li et al. [37] propose SuperDTI, whic

¢ f diffusion i o ber tract hv Vi atures [70] and further incorporates the connections among
ransiers a ditusion image to ber tractograpny via a Cor\"eatures, which are not available in existing approaches using
volution network. SuperDTI can ef ciently perform ultrafast

diffusi ; X d b hv R h eometric features [55]. By leveraging the GNN, it extracts the
fffusion tensor imaging and ber tractography. Research Qo re|ations between brain regions, allowing the detection of

ber ongntatlon is an effective method for exp_lonng b.ra'ncollective anomalies involving multiple regions. Leveraging
connections. Zen et al. [74] propose FodNet, which consistsy fe rich information, our approach can support comparison

convolution I'ayers and spher.|cal harmqnlc cpef C|'ent .bloc.ksat multiple scales, including subject groups, collective brain
FodNet obtains super-resolution ber orientation direction m"egions and bundles

ages from DMRI images. It is the rst work to generate super-
resolution ber orientation distribution from low-resolution
images. [1l. OVERVIEW
3D brain ber visualization. For rendering brain bers, A Backaround and Motivations
Petrovic et al. [47] introduce a GPU-accelerated white matter 9
tractography rendering system that generates fully shaded anth this paper, we focus on the structural brain network,
labeled stream tube simulations. Brecheisen et al. [8] introdusbere nodes are the anatomical regions of the cerebral cor-
an early stopping strategy using a speci ed threshold to tratdéx. These nodes are interconnected by white matter bers,
bers without affecting their shapes. Merhof et al. [42] emplowhich consist of clusters of axons that establish the network's
textured triangular strips for rendering large collections afdges. The regions of the brain, identied as Regions of
dense ber bundles. This approach supports the real-tinerest (ROIs), are consistently aligned across all subjects
rendering of high-quality and interactive ber bundles. Rewithin a specic cohort, facilitating uniform analysis. The
searchers also embed brain bers into a feature space for ar@nnectivity between these ROIs is predominantly estimated
ysis. Brecheisen et al. [8] develop an interface with multiplesing diffusion-weighted magnetic resonance imaging, with



in the clinical diagnosis of neurological diseases, respectively.
Their research primarily focuses on AD, epilepsy, and Parkin-
son's diseaseE3 is a neurologist with eighteen years of
experience in cerebrovascular diseases and cognitive disorders.
E4-E6 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].
Fig. 2: Overview of the NeuroLens framework. Guided by R1: Flexible selection of subject groupko identify unique
three design requirements (R1-R3), the framework consistscoihnectivity bio-markers, experts often compare the group
brain network analysis and visualization components. Lateoft subjects with the healthy controls. The subject groups
representations derived from raw data support three viewdgth changing severity of disease are also compared with the
subject selection, network comparison, and bundle featurealthy controls to understand the disease progression. The
exploration. 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
Diffusion Tensor Imaging (DTI) serving as the primary methoghvestigation. To support these tasks, the system needs to
for this estimation [5]. enable exible selection by combining multiple criteria.

The exploration of brain networks requires accurate repre-R2. Visual comparison of subject groupsclinical practice,
sentations at multiple levels, which may not be fully availablédentifying connectivity bio-markers often relies on inspecting
In Fig. 1, we illustrate two key limitations in existing repredifferences across subjects with the naked eye, which is
sentation approaches for brain networks. subjective and prone to oversight. This limitation indicates the

First, the existing ber bundle modeling is incomprehensiveneed for effective support to localize signi cant variations and
as illustrated in the red rectangle. Early approaches [56], [7ddovide interpretable insights into their underlying causes. Ex-
only use one scalar number (the number of bers) to represqudrts are therefore interested in understanding differences be-
the connection strength between two ROIs. Later approachegen subject groups from multiple perspectives. For instance,
introduce DTI features [55], [70] as a vector and distributiorthey seek to identify which regions or ber bundles exhibit
of geometric features [55] derived from ber tracts. Howevesigni cant variations, and more importantly, to examine the
these approaches ignore the interrelations among featutesierlying reasons why these regions or bers are considered
leading to unrevealed information. We provide a quantitatidistinct.
analysis of feature dependencies based on mutual informatiorR3. Detailed examination of ber bundlehe experts
in Appendix E. believe that the brain bers represent more details of brain

Second, the existing approaches do not extract holistonnectivity, compared to the brain network with a single edge
regional information at multiple scales. As shown in the blueeight of connectivity strength. The analysis of brain con-
rectangle in Fig. 1, the elements (i.e., ber bundles and ROIsgctivity should be conducted from multiple perspectives, on
are often rated individually, leading to a score of signi cancdiffusion features at the voxel level and on geometric features
corresponding to one element. This element-wise evaluati@presenting the physical shape of brain bers. Therefore, the
may overlook the interactions among elements, hindering tdemain experts want to examine the details of ber bundles of
discovery of collective anomalies. Additionally, missing thénterest. They would like to observe the features of a speci ed
representation of the entire brain network may fail to provideundle and view the 3D bundles in the context of all brain
hints for identifying subjects of interest during exploration. bers.

B. Design Requirements C. Design of System Framework

To better understand the research problem of brain networkDriven by the requirements, we design the framework of the
exploration, we teamed up with domain experts to identifyystem, consisting of two major components: brain network
design requirements. We invited six experBS1{E6) with analysis and visualization, as shown in Fig. 2. First, at the
different research domains and experiende%.and E2 are brain network analysis level, we organize the raw data and
neurology clinicians with sixteen and six years of experiengenerate latent representations at both the brain and bundle



(1) Bundle data collectionBoth 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 bers, which are traced
using the tractography algorithm [34]. These features reveal
bundle characteristics beyond connection strength.

We consider ve 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
\éalues over its bers, we extend the existing approaches [55]

Fig. 3: An overview of our representation framework. The re considering both the distributions of individual features and
rectangle shows the ber bundle representation that takes {ﬁe

strength, DTI properties, and joint distributions of geometrig . joint distributions of pairs of features over the bers of
gm, prop ’ J 9 a. bundle. As shown in Fig. 1, using the joint distribution

features as input and outputs a latent vector as the represep(}abharacterize the features of a bundle can reveal more

tion. The blue rectangle shows the holistic brain representatioq, . : : : e
. . . . nformation. According to correlation analysis, the distribution
which aggregates the information over the brain network {

. . . of features on speci ¢ bundles may have a strong correlation,
form a representation at multiple scales, starting from the "~~~ = . L
. réquiring integration of these features. The example in Fig. 1

bundle representation. . N
shows that while bers generally have a longer distribution

and smaller curvature, the curvature of a portion of the longer

levels. The brain representation provides an additional featup€rs has already begun to increase (within the red box). In
dimension to support subject selection (R1), while the bund®!’ |mplementat|on,_the joint dlstrlbuuo_n of two features is
representation enables detailed analysis at multiple scales (R@presented by a histogram @0 20 bins and the mean
Second, at the visualization level, we support the desiGid covariance matrix produced by the Gaussian mixture
requirements through three main views: a subject selectiBlpdel (GMM). GMM captures the macroscopic statistical
view that combines demographic information with brain repré2formation of the bundle to ensure the overall pattern is
sentations to specify subjects of interest for comparison (RERPtUred. _ _ _

a network comparison view that identi es regions of interest (2) Bundle encodingTo integrate the multifaceted data
across scales (R2); and a bundle feature exploration view tRatiected from a ber bundle, we represent the data in a

facilitates ne-grained examination of ber bundles (R3).  Unied latent space using an autoencoder, as shown in Fig. 3.
The latent space captures essential structural patterns with

IV. APPROACH a lower-dimensional representation, enabling more effective

roup discrimination compared to traditional metrics [30]. The

using the GNN to provide a foundation for exploration Foencoder consists of an encoder apd a decoder: convo-
' __ltional layers are used to extract spatial structural features

”Ixjtratedmmtrilzlgf 3;[ ?t the it;}undlt:] scatle,nwedlnrteg_lfate Dt rom the joint histograms, and linear layers embed macro-
and geometric features using an autoencoder. 10 cap c%pic statistical information (e.g., the covariance matrix). The
information at larger scales, we leverage the GNN to iterative

. _encoder progressively compresses these features to produce
collect and aggregate features from progressively larger neid| mpact latent vectors, which reside in what is known as a
borhoods, with the highest-level representation correspondig f

. . . ; Sttleneck layer. The decoder then reconstructs the original
to the entire brain. In addition to these representations, \1@ y 9

Our approach employs a multi-scale representation strat

include a literature query module to support validation a eput from this Iatt_ant representgtion u_sing upsampling linear
contextualization of exploration results. In this section, w yers. Through this reconstruction objective, the autoencoder
focus on the overall representation pipéline while deférri arns to preserve meaningful features in the latent space that

. o . . ) ort comparison and downstream analysis. Full details of
model architectures, training details, and ablation studies to P P Y

. : [ k archi ini
appendices: Appendix A covers the bundle-level representat%pdd;ggggip;?f ;sésslnég,en:rt;/\\//?cri e ; r|(r:1 gg;tg;z,i;rimmg strategy,

:oerz\ri:er(:zgvivclntr?—ltg?e?lrjetzgtraen;gr?tzrt’ioin:l:rﬁzznv?/:i(h I?;htieécl:\rlllz)es t Brain representation. The brain network of each s_ubjec_t is
" represented as a graph, where the nodes are brain regions of
_ interest (ROIs) and the edges are ber bundles between ROIs.
A. Data Representation This structure allows us to aggregate the bundle information
Bundle representation. We consider a rich set of bundleto describe the individual ROIs, features across scales, and the
features and transform the features into latent vectors to foemntire brain Fig. 3. Given the graph structure, GNNs become
bundle representations using an autoencoder [30]. a natural choice for such aggregation.



(1) Representation lossnstead of conventional reconstruc-obtain the representation of the entire brain through global
tion loss, we adopt a classi cation loss as the training targpboling followed by a simple linear classi cation head. This
for our representation model. The classi cation task requiretassi cation head enforces the extracted information to be
GNNs to predict the diagnosis class of a subject given helosely related to the diagnosis of the disease.
brain network. The diagnosis classes include healthy controlsDetection Module. Our detection module evaluates the
(HC), early Mild Cognitive Impairment (eMCI), late Mild global signi cance of the embedding features at various scales.
Cognitive Impairment (IMCI), and Alzheimer's Disease (AD)This module uses the attention mechanism to capture the
subjects. By focusing on classi cation loss, the network isnderlying interconnections among regional representations
forced to learn features critical to the disease diagnosamd their impact on the entire brain network. Inspired by
thereby enhancing the diagnostic relevance of the regiomal et al. [38], we believe that the regional representation
representations. is associated with dense semantic information pertinent to

(2) Brain region encodingTo represent information acrossdisease diagnosis. Therefore, we utilize the detection module
scales, we rst aggregate the bundle (edge) information to recover diagnostic categories directly from the regional rep-
the corresponding ROIs (nodes), and then use the GNN rsentations, noting that regions with higher attention weights
propagate information among ROIs. Different pooling strateentain more diagnostic information.
gies are used to summarize neighborhood information: mearSpeci cally, to describe the signi cance of the regional
pooling captures global trends, while max and min poolingpresentations and their interrelations, we use the attention
emphasize locally salient signals. This section outlines the keyechanism from the transformer [66]. As illustrated in Fig. 3,
design choices, while details of the GNN architecture, traininge detection module consists of an attention layer and a
procedure, and ablation studies are provided in Appendix Beed-forward (FF) layer. Each of them is followed by a layer

Our encoding model for brain regions leverages multipi@ormalization (LayerNorm) and corresponds to a skip connec-
graph attentional layers [9], [67] to aggregate informatiotion. In the attention layer, the interaction between regional
across scales. The input to graph attentional layers is a set@fresentations is blended through an attention module, which

node featuredd = fhl;h);:::;hl g;h! 2 R, whereN is the updates the representations using:

number of nodes, arlds the index of the graph attention layer.

The output is a new set of node featutés™ by aggregating 0 X )

the information to each node from its neighbors. This can be hi’=  attention(h;;h;) val(h;): 3

viewed as an information collection procedure for representing J

features at various scales. Meaningful aggregation shodtHe attention mechanism resembles the propagation of infor-
weight the neighbors based on the relationships among nog&stion along connected pathways in the brain network. To
(ROIs), which is captured by learnable linear transformationspsure the extracted interrelations are physically meaningful,
parameterized by weight matric¥® . We then perform self- we use the adjacency matrix of the brain network to extend
attention on the nodes to obtain the importance weights #fe mask matrix used in the attention mechanism. The re-
each node within its neighborhood: lationships between disconnected brain regions are masked,
similar to Graphormer [72]. Moreover, we also leverage a
classi cation token [18] connected to all brain regions, in order
to extract a global embedding of the entire brain network for
where j assesses the signi cance of noge features with the subject.
respect to node. With these attention coef cients, a weighted Then, we utilize layer normalization. Since all tokens are
linear combination of neighbor features produces the outputrmalized to a Gaussian distribution, the discrepancies re-
features for each node: sulting from inconsistent measurements can be diminished.
In the FF layer, we use a multi-layer perceptron (MLP)
0 1 to implement the forward embedding process. The features
hi*l = @X W oh!A - @) embedded through the FF layer are added to the original
! LI features, proceeding to the subsequent layer normalization
calculation, i.e., FEH) = MLP( H) + H.

j = Softmax (Wgqhi)" Wh; ; @

j2N;

whereN; denotes the set of neighbors of ndd@y applying

a series of attention layers, the latent veckdr gradually .

expands its vision to capture information at larger scales. By Literature Query

choosing the latent vectors produced at different layers, weThe literature query module allows users to immediately ac-
can extract neighborhood information at different scales. Thgire related information from existing literature, so that they
latent vectorh' is referred to as theegional representation can verify their ndings and re ne their exploration directions.
at scalel. This representation aggregates information fromoward this goal, the query module leverages a large language
neighborhoods of different extents (determinedipyaround model (LLM) to process diverse natural language queries
each ROI, encoding collective structural patterns rather thand retrieve relevant information from the literature. In our
individual ROl properties. The visualization preserves thenplementation, the LLM is used to fetch information from
same anatomical ROIs across scales, while their represemteinowledge base. Speci cally, given the queries, the LLM
tions re ect an increasingly global context. Finally, we cais used to identify the most relevant sentences and gures in



retriever.

In our current system, MPNet [59] is used as the retriever,
and Llama2 [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 nding the most
relevant sentences in our knowledge base. LlamaZ2 synthesizes
the retrieved information into comprehensive answers. Llama2
exhibits two key advantages as a generator in our query mod-

Fig. 4: The work ow of Literature Query. A query is rst Ule. Firstly, it adopts group query attention to accelerate infer-
represented as a vector by the embedding module for semafifi€e speed, providing interactive performance for exploration.
matching the vectors representing information of text chunicondly, Llama2 has 7 billion parameters and a context size
in the knowledge base. The matched literature chunks &fmore than four thousand tokens, enabling the understanding
passed as prompts into the LLMs, which compose an ansv@édialog context and supporting multiple subsequent queries.

based on the extracted information and sends the answerl @mPprove ef ciency, we use a virtual LLM (vLLM) tool [35]
the NeuroLens interface. as an LLM serving engine. vLLM improves the throughput of

Llama2, while maintaining the same level of latency. It also
provides ef cient memory management to handle the attention

- o . . keys and values.
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 knowleddge Interface Design

base, and how we align the LLM with the knowledge base. 1414eting the aforementioned requirements, we design Neu-
Knowledge base constructionThe knowledge base com-roLens to facilitate holistic exploration and comparison of
prises over three hundred papers on brain bers. We collectgghin networks of subjects or subject groups. Fig. 5 shows
these papers from Google Scholar using a crawler scrigie interface of NeuroLens, consisting of ve views, namely
To ensure relevance, we applied keyword ltering, selectingie subject selection view, network comparison view, bundle
articles containing at least one of the terms: “brain ber’feature view, bundle rendering view, and literature query

“ber bundle”, “brain network”, and “Alzheimer”. We exam- view. We start by introducing the typical work ow and then
ined the publication years of the top 100 search results pgaborate on each view in this section.
keyword on Google Scholar and found that most papers wereTypical work ow. NeuroLens adopts a hierarchical explo-
published after 2010 (e.g., 83 out of 100 for “brain network”}ation work ow that guides users from a high-level overview
Based on this trend, we restricted the main publication rangﬁsubject groups down to detailed ana|ysis of Speci c ber
to 2010-present to focus on recent advances. To inclugigndles. The process begins in the subject selection view,
foundational work, we also added highly cited papers frofghere users can de ne two groups based on their labels or
the 1990s with more than 2,000 citations; apart from thgain network representations (R1), as shown in Fig. 5 (a).
seminal study by Basser et al. [5] with over 5,000 citationgjsers then explore and compare ROIs at different scales in
this threshold captures other in uential early DTI studies thahe network comparison view Fig. 5 (b), identifying those
provide important theoretical and methodological context. ¥aat exhibit notable differences between groups and selecting
ensure the accuracy of gure-related queries, we manuall¥lated ber bundles for further investigation (R2). Detailed in-
process the papers to extract gures and captions. In the qu@symation about the selected bundle is displayed in the bundle
stage, the LLM uses the captions to match, and the system ¢g#ture view and the bundle rendering view Fig. 5 (b) (d), pro-
show both the caption and the corresponding gure. viding both quantitative and anatomical insights (R3). Based
Information Retrieval and answer generation. We em- on these insights, users can iteratively guide their exploration
ploy the Retrieve Argument Generation (RAG) work ow foror validate ndings using the literature query view Fig. 5 (e),
this task. RAG combines information retrieval and genewhich supports natural language search over a publication
ative models, empowering the LLM to extract knowledgdatabase.
from extensive texts and incorporate the knowledge into theSubject selection view.This view supports the exible
generated responses. This strategy has proven to be higddlection of subject groups (R1) in a cross- ltering manner,
bene cial for LLMs. RAG is built upon the joint usage of based on demographic attributes, diagnostic labels, and their
two essential components: thedrieverand thegenerator The global embedding positions, as shown in Fig. 5 (a). It sum-
retriever rst identi es and fetches the pertinent informatiormarizes subject-level information. On the left, two histograms
from an extensive corpus of textual data, and then the generatisplay demographic distributions of age and years of edu-
produces answers based on the information supplied by tagion, supporting exploration of population-level trends. In

V. VISUALIZATION



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 ber bundles. (d) Fiber render view for visualizing the bers in physical space. (e) Literature query
view for querying and answering questions using natural language.

the center, a confusion matrix encodes diagnostic predictitink diagrams for visualizing local neighborhoods of interest,
results, where each cell shows the number of subjects fehile embedding matrix plots to represent relationships within
a given combination of diagnostic labels and predicted laach of the four functional brain regions. Each matrix encodes
bels. This design facilitates the selection of subject groufise pairwise distances between ROI embeddings, providing
at different stages of disease progression. On the rightaaompact summary of structural similarity within a region.
scatterplot visualizes the learned brain embeddings, revealifige solid links between nodes and the matrix re ect the
the distribution of brains in the representation space. All chadennectivity strength between the ROI neighborhood and the
support interactive brushing and linking. Users may brudbnctional regions, and the dashed links suggest the brain
the two histograms and the global embedding or click tHanctional regions to which the nodes belong. We emphasize
cells in the confusion matrix for cross- Itering. Users maythe functional regions because their damage is often associated
select two groups of subjects in this view, denoted by theith neurodegenerative diseases. By preserving both local
purple and orange colors, respectively. This view helps tmnnectivity and regional internal structure, this design enables
explore how demographic and diagnostic patterns relate itgpection of ROIs within and across functional areas. This
brain representations. design facilitates comparison of patterns across subject groups,

Network comparison view. This view displays the ROl and may help reveal regional changes in brain organization that
representations of the two selected subject groups at a speciard associated with disease progression.
level (R2), as shown in Fig. 5 (b). Note that the level indicates Bundle feature view. This view visualizes the feature
the size of a neighborhood being considered. Therefore, ealitribution of a selected ber bundle, supporting direct com-
node in this view may correspond to a structure involvingarison of ber-specic properties between subject groups
multiple ROIs in the brain. The two plots on the sides visualizgR3), as illustrated in Fig. 5 (c). On the left, the joint
node distributions for the purple and orange subject grouggstogram encodes the bivariate distribution of two geometric
respectively. These nodes are embedded into 2D screen sgaa&res, complemented by marginal histograms that reveal the
using t-SNE to highlight structural differences between groupsnivariate distributions along each axis. This design captures
Node brightness encodes attention weights from the detectibe joint variation of features, providing a more intuitive
module, with darker nodes indicating stronger contributiorcharacterization of ber shape distributions. Users can identify
to the diagnostic prediction. The middle plot overlays nodetructural trends that may not be apparent when features are
level differences onto a brain illustration. Each node depiot®nsidered in isolation. On the right, a parallel coordinates plot
the difference between the same node in the two groups, witisualizes DTI features for the two selected subject groups.
red nodes indicating large differences. The nodes in this planhes are colored purple and orange to represent each group,
are placed according to the locations of respective ROIs. Théspectively, enabling direct comparison of diffusion feature
helps the experts build connections between the two plgtatterns. This design supports rapid identi cation of domi-
on the sides. These plots together support the identi catiorant differences in diffusion properties. These plots together
of potential bio-markers by localizing differences within thesupport detailed pattern recognition of brain ber bundles,
physical brain regions, bridging abstract model representatidasilitating the identi cation of structural differences within
with interpretable anatomical insights. ber bundles.

We further incorporate a design inspired by NodeTrix [29] Fiber rendering view. This view presents a 3D rendering of
to support concise visualization and aligned comparison, alé bers, allowing domain experts to explore the data within
illustrated in Fig. 6. This hybrid representation retains nodés original anatomical context, as shown in Fig. 5 (d). The



on the design choices for subject selection and network
comparison, which play a central role in supporting exible
cohort de nition 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. 6 (a). While effective
for targeted lookup and consistent cohort construction, these
uni ed designs provide limited support for exploratory anal-
ysis. However, these uni ed 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 suf cient ability for individual re nement, or focus on
subject selection while making it dif cult to express combined
selection criteria. To avoid these drawbacks, we adopt a multi-
view design for cross- Itering. This design allows users to
select subject groups based on demographic information and
diagnostic labels, and further re ne 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-speci ¢ structures. Overlay facilitates correspon-
dence but can introduce clutter for anatomic views or damage
structures in individual groups for embedding views, while
Fig. 6: Design alternatives and our corresponding choices fJfle-by-side improves separation but requires extra alignment
subject selection and network comparison. effort. No single combination sufces, motivating a hybrid

design. Therefore, we adopt a hybrid anatomical design in

which an overlay view at the center serves as a stable reference
selected ber bundle is rendered in blue, while all other ber$ connect the two groups, while the groups themselves
are shown in semi-transparent gray to provide spatial refererate visualized separately to observe their internal structures.
without overwhelming visual attention. This contrastive desighhis hybrid design provides both a coherent reference for
highlights the spatial extent and orientation of the selecte@mparison and the exibility to explore group-speci c details.
bundle, facilitating detailed inspection of its shape, trajectory, Additionally, for embedding visualization, expert feedback
and anatomical relationships. This visual contrast emphasizedicates that detailed analysis typically focuses on selected
the selected bundle, enabling clearer inspection and support@Is and their immediate neighbors rather than the full
detailed structural analysis (R3). network. To support this analytic pattern, we employ a hybrid

Literature query view. This view is only displayed on design based on NodeTrix: functional regions are shown

demand, when users click the “Query” button in the panels matrices for easy correspondence between groups, while
as shown in Fig. 5 (e). Users may enter their query in natuisglected ROIs and their neighbors are visualized as nodes
language. The literature query module matches the relevamd links to highlight important connectivity structures. By
papers from our database, displaying their titles in the t@@mbining these representations, the hybrid design allows
area. The corresponding gure and its caption appear on thgers to simultaneously capture high-level patterns across
right. Additionally, the query module summarizes the relevafitnctional regions and inspect detailed local connectivity,
paragraphs in the matched papers and composes an answept@ading a balance between overview and detail that would
displayed on the left of this view. not be possible with a single representation.

B. Alternative Designs VI. EVALUATION

We discuss alternative designs and our rationales for crit-We collaborated with six domain experts in neuroscience to
ical components in our visual analytics interface. Since berxamine the effectiveness of NeuroLens. The same experts
bundle visualization follows established designs, we do ndescribed in Section 3 participated in this evaluation. This
further elaborate on its alternatives here. Instead, we focstsidy focuses on expert feedback on a visualization system
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