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Abstract

Evolving measuring and computing capabilities, along with increasingly complex problems or models, are resulting in a new
type of dataset: second-generation ensemble data. Like first-generation ensemble data, these data consist of large-scale, re-
peated measurements of the same process or phenomenon, and often have a spatial component. Unlike older datasets, they
typically require the extraction and aggregation of novel complex features, which may be generated through direct measure-
ments rather than simulations, and appear in a wider range of application domains, including neuroscience. We describe an
interactive visual analysis solution for this type of second-generation ensemble data, related to the study and planning of surgi-
cal interventions in epilepsy treatment. As part of this solution, we introduce a dynamic community abstraction in conjunction
with analysis algorithms for feature extraction and aggregation, registration techniques to correlate and project sample data,
and custom visual encodings to support the analysis of conserved network patterns. A quantitative and qualitative evaluation
with domain experts at four sites demonstrates the effectiveness of this solution. We discuss this approach and solution in the
context of second-generation ensemble data analysis, along with the challenges of working with this type of data.
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1. Introduction

Some epilepsy patients do not respond to medications [E*12,
JC15], but may respond to surgical intervention. Surgeons cannot
replicate on-demand epileptic seizures in the clinic as they seek to
plan interventions. However, neurologists can instrument the pa-
tient’s scalp with electrodes, then measure and observe electrical
activities generated repeatedly by electroencephalography (EEG)
recordings [AE* 18], in the hope of identifying repeated propaga-
tion patterns between affected regions of the brain [M*19]. Clini-
cally, in such cases, the presence of conserved patterns is used to
determine whether the patient is a suitable candidate for surgery:
consistent patterns indicate an underlying physiological structure
that can be addressed surgically. If repeated spatial propagation pat-
terns exist, the neurologists then seek to identify the origin region
of the propagation pattern, and then communicate the findings to
the surgeons. Surgically rescinding the origin region of such pat-
terns has the potential to disrupt future seizures [dAO1].

The example above is a modern instance of an ensemble dataset
and problem. Ensemble data, introduced as a data concept in 1992
and in the data visualization literature in 2005, are collections of
time-varying datasets (ensemble members) that model the same ob-
ject or process. Each ensemble member is characterized by differ-
ent input conditions, models, or parameters containing multivariate

© 2026 Eurographics - The European Association
for Computer Graphics and John Wiley & Sons Ltd.

attributes. First-generation ensemble datasets have been commonly
generated through high-performance computing simulations in en-
gineering and climate modeling [WHLS18]. They benefit from vi-
sual and statistical analysis to identify patterns, trends, and anoma-
lies. The main visualization challenges are due to the large scale of
the data, which leads to visual cluttering, slow rendering times, and
a significant learning curve for experts who have a low level of data
visualization literacy.

Advancements in measurement and computing technologies are
now producing spatial ensemble datasets, where the challenges are
no longer visualizing many members, but identifying the struc-
tures and features that must be extracted before meaningful com-
parison. In several recent visualization works [F*19, KBL22,v*23,
N*25], including contrail detection [N*23] and viscous-finger anal-
ysis [L* 18], the features of interest were not explicitly available and
thus required domain-guided abstraction, feature extraction tech-
niques, aggregation, and summarization. Motivated by these ob-
servations, in this paper, we introduce the term 2nd generation
ensemble datasets to describe cases where relevant spatial ab-
stractions must be defined or derived prior to visual, statistical, or
machine-learning analysis. Examples of such applications include
viscous-finger structures in fluid mechanics and clinically mea-
sured brain activity, where meaningful spatial patterns (“hard to de-
fine, but recognizable when seen”) require extraction before com-
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parison. Unlike first-generation ensembles, where features such as
temperature, pressure, or wind speed are explicitly available, these
datasets require determining what should be measured or aggre-
gated before analysis can be conducted. This distinction helps clar-
ify why recent machine learning surrogate approaches, which as-
sume pre-defined output fields or labels, are not directly applicable
until the necessary extraction has taken place. Second-generation
ensemble datasets can also be generated through direct measure-
ments rather than simulations [Z*17,C*20,W* 19, W*24]. As such,
they may contain fewer members but demand a more complex
spatial transformation. In our epilepsy study, clinically meaning-
ful features such as “spike propagation pattern” or ‘“seizure onset
region” are not explicitly labeled and must be inferred through
spatio-temporal network analysis, dynamic community detection,
and projection techniques. We therefore employ the term “second-
generation ensembles” in this context to position our work among
others that share similar extraction-first requirements.

This work makes a two-fold contribution. First, we present a
visual computing framework for analyzing spatial pattern conser-
vancy in dynamic brain epilepsy data. Our framework constructs a
visual computing solution to extract meaningful spatial measures
of pattern conservancy across multiple ensemble members and pin-
point the specific spatial locations that may be responsible for
seizure onset. From a visual computing perspective, in addition to
feature extraction, our solution introduces a social network-inspired
dynamic network abstraction and registration algorithms to cross-
correlate the spatial data and to map the data to 2D for analysis.
On the front-end, a multi-view interface leverages custom encod-
ings to support visual analysis of the data and model. We imple-
ment the resulting approach into an interactive system and evaluate
it with domain experts. Second, informed by this application and
by related visualization works, we introduce the concept of 2nd-
generation ensemble data. We reflect on how such datasets relate to
a broader family of ensemble problems, highlighting the necessary
shift in visual computing approaches from statistical summariza-
tion to more sophisticated data abstraction and feature extraction
techniques. Last, we discuss the characteristics and challenges of
working with this type of data.

2. Related Work

Ensemble visualization. Visualization techniques have been
proposed to analyze ensemble data in various domains such
as meteorology and climatology [P*09, S*10], physics [B*15,
HHB16], oceanography [H*14b, H*13], and biology [DPJP20,
HSSK16]. Statistical summaries, such as mean, variance [MWK 14,
WMK13], probability distributions [PWH11], and clustering meth-
ods [FBW16, FKRW16], are often employed to simplify ensem-
ble data, and statistical visual encodings and coordinated mul-
tiple views [N*23,L*18] are typically leveraged. For a broader
overview, readers are referred to recent surveys and STAR reports
on ensemble visualization [WHLS18, KH13].

Since 2017, ensemble data visualization emphasizes innova-
tive feature extraction across spatial domains, including computa-
tional fluid dynamics simulations [N*23,L*18] and climate simu-
lations [F*19,KBL22]. Other work analyzes directly measured en-
semble data in medicine [Z*17,C*20], threat assessment [X*19a],

or music [YC23], again with a focus on innovative feature extrac-
tion. Our work falls into this second category and also deals with
directly measured ensemble data. Our work is also the first to ex-
amine these new types of ensemble datasets and problems, which
we term "2nd generation ensembles", in the context of visualization
research.

Spatiotemporal visualization. Visualization of multivariate time-
dependent spatial data appears in domains such as medicine, cli-
mate research, or engineering [KH13]. Different visualization tech-
niques such as glyphs [N*23, TSWS05], time histograms [KBH04,
AFMO06], color and texture [HE99], layering [RBG07, KML99],
flow maps [AA11], volume rendering [N*23, CS99] and var-
ious interaction features such as brushing [HS04, K*08], fo-
cus+context [M*08] are used to display spatiotemporal attributes
of the data. For an extended discussion, readers may consult re-
cent surveys and STAR reports on spatiotemporal visualization
[DMKO5, A*08, AA06]. Our system employs a combination of
aggregation, 2D projection, and clustering techniques to visualize
spatiotemporal brain electrode data. This approach is further en-
hanced by various visualization techniques, including volume ren-
dering, color, line curves, and interaction techniques such as brush-
ing and focus+context, in addition to the line charts for EEG data
preferred by neuroscientists.

Brain network visualization. In brain network visualiza-
tion, common visual representations are matrix-based represen-
tations [M*17, SA*10, A*13, SA*10, BPF14], node-link dia-
grams [S*22, WCLEO05, S*05, X*19b], or a combination in a hy-
brid approach [M*15, Y*17]. Several systems look at functional
connectivity [R*15,ZFB10, HHK12], including EEG and Magne-
toencephalography (MEG) recordings with multiple user perspec-
tives [XWH13,SSWZ23], 2D and 3D network views [H*15,H*11],
or projections on three anatomical planes to represent human brain
networks [WCLEOQS]. These works focus on single-session and do
not allow comparison across multi-sessions. Fujiwara et al. [F*17]
proposed an interactive visual analytics tool for analyzing resting-
state functional connectivity data across multi-sessions. However,
they do not seek to extract repeated patterns. Our work leverages
similar visual encodings but is focused on pattern extraction. Com-
munity detection algorithms have been utilized in brain connec-
tomics to analyze brain networks, primarily to identify function-
ally co-active regions within a single recording session [M*17],
as well as to identify modular structures in static functional brain
networks derived from a single-session [GZYL23,NBB17]. These
approaches are typically applied to networks with fixed nodes that
represent stable brain regions, and do not account for variability
across multiple sessions. In contrast, our work focuses on epilepsy
ensemble data, characterized by repeated measurements and vari-
ability in electrode activation patterns across multiple sessions. We
aim to extract spatially and temporally conserved activation pat-
terns across multiple sessions, enabling the identification of con-
sistent activated regions over time.

3. Methods

This section describes our data, interdisciplinary collaboration set-
tings, analytical requirements, and computational methods for fea-
ture extraction, community detection, and pattern conservation.
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Figure 1: Feature extraction pipeline for network pattern analysis. The front-end interface helps communicate results as well as steer the
model development process. Input data are processed through (A) Event Detection (dDTF) to support the (B) Social Network Model &
Dynamic Community Analysis, and through (C) Registration & Patch Extraction, followed by (D) 2D Sample Projection & Silhouette
Analysis. The resulting outputs are combined to extract (E) Spatial Conservation Summarization, and the results are visualized through (F)

Visual Encodings.

3.1. Background Problem and Data

Epilepsy is a common neurological disorder characterized by recur-
rent seizures [OSR12, KSCW18]. Seizures manifest as dynamic,
spatial networks of electrical spikes that span multiple brain re-
gions, and which sometimes correlate with the location of brain
lesions. Although seizures are not frequent events, abnormal spike
networks are not only confined to seizures but also occur, in fact,
frequently between seizures. These abnormal spatial spike net-
works can be studied in the clinic by instrumenting the patient’s
scalp with electrodes (70 to 120 electrodes) and tracking the electri-
cal activity at these electrode samples across a handful of recorded
sessions (2 to 5 sessions) for brief intervals (120 to 600 sec-
onds). The electrodes are typically organized in patches, which
are then placed so that they cover specific anatomical regions of
the brain. Volume images (Computed Tomography (CT)/Magnetic
Resonance Imaging (MRI)) of the patient’s brain are also acquired
in the clinic, allowing the identification of regions of interest and
reconstruction of the brain surface and brain lesions. Regions are
physician-marked areas of the brain, while patches are groups of
electrodes placed on the surface. A patch may cover multiple re-
gions. These records form a large spatiotemporal ensemble.

Observing raw EEG signals allows for detecting spike events
and analyzing the propagation of electrical activities. Neurologists
typically review 10 to 20 EEG signals at a time [PP14] in 10 to
20-second intervals. Identifying potential seizure time windows in-
volves the definition of interictal spikes [M*19]. Interictal (or inter-
seizure) spikes refer to brief electrical signals lasting 250 ms or less
in the brain. These signals consist of a short, sharp wave followed
by a slow wave that lasts longer [dAO1]. By leveraging this defi-
nition, one could better evaluate potential surgery candidates who
have not responded to medication.

3.2. Project Setting and Computational Modeling

Our solution was designed through a multi-disciplinary remote col-
laboration among several research and clinician groups at 4 sites
over 2 years. Our visual computing team met monthly, in addition
to smaller weekly meetings, with a team of neurologists and bio-
engineers at our institution to develop the methodology for feature
extraction and pattern conservancy analysis. Our two teams also
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met jointly with surgeons at 4 clinical sites to coordinate data col-
lection, present results, and collect feedback.

The multi-disciplinary approach is necessary due to difficulties
in collecting, interpreting, and analyzing the neurological spike
data. Interpretation and analysis involve neurologists and surgeons
working jointly. Together, they visually examine the temporal EEG
data from the electrodes in conjunction with medical imaging data
across multiple tools, then use domain knowledge to identify re-
gions of interest. In turn, bioengineers and visual computing spe-
cialists create computational methods to post-process the EEG data,
detect spike events, construct activation networks based on elec-
trode spikes and propagation of the spikes to other electrodes, and
visualize results in 2D and 3D space.

Specifically, our bioengineering collaborators use the direct-
directed transfer function (dDTF), an effective connectivity mea-
sure, to detect spike events in EEG data and map the network be-
havior of the spikes within a specific region in the human epilep-
tic brain [M*19]. The dDTF method, originally published in the
’80s and with a basic algorithm available under Matlab, is well-
vetted and well-established, and has been adopted by many re-
search groups. Each event is characterized by the spiked electrodes’
spatial location, the activation time of the spiked electrodes, a list
of activated/spiked electrodes, and their propagation to other elec-
trodes. The result is, however, a set of extremely dense networks
where dense connections are then filtered based on node activation
thresholds. From this dataset, one can further calculate and report
for further analysis the number of spikes recorded by each electrode
node and the number of outgoing and incoming edges for that node,
as yielded by the dDTF propagation data for each node.

The sequence and onset of the spikes are then painstakingly an-
alyzed across several tools, including Matlab and python, to gain
insights into the patterns of epileptic activity in the brain. Our
bioengineering and neurology collaborators had found in previ-
ous analyses that spike onset regions in the brain, as identified by
surgeons, correlate with those brain regions that have the greatest
number of outgoing spike propagations above a defined maximum
threshold within a selected grid. Counterintuitively, the spike onset
regions did not correlate with those brain regions with the highest
spikes. At the same time, the spike spread was associated with those
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brain regions with the highest number of incoming spike propaga-
tions. Although these analyses had only been performed at the level
of a single patch of electrodes. Our collaborators expected the same
to hold true in multiple patch analysis. The approach, however does
not scale well, by itself, to multiple patch analysis, nor does it sup-
port the analysis of pattern conservation across multiple sessions.

3.3. Requirements Analysis

We summarize the functional requirements for the project as tasks
below [Marl8], where tasks T3-T5 reflect the project needs in
terms of model development, and T1, T2, T6, T7 reflect primar-
ily the needs of the surgeons:

e T1. Identify the spatiotemporal location of regions of high elec-
trical activity (i.e., spike locations).

o T2. Identify the spatial source (onset) and spread of high electri-
cal activity (i.e., spikes).

e T3. Explore the electrode EEGs in detail to verify the output of
algorithms.

e T4. Analyze the spatial electrical activity within a regional patch
at different electrical activity thresholds.

e T5. Analyze the spatial electrical activity among regional
patches at different activity thresholds.

e T6. Analyze whether spike onset locations correlate with lesion
locations (if any).

e T7. Determine whether the spike onset and spread (i.e., network
or pattern) are conserved across multiple sessions for the same
patient.

Non-functional requirements included visual scaffolding
that would include familiar spatial and non-spatial visualiza-
tions [Marl5], efficient scalability to large brain networks and
large EEG data, and online availability for remote collaborators.

3.4. Abstraction, Feature Detection and Extraction
3.4.1. Dense Social Network Abstraction

Our bioengineering collaborators had previously attempted and dis-
carded standard graph modeling and graph analysis algorithms
such as spectral clustering or centrality measures. These ap-
proaches did not work well, given the highly edge-dense charac-
teristics of the propagation networks and their dynamic nature. To
circumvent these issues, we abstract and model the propagation net-
work as a dense social network instead, while continuing to use the
dDTF event detection algorithm. In this analogy, each electrode is
considered a node (similar to an individual in a social network), and
the propagation between electrodes is modeled as an interaction or
edge. Community analysis algorithms have been introduced in the
study of social networks and biological networks [GN02,H* 14a] to
help identify similar groups of nodes based on their network activ-
ity, similar to the problem we explore. In this type of network anal-
ysis, a community refers to a group of nodes with a high level of
interconnectivity with each other and sparsely connected to the re-
mainder of the network [YLL10]. By adopting this abstraction, we
would be able to pre-filter highly interconnected electrodes (T4),
and avoid computational scalability and visual clutter challenges

associated with our ensemble problem. However, to operate this
abstraction, we need to first define and characterize spike patterns.
Figure 1 shows the abstraction and feature extraction components
necessary to support pattern conservation analysis.

3.4.2. Characterizing Spike Patterns

Based on bioengineering and neurologist collaborator input
(Sec. 3.2), we characterize the spike patterns in terms of the spatial
location of the electrodes that registered electrical activity spikes
(Fig. 1.A). We also use measures related to the total number of
spikes registered at each electrode and their propagation pattern.
Accordingly, we characterize the spike patterns as follows, using
the following three entities for each electrode, in addition to spatial
location:

o Spike frequency as the total number of spike occurrences per
session at that electrode.

o Spike onset as the total number of outgoing propagation edges
at that electrode.

o Spike spread as the total number of incoming propagation edges
at that electrode.

Using these data, we then seek to detect which electrodes con-
sistently act together as a community across sessions, where “act”
denotes an electrode registering high electrical activity, i.e., spikes.
This analysis has the potential to implicitly capture the conserva-
tion of spike patterns across sessions (Fig. 2). Specifically, spike
propagation detection captures the temporal ordering and direction
of electrical events, whereas community detection identifies spa-
tially conserved co-activated electrode groups across sessions.

3.4.3. Electrode Community Analysis

Because our goal is to detect communities that are stable across
sessions, we adopt a temporal trade-off community detection tech-
nique based on the Louvain algorithm [BGLLO08], where the com-
munity defined at time step ¢ depends on the topology of the net-
work and communities at time step t — 1 [AG10]. This approach
helps detect stable communities, as modifications in the commu-
nities reflect actual modification of structural changes in the net-
work rather than simply artifacts of the algorithm [RC18]. We use
the electrodes as the social network nodes and the propagations
between electrodes as edges. To extract community conservation
across recorded sessions (T3), we first aggregate the network con-
nections to generate a weighted network for each session, where
weight corresponds to the number of propagations between two
electrodes. We then apply our modified version of the Louvain
method to identify communities of electrodes conserved via con-
sistent activations across the sessions (Fig. 1.B).

The Louvain method is a greedy algorithm based on the mod-
ularity gain M of a partition [New06], which measures network
density inside communities compared to links between communi-
ties [BGLLOS]:

1 N exe
M= Y Y (By—52)8(CuCy) )

x=1y=1
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Figure 2: Electrode community analysis of patient ep165, showing the result of the community detection algorithm across three sessions. A
small group of electrodes inside the region is responsible for the high electrical activity across all three sessions. These highly connected
electrodes are grouped into three communities, shown in blue, orange, and pink. Activated region indicating that not all community elec-
trodes are conserved, but the overall pattern is conserved across sessions. Note that the connectors in the activated region view represent
geometric nearest-neighbor links added solely to illustrate spatial continuity; they do not correspond to the actual propagation paths observed

in individual sessions.

where N is the total number of electrodes, w is the total number of
propagations, Eyy is the weight, ex = ¥, Exy and ey = Y Exy are
the sum of the propagation weights attached to electrode x and y,
Cy and Cy are the communities to which electrode x and y belong
and 8(Cy,Cy) defines whether electrode x and y are in the same
community:

1, ifxandy are in the same community

. 2
0, Otherwise

3(Cr.Cy) = {

The modularity formula indicates that modularity gains focus
solely on the inner part of each community. The modularity change
will only affect the communities if an electrode is moved. Hence,
during the iteration process, it is necessary to calculate the modular-
ity increment and difference solely without considering the overall
modularity before and after relocation [T*21]. The formula for cal-
culating the modularity gain M. by moving an electrode x into a
particular community c is as follows:

ZPm + Zex,P’,-,, Zquz +ex 2
M= -
2w 2w
2
([ XPn (ELPa 7(3)2
2w 2w 2w

where )" P, is the sum of the total propagations of all electrodes
in the community, Y P, is the total number of propagations of all
electrodes connected to the community, e, p, is the total number

of propagations of electrodes connecting to electrode x within the
community.

In short, the Louvain algorithm begins by allocating each elec-
trode of a session to a separate community. It then proceeds to
iterate over each electrode within the inner loop. For each elec-
trode, the algorithm computes two measurements— firstly, it calcu-
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lates the modularity gain when the electrode is incorporated into the
community of any of its neighbors; secondly, it selects the neigh-
bor that provides the highest gain and assigns the electrode to that
corresponding community. This process continues until no further
movement leads to an increase in the gain.

In our modified algorithm to detect dynamic communities, at
timestep ¢, instead of assigning each electrode to an individual
community as the initial step, the algorithm begins by grouping
the electrodes into communities identified at timestep t — 1 and
then continues with the remaining steps of the Louvain algorithm
to detect communities. In agreement with the model development
requirement of threshold-based analysis, we repeatedly apply the
dynamic community detection algorithm offline to identify com-
munities over different percentiles. The percentile thresholds were
determined in consultation with clinical collaborators to empha-
size highly propagated, clinically relevant electrodes, as visualizing
the full unfiltered network obscures meaningful activity. Generally,
different percentiles change the number of communities yielded.
However, highly activated electrodes are conserved in all cases,
and high thresholds yield a reasonably low number of communi-
ties (Fig. 2). The algorithm produces stable electrode communities
across multiple patient sessions (Sec. 5).

3.4.4. Electrode Activation Pattern Conservation
Summarization

We propose an algorithm (see Supplemental Materials) to extract
activation patterns that are conserved across repeated recorded ses-
sions, even though the exact propagations may differ between ses-
sions (Fig. 1.E). To extract the conserved pattern, we first filter
based on the quantile threshold and identify each sub-network,
which consists of a list of connected components per sample
(Fig. 3.A). Next, we apply a customized Breadth-First Search
(BES) over the 2D anatomical grid for each region to identify spa-
tially coherent activated electrode groups within each subnetwork.
For every activated electrode, BFS explores 4-way neighbors to
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Figure 3: Electrode conserved pattern extraction: (A) For a selected session, sub-networks corresponding to each brain region are identified;
(B) Within each sub-network, non-overlapping groups are identified, and their boundary points are extracted; (C) For overlapping regions,
boundary points are extracted by using two nearest electrodes; (D) Extracted conserved pattern.

form spatial clusters. To prevent visual or electrode overlap, we ex-
plicitly track electrode assignments. Once an electrode is assigned
to a group, it is marked as visited and excluded from all subse-
quent BFS traversals. This process ensures that electrodes from
different regions are not incorrectly grouped and that each group
only includes activated electrodes without overlaps. After group-
ing, we extract a distinct set of 3D coordinates that are at the edges
of these groups (i.e., boundary points) (Fig. 3.B). To connect differ-
ent groups of electrodes in the same sub-network while considering
overlaps, we check pairs of electrode groups to identify the elec-
trode pairs that are closest. We then draw a line between these elec-
trodes and check for any electrodes that lie along that line. If any are
found, we place points before and after the overlapping electrode
with a slight variation to prevent the line from overlapping. This
process is repeated until no overlaps remain, and we store these
points for the connected components (Fig. 3.C). Finally, we dis-
play a convex mesh for groups of four or more points, representing
a single electrode with a sphere, and using lines for electrode pairs,
along with the connected components (Fig. 3.D).

3.4.5. Electrode Patch Extraction

Because the ensemble data does not specify the electrode assign-
ment to patches, we leverage K-Means clustering to automatically
group electrodes and extract patches based on the 3D electrode
coordinates (Fig. 1.C). K-Means was chosen because it is a well-
established and widely used clustering algorithm. The goal of this
method is exploratory, where we aim to determine whether an au-
tomated approach can effectively replicate the manual grouping of
brain regions performed by clinicians. In this context, K-Means of-
fers a straightforward and reproducible alternative that yields spa-
tially coherent electrode clusters for expert validation. Although
we explored other clustering methods, they did not yield better
results. We identify the number of patches (K) via the silhouette
score [Rou87] with varying cluster numbers (2 to 25), an initial
seed value of 0, and a max of 300 iterations, which yielded the
best result. Finally, we apply the K-means algorithm with the deter-
mined parameters to calculate the electrode assignment to patches.

3.4.6. Electrode 2D Snapshot Extraction

3D brain views allow for observing the spatial electrode distribu-
tion across the scalp, facilitating the spatial analysis of activation
patterns and propagation trends. Despite this advantage, foreshort-
ening and occlusion effects make it difficult to analyze propaga-

tions that involve multiple brain regions simultaneously. We have
developed an Electrode 2D Snapshot Extraction algorithm to ad-
dress this issue. This approach maps the 3D data to 2D while pre-
serving detailed information about electrode positions and activi-
ties (Fig. 1.D) (T2, T4).

Several tools have been developed to facilitate the visualization
of electrode placements and their activity within the brain [G*13,
HVHMZ21]. However, a notable limitation is their integration within
specific software environments, such as MATLAB or Python, as
opposed to web-based applications.

Our approach provides insight into each patch’s spatial arrange-
ment and orientation to ensure physicians can accurately interpret
the spike data. This insight helps in complex cases where a sin-
gle patch spans multiple brain regions. We employ a Multi-view
Orthographic Projection [CP78], which accurately identifies struc-
tured layouts. While 3D-to-2D projection can theoretically intro-
duce spatial distortion, this method aligns with established clini-
cal workflows, where experts routinely analyze electrode layouts
and propagation patterns in 2D grids. The orthographic projection
maintains electrode proximity and orientation, and domain experts
verified that the resulting 2D representations remained anatomi-
cally interpretable and consistent with their clinical expectations.
This projection preserves the spatial information of electrode place-
ments and supports data dimensionality reduction. For instance,
projecting electrodes from the lower temporal lobe (TL) along the
vertical axis (i.e., eliminating the Z-axis coordinates) yields good
2D patch arrangement and orientation.

Next, we employ standard deviation analysis for electrode layout
orientation to optimize electrode positioning with maximal spatial
accuracy post-dimensionality reduction. We also calculate electrode
Euclidean distances, utilizing Interquartile Range (IQR) to adjust
electrode thresholds dynamically to distinguish electrode rows and
columns. For each brain region and view, we first compute the Eu-
clidean distance between consecutive electrodes in the projected
plane. We then compute the first and third quartiles, Q1 and Q3,
and the interquartile range /QR = Q3 — Q. Distances are then fil-
tered using Tukey’s rule to remove outliers:

d; €01 — 1.5IQR, Q3+ 1.5IQR]. 4)

We then compute the mean of these inlier distances, denoted tipjier,
and define the adaptive grouping threshold: T = yjyjier + 0., Where
d is a small view-specific offset (e.g., 5 for the left-right view, 8
for the top—bottom view) to allow for natural spacing variations.
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Figure 4: Analyzing conserved electrical activity patterns in epilepsy patients based on ensemble spatial measurements. (A) 3D view for
the brain volume, electrodes, lesions, and activity patterns extracted through a social network abstraction, in two recorded sessions; most
propagations occur within a patch. (B) Pattern conservation view across the two sessions, calculated through a dynamic community analysis
approach. (C) Patch network view showing filtered electrode propagations within-patch; high electrical activities are visible in patch #2. (D)
EEG panel view showing EEG line charts and spike occurrences, confirming high spike occurrences in patch #2. (E) Patch summary view
showing, with size, the total number of spikes registered, respectively, with color no activation (grey), no propagation (blue), onset (purple),
and spread (yellow) spike attributes. Most high-spiking electrodes have a high spike-spread but a low spike-onset.

Whenever the distance between two consecutive electrodes exceeds
T, we start a new group. This procedure allows the threshold T to
adapt to the actual spacing structure of each electrode array while
remaining robust to occasional outlier distances.

A second procedure addresses irregularities in the resulting ma-
trix alignment (e.g., in patches where one of the rows contains a
different number of electrodes than other rows) as follows:
Procedure 1 Irregular Alignment

1: function ALIGNMATRIX(matrix, orientation)
2 max_row_length < max (len(row) for row in matrix)
3 longest_row <— max (matrix,key = len)
4 aligned_matrix <— None
5 for i, row in enumerate(matrix) do
6 for j,electrode in enumerate(row) do
7 if len(row) == max_row_length then
8 aligned_matrix[i][j] < electrode
9: else
10: for each ¢ in longest_row do
11: Calculate the dists between electrode and e
12: end for
13: min_dist_idx < dists.index (min(dists))
14: aligned_matrix[i][min_dist_idx] < electrode
15: end if
16: end for

17: end for
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18: return aligned_matrix
19: end function

This process yields 2D layouts across different brain regions,
while preserving the size and orientation of patches (see Supple-
mental Materials). We verified the output on 23 patches from five
patients (four with three patches, one with 11). Most patches fol-
lowed the grid orientation correctly, with one exception that was
manually adjusted. Additionally, there were two instances where a
lone electrode was added to the larger grid and which we processed
manually.

4. Visual Computing Front-End

In this section, we introduce the visual interface developed to
support analytical tasks, detailing the coordinated multi-view de-
sign and key interaction components. Medical applications tend to
present few opportunities for visual encoding innovation, as visual
literacy among clinician clients is typically low. Nevertheless, in
this work, we had success with scaffolding from encodings pre-
existing in the application domain, with a blend of custom encod-
ings to serve a novel application (Fig. 1.F). Adoption of the en-
codings was further supported through innovative and customized
algorithms to support activities critical to the application domain.

We followed a parallel prototyping approach [D*11] due to its
success in eliciting more thorough and helpful feedback than serial
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Figure 5: Multi-region spike propagation and activation analysis. Session 1, with spike propagation across regions above the 99th percentile,
is selected for epl64 and epl65. (A) epl64 region network showing the propagations between the frontal-parietal (FP), lateral occipital
(LO), and posterior subtemporal (PT) regions. The community detection algorithm detected four community groups. (B) Region network
and inner-patch network reveal ep165 has high spike activity in the frontal-parietal (FP) area and secondary electrical activity in the posterior

subtemporal (PT) and anterior subtemporal (AT) regions.

prototyping. The final design leverages qualitative feedback from
our collaborators. The top design of our front-end is based on four
coordinated main views supporting the tasks we identified earlier:
1) Electrode Propagation and 3D Brain Network assists in provid-
ing the spatio-temporal information of the patient brain, lesions,
electrodes, and their activation pattern over time, electrode commu-
nity and patch network activities across multiple sessions (Fig 4.A,
B); 2) Brain 2D Network Exploration supports the examination of
the electrode propagations based on patches and regions (Fig 4.C);
3) The EEG Panel allows exploring the EEG propagation for multi-
ple electrodes (Fig 4.D); 4) Patch Summary shows the summary of
each electrode grouped by patches and regions (Fig 4.E). The views
are linked through color, as well as through brushing and linking.

4.1. Electrode Propagation and 3D Brain Network View.

This view helps identify the spatial location of the brain lesions and
electrodes based on the patient-specific brain model in a 3D space
(T1, T6). Additionally, this view aims to help specify the electrode
spike occurrences, their location over time, and network propaga-
tion for each session (T2, T4, TS, T7). Due to the complexity of
the necessary information and the visual scaffolding requirement,
the view is organized in multiple tabs according to the task anal-
ysis and in side-by-side views for the various sessions (Fig 4.A).
Filters change the opacity of the brain surface to allow viewing of
the cortical thickness of the brain and the lesions inside the brain.

Multi-sample community comparison. This tabbed view helps
analyze the electrical spike propagations, the electrode communi-
ties, and their resulting inter-regional patterns across the multiple
recorded sessions (T7) (Fig 2). The community helps identify those
electrodes that spike together. Sessions are displayed side by side.
As the dDTF algorithm generates many propagations between elec-
trodes, neuroscientists note that it is almost impossible to gain in-
sight by viewing the whole network. In accordance, we filter the
network based on different percentile values of electrode propaga-

tions across the electrode activations. A higher percentile signifies
high electrical activity.

Electrodes are colored-mapped by community groups. Elec-
trodes not present, spiked, or below the percentile threshold are
white. The network edges are shown as lines within a patch, and
as raised arcs inter-patches, to reduce crossings. They are color-
mapped to a gradient, where dark/light shade indicates the connec-
tion source/target. The width of the edge is mapped to the number
of connections for that pair of electrodes, although thickness varia-
tions become negligible when filtered. Since overall clutter is mas-
sively reduced through the social network abstraction, the remain-
ing density (clutter) in the network view serves as a client-desired
cue to highly activated communities, and does not hinder analysis.

Multi-session electrode activation pattern conservation. This
view helps the analysis of activated electrode regions across multi-
ple sessions, indicating conserved patterns (Sec. 3.4.4) (T7). Areas
activated in each session are marked in light grey, while conserved
areas across sessions are marked in pink (Fig 4.B).

Multi-session patch comparison. This tabbed view helps ana-
lyze the brain network patterns across multiple sessions (T1). Fur-
thermore, collaborators wished to identify similar network activity
across brain regions (Fig 5.B) and patches (Fig 4.A), as well as
the seizure onset (T4, TS). In addition, the view can help clinicians
identify patterns of abnormal brain activity associated with specific
brain lesions or seizures (T6). We show the network electrical ac-
tivity of the electrodes, given a user-specified percentile threshold.
Electrodes are color-mapped according to their patch/region group,
and the edges use the same encodings as in the earlier views.

Electrode propagation over time. This tabbed view helps identify
the source (onset) and spread of the electrode activations over time
(T2). Despite its documented shortcomings, the surgeons wished to
see an electrode activation animation to identify whether a seizure’s
cause is related to lesions for a selected time interval. Activated
electrodes are highlighted through color. The size of the electrodes
is mapped to the number of times an electrode spiked within that
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time range. In addition, the propagation animation can be played
in one-minute increments (also a surgeon request) across different
percentile thresholds (see Supplemental Materials).

4.2. Brain Patch Network View

This view aids in exploring within-patch (Fig 4.C) or within-region
(Fig 5.B) electrode networks (T4). Our collaborators wished for
this view because high electrical activity patches indicate possible
seizure onset. A 2D node-link diagram encodes this activity via the
2D snapshot extraction algorithm, which maintains the electrode
spatial order for better visibility. Electrodes can be color-mapped
according to their patches, regions, or community groups. The dia-
gram nodes and edges use the same encodings and thresholding as
the 3D view, and the views are linked through brushing and linking.

4.3. EEG Panel View

This view supports the exploration of EEG frequencies over time
(T3) (Fig 4.D), which can be useful when determining which elec-
trodes may contain seizure information. The EEG data contain fre-
quencies at the millisecond level, so the file size is huge (each
patient session is >1GB with 600,000 data points in a 10-minute
recording). To solve the delays and errors due to this problem, we
fetch the data on the back-end based on the user-selected patient
sample and time range. However, this did not solve the loading
time. To this end, we first converted our Comma Separated Values
(CSV) file containing the EEG data to a fast parquet file, a standard
binary data store for big data. This reduced the loading time from
~12min to ~5min. To further reduce this loading time to seconds,
we incorporated a database management system, duckDB [RM19],
to store and fetch the EEG data. This resolved the loading time is-
sue, and data could be fetched and rendered to the interface within
seconds. This view is also linked to the other views.

4.4. Patch Summary View

This view supports the analysis of localized patterns of spike fre-
quencies, onset, and spread (T2) (Fig 4.E) with three similar but
functionally different electrode distribution diagrams. In the spike
onset summary diagram, we show the number of outgoing edges
per electrode within the 10 minutes of the current sample by us-
ing basic color and size mapping of circular markers, in agreement
with an existing visualization published in the epilepsy literature
(Fig 6). In the spike spread summary diagram, we show in the same
manner the number of incoming edges per electrode (Fig 6). In the
patch/region summary diagram (Fig 4.E), we build towards a com-
posite encoding based on Kosara’s circular part-to-whole encod-
ings, which have been found to be as effective in terms of error as
linear bar charts [Kos19]. This encoding enables us to preserve the
circular, compact layout preferred by our collaborators. For each
electrode, a circle is divided into colored arc areas, then banked at
45% for improved perception. The first area is mapped to the num-
ber of spikes in this electrode, which did not contribute to propaga-
tion activities. The second area is mapped to the number of onset
spikes at this electrode that generated outgoing propagation edges.
The third is mapped to the number of spread spikes that generated
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incoming propagation edges at this electrode. The size of the cir-
cle is mapped to frequency, the total number of spike events at that
electrode. Using these three diagrams, this view allows observing
the relationships among spike frequency, participation in propaga-
tion, and signal onset/spread for each patch.

Our computational back-end was built using Python with Flask,
pandas, scikit-learn, NumPy, and Jupyter. The front end was de-
veloped using JavaScript with D3.js [BOH11], three.js, and React
libraries.

5. Evaluation and Results

In this section, we present both algorithmic validation and quali-
tative evaluation, including case studies and expert feedback from
multiple clinical sites. We first evaluate our community algorithm
on a synthetic dataset with known ground truth. We then evaluate
the system via multiple demonstrations involving two neuroscience
researchers who are also co-authors of the paper. One of these re-
searchers (BM) was our main contact point for the project and con-
sistently provided model development support and qualitative feed-
back. Together, we performed two case studies remotely using the
think-aloud method, screen sharing, and note-taking. BM guided
the exploration of the interface while the first author piloted. Fur-
thermore, we conducted a task-oriented usability study with seven
participants to assess system usability and effectiveness (see sup-
plemental materials)

In addition to the regular design feedback sessions, we demon-
strated the functionality of our solution to a group of 10 neurol-
ogists and surgeons at four medical centers: two neurologists and
two epilepsy neuroscientists (University of Illinois Chicago), one
neurology clinician specializing in epilepsy and one neuroscien-
tist (Rush University), one neurologist specializing in the medical
and surgical treatment of epilepsy and one neuroscientist (Univer-
sity of Chicago), one clinical coordinator for epilepsy surgery and
one researcher (Northwestern University), and one pediatric neu-
rology and epilepsy clinician (Northwestern’s Lurie Children’s hos-
pital). The group members had extensive experience (10-29 years)
in treating epileptic patients.

5.1. Algorithm Validation With Synthetic Data

In order to assess the efficiency of the modified dynamic commu-
nity detection algorithm, we applied the algorithm to a synthetic
dataset. The synthetic data is a dynamic network graph with com-
munities that evolve over ten time steps in terms of both the number
of communities and community membership. The initial network
has three communities: com1, com2, and com3, with 9, 9, and 15
members, respectively. At time step three, two members are added
to coml. At time step four, two members are removed from com3.
At time step five, an additional community, com4, consisting of 10
members, is introduced. At time step six, two members are added
to com2. At time step eight, two members are moved from com3 to
com4. Members within each community exhibit dense connections,
with sparse connections outside their respective communities.

Nodes are positioned to replicate different brain regions. Node
connections were randomly created, and we varied the density val-
ues from 0.05 to 0.4, reflecting different network connectivities,
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Figure 6: Electrode activation pattern exploration for patients epl164 and ep165 showing seizure onset, spike frequency, onset, and spread
zones in the frontal-parietal (FP) region. The outlined region indicates the clinically identified seizure onset zone. Seizure onset zones are
highlighted across all views. (A) ep164 correlates highly between seizure onset zones and spike frequency, onset, and spread zones. (B)
ep165 does not have a high correlation. Many seizure electrodes have low spike frequency, onset, and spread.

then assessed the performance of the algorithm for each density
value. We used this range as a density value greater than 0.4 yields
dense connections across all members in the network, unlike in
the application domain. We then applied the modified community
detection technique for each density value and assessed accuracy,
precision, recall, and f1 scores. The algorithm achieved 100% ac-
curacy, i.e., correctly identified each community member across all
time steps for density values between 0.05 and 0.3. The accuracy
decreased to 88.57% accuracy for a high density of 0.4, and sur-
prisingly, the lowest accuracy was 68.57% at a density value of
0.35. In these two edge cases, the algorithm failed to detect cor-
rect communities at time step 3 when two members were added to
coml. However, we obtained high precision, recall, and f1 scores
even in these two border cases, achieving a precision of 0.84, recall
of 0.89, and f1-score of 0.85, even at a density of 0.35. Addition-
ally, we achieved a precision of 0.995, recall of 0.996, and f1-score
of 0.995 at density 0.4. These results indicate that the algorithm
efficiently identifies community members, minimizing both false
positives and false negatives. In addition, we also compared the re-
sults to those obtained using the original Louvain algorithm, which
produced accuracies ranging from 42.85% to 100%. The original
algorithm performed well at lower densities but poorly at higher
densities, with an accuracy of 42.85% at a density of 0.4 and with
a precision of 0.63, recall of 0.70, and f1-score of 0.66.

Finally, we tested our proposed algorithm in networks with dif-
ferent time steps ranging from 10 to 10000. At lower density values

(between 0.05 and 0.25), the algorithm correctly identified commu-
nity members in each time step with an accuracy of 99% to 100%.
At higher density values, if the network remained static in the later
timesteps, the algorithm tended to merge smaller communities into
larger ones based on the network connectivity, leading to a de-
crease in overall accuracy. This confirms that the accuracy of the
algorithm is independent of the number of time steps, but rather
depends on the density of the network. On average, the algorithm
run completed in less than two seconds for networks with up to
1000 timesteps. In a network with 5000 time steps, the completion
time was ~21 seconds, and in a network with 10000 time steps, the
completion time was still acceptable, ~50 seconds.

5.2. Ground-Truth Validation and Extended Exploration

Two patients (epl164 and ep165) had the site of the seizure onset
zone identified by physicians as ground truth (outlined areas in
Fig. 6 leftmost images). Our first aim was to replicate earlier dDTF
raw analysis results performed within-patch, which found that the
ground truth seizure onset zone was roughly correlated with spike
onset and spread. Our second aim was to extend this exploration to
multiple-patch analysis, which had not been performed before.

The neuroscientist loaded the data for ep164, a pediatric patient.
He recalled that the physicians had marked the frontal-parietal (FP)
region as the primary seizure onset zone but also indicated sec-
ondary onset zones in other areas. For the within-patch analysis, he
examined the 3D view in conjunction with the patch summary view
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(T4) and observed that patch #2 corresponded to the FP region. He
also confirmed that the 2D patch extraction was correct in preserv-
ing electrode position and order. He confirmed that the physician-
identified zone correlated with the number of spikes, spike onset,
and spike spread (Fig. 6A).

Moving beyond single-patch analysis, he noted, in the 3D view,
the propagations between the FP and lateral occipital (LO) region,
as well as spike occurrences in the posterior subtemporal (PT) re-
gion (T2, T5) (Fig 5.A). This was in agreement with the physi-
cians’ note about secondary onset zones. Exploring other sessions,
he observed similar spike occurrences. When examining the com-
munity view (Fig 5.A), he noticed these highly propagated elec-
trodes formed four communities, conserving propagation patterns
across the three sessions.

He then moved to the second ground-truth dataset (ep165), a
case of infantile spasms. He repeated the steps, confirming that
the physician-identified zone was again correlated with the total
number of spikes, spike onset, and spike spread (Fig. 6.B). Moving
beyond within-patch analysis, he observed in the 3D view and 2D
network view high spike activity in the frontal-parietal (FP) area
and secondary electrical activity in the posterior subtemporal (PT)
and anterior subtemporal (AT) regions (T1, T2). The patch sum-
mary view (T4) supported this observation. He recalled these were
indeed seizure onset regions, as identified by the surgeon. Moving
on to the 3D patch network view, he noticed high, localized prop-
agations within the FP region and in other areas (Fig. 5.B). He ex-
amined the result of the community detection algorithm across the
three sessions available (Fig. 2) and noted a small group of elec-
trodes inside the FP region is responsible for the high electrical ac-
tivity across all sessions. These highly propagated electrodes were
grouped into three communities, conserving the spike pattern (T7).

He then refocused on the FP region. He noticed that although
most of the electrodes in this region corresponded to seizure on-
sets, few electrodes had high spike occurrence, spread, and onset
(Fig. 6.B). He noted this was consistent with his previous analysis
and that the seizure onset region encompassed a large portion of
the grid. He selected several highly activated electrodes with net-
work activities from the network view to see them in the EEG panel
(T3). He noticed more spike occurrences than other electrodes, as
expected. He noticed an inverse correlation between the electrodes
with high spike occurrences and electrodes with high spike onsets.
He remarked that, in many cases, brain regions with the highest
spike occurrences do not initiate spiking. Overall, he noted that
spike occurrences were unique to each patient, they were highly
consistent, and the pattern was conserved across multiple sessions
within each patient. He further remarked that the characterization of
spike patterns and patches and the 2D extraction techniques were
accurate and yielded results consistent with the surgeons’ assess-
ment.

5.3. Propagation Conservation Across Sessions

This case study investigated, in more depth, whether network prop-
agation patterns are conserved across multiple sessions recorded
for the same patient. The specific questions asked included: In a
specific session, are there regions of high electrical activity? Are
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the spike onset regions correlated with the location of lesions? Are
there specific propagation patterns (onset and spread) present? If
s0, are the patterns conserved over multiple sessions? Are there pat-
terns only within regions or among various areas? Are the patterns
conserved when using different filter thresholds? What is the elec-
trical activity of the involved electrodes? Is the activity conserved
across multiple sessions?

The exploration started by selecting and loading the data for
an anonymized patient (ep129) from the patient list. This patient
had two recorded sessions. The expert selected the 98th percentile
threshold for the propagation network and observed that the dy-
namic community detection algorithm identified 2 communities in
the first session and 3 in the second. He noticed that the location
of the electrodes in the communities was largely conserved across
the two sessions (Fig 4.B) and noted the anatomical location of
the communities (T7). He also observed that most spike onset and
spread regions were in the same patch in both sessions, with two
spikes propagating to another patch (T2) (Fig 4.A). The expert then
varied the percentile threshold and observed the electrode commu-
nities again (T7). He remarked that similar electrode communities
were present across different percentiles, indicating high network
activities, and that the electrode activation pattern was conserved
across sessions, with a small number of spikes spread to other
patches.

Next, he moved on to the 2D patch view (T2) (Fig 4.C), while
frequently cross-checking with the 3D view (T2). Patch #2, located
in the sub-frontal (SF) region, had more electrical activity and spike
onsets than other patches. Filtering for the high electrical activity
electrodes in the 2D patch view (T1, T6), he noted those electrodes
were located near the brain lesion in the 3D view (T2) (Fig 4.A,
B). He then used the EEG panel (T3, T2) (Fig 4.D) to confirm that
these electrodes had more spike occurrences than the others. He
confirmed the association with brain lesions by repeating the anal-
ysis on a second patient (ep187) with multiple brain lesions (see
Supplemental Materials).

Last, he wished to analyze a patient with no lesions. He selected
the ground-truth pediatric patient with spasms (ep165). Initial ob-
servation revealed that this patient had a larger propagation net-
work than others (T4, TS), with high electrical activities in patch
#0 or the frontal-parietal (FP) region. Most electrode spike onsets
originated in this region, and a few spikes spread to other areas.
Further analysis in the 3D patch view (T2) (Fig 5.B) revealed that
a small group of electrodes inside the patch were responsible for
the high electrical activity across all three sessions. He recalled
that this patient used to have multiple electrical spasms, where the
patient would contract their muscles and sit tight. Exploring the
community view (T7), the expert found that, despite the lack of
lesions, these highly propagated electrodes are still grouped into
three communities across all sessions (Fig 2). Overall, he noted that
the frontal-parietal region was the most common in terms of high
electrical activity (T1). Further investigation validated this finding:
the dataset consisted mainly of frontal lobe epileptic cases. Clin-
ically, the conservation of spike patterns supported the surgeons’
decision to resect the onset region for these patients.
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5.4. Qualitative Clinician Feedback

During the group session, our solution yielded enthusiastic feed-
back, in particular from surgeons. Due to the minimal availabil-
ity of the surgeons at the multiple medical centers, the demonstra-
tion was compact, and group feedback was limited to the meeting.
Overall, the group repeatedly and spontaneously stated the imple-
mentation was “amazing,” “very impressive work,” “this is beau-
tiful,” “wow,” and “really cool,” both during the meeting and in a
series of spontaneous emails after the meeting. They particularly
appreciated and emphasized the potential value of the system in
surgical treatment decisions, in particular the decision to pursue
surgical resection. They noted the automated approach to detecting
pattern conservancy was instrumental in making the decision pro-
cess less subjective. They also appreciated the ability to pinpoint
the specific brain regions that may be responsible for seizure onset,
as surgically resecting these locations results in better seizure con-
trol in patients. They also noted that, in general, planning surgery
for these cases was highly time-consuming but worth the effort, and
that the system implementation was supporting a much-desired and
essential functionality.

The neurologists in the meeting also remarked on the value of
scaffolding the interface based on the state-of-the-art workflow:
“When we change things, a physician could completely freak out.
So we want [...] a new interface but keep important components
similar so they can find similarities in what they have been see-
ing.” They noted surgeons would most likely use the 3D view and
conservation analysis results, typically at the 98-99% threshold, in
addition to the EEG panel. The remaining views serve the neurol-
ogists’ analysis and help increase confidence in the conservancy
analysis. BM noted, “Some engineering-oriented physicians will
love it, and [thanks to the scaffolding] clinical-oriented physicians
will be okay with it.”

5.5. Discussion

2nd generation ensembles. This was the third large project in our
group where ensemble analysis required significant data transfor-
mation and feature extraction before meaningful comparison was
possible. The earlier two projects [L*18,N*23] involved computa-
tional fluid dynamics data, whereas the present work focuses on
measured data. Notably, In all these projects, once the relevant
structures were extracted, many of the traditional challenges asso-
ciated with classical ensemble visualization such as visual clutter
and rendering complexity, were greatly reduced.

Legitimate theoretical observations do arise from practical appli-
cations, and recording such observations helps enrich the data visu-
alization field [MM20]. To understand whether this extraction-first
approach extended beyond our own work, we explored ensemble-
visualization research across major visualization venues. We ob-
served multiple examples, spanning fluid mechanics, climate, and
biomedical imaging, where the key features were not directly avail-
able in the raw data and instead had to be derived before summa-
rization or comparison. These works, highlighted in our Related
Work, similarly required significant data transformation and feature
extraction to make ensemble members meaningfully comparable.

Like our project, these applications involve complex problems
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or models, where the relevant features are “hard to define, but rec-
ognizable when seen” [L* 18]. Several of them were also generated
through direct measurement rather than simulations [v*23, C*20,
N*25], often collected across multiple sites and teams. This results
in workflows that merge domain expertise, data transformation, and
feature extraction before any visual or statistical aggregation proves
useful.

Motivated by this recurring pattern, we use the term “second-
generation ensembles” to describe ensemble analysis challenges in
which meaningful features must be defined or extracted before ef-
fective visualization, statistical analysis, or machine-learning ap-
proaches can be appropriately applied. This emergence of 2nd gen-
eration of ensemble datasets presents new challenges compared to
first-generation models, particularly regarding data attributes and
client needs. These datasets require innovative data transformation
and feature extraction techniques in visual computing, which help
mitigate rendering challenges faced by earlier ensembles. The pro-
cess of identifying key features is often interactive and requires
input from domain experts. As multi-site and multi-disciplinary
studies become more common in life sciences, adapting traditional
methods to assess these new datasets can result in inefficient design
and evaluation cycles.

Solution merits and generalizability. The spatial methodology
developed in this project, specifically the dense social network ab-
straction and transformation and subsequent spatial pattern extrac-
tion and conservancy, helped us create novel, desired functional-
ity in the application domain. Our pattern conservation approach
automates a largely subjective, manual, and cumbersome analysis
process. Although each patient contributed 2-5 recording sessions
(ranging from 120 to 600 seconds per session), this number of ses-
sions is consistent with prior clinical studies [M*19] where it was
shown to be sufficient for capturing stable within-patient activa-
tion patterns, as the spatial distribution and propagation of spikes
tend to remain consistent for a given individual. Since seizure on-
set regions are specific to each patient, our objective was to validate
the method’s ability to accurately identify and extract activation re-
gions rather than to generalize findings across multiple patients.
Nonetheless, the proposed algorithm is scalable and can be applied
to larger datasets and cohorts. Our dynamic community analysis
and temporal Louvain approach may apply to other problems where
spatial stability is important, such as drug design in biology [L*14]
or finger formation in fluid mixes in CFD [L*18]. The dynamic
community analysis algorithm can identify communities for any
time-varying network.

Likewise, our patch 2D projection algorithm automates a man-
ual, time-consuming layout process used in the application domain.
The 2D snapshot extraction algorithm introduces an elegant way
to project brain patches to 2D space, maintaining the sample spa-
tial orientation, leading to improved visual clarity. This may be
helpful in other spatial problems where visual clutter is present,
beyond brain data, for example, dark matter formation in astron-
omy [HPAM19] or lymph node projection in head and neck oncol-
ogy [L*20]. In terms of further generalizability, even though our vi-
sual computation solution aims to analyze domain-specific epilep-
tic spike propagation, it can be used to explore other types of brain
functional connectivity, for example, resting-state functional con-
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nectivity. While the interface design aligns with established clini-
cal workflows, these domain-specific requirements limit its direct
adaptability to unfamiliar datasets. Extending the system to other
domains would mainly require minor data remapping to fit the ex-
isting component structure, as the underlying analytical workflow
for feature extraction, dynamic community detection, and pattern
conservation remains unchanged. Finally, although the modified
community detection and 2D projection algorithms were developed
based on domain-specific data, they were implemented using stan-
dard and openly available Python libraries (e.g., NetworkX, scikit-
learn, NumPy), with all parameters and steps thoroughly docu-
mented for reproducibility. These methods can therefore be repro-
duced by researchers with general computational expertise, without
requiring deep specialization in visual computing and/or epilepsy
research. Overall, this work presents a general strategy for analyz-
ing complex, time-varying spatial data. By combining community
detection with spatial abstraction, the approach identifies stable pat-
terns within dense and dynamic networks. These ideas can guide
visual computing efforts in other domains that face similar chal-
lenges, where understanding structure and change over time is key.

Scalability, assumptions and limitations. Our abstraction and fea-
ture extraction approach already reduces visual clutter, with re-
maining dense pockets providing a desired cue to high, concen-
trated electrical activity. Furthermore, our views are designed to
handle data dynamically. The multi-tabbed comparative views can
effectively display multiple brain networks without overwhelming
visual clutter and accommodate more, depending on display size.
Similarly, the brain patch network view and patch summary view
can handle many brain regions, grouping many electrodes. To min-
imize edge crossing, we utilized a combination of lines and arcs.
In addition, our back-end can handle large EEG data, while the
front-end is able to access and render the data within seconds. The
interface design intentionally balances complexity and familiarity
by aligning visual layouts with existing clinical workflows. Most
encodings follow established practices for EEG and neurosurgical
visualization, while customized ones have been introduced through
visual scaffolding to maintain interpretability. Threshold adjust-
ments are also standard in clinical analysis. The multi-view inter-
face integrates workflows that are typically accessed through sep-
arate tools (3D anatomy, EEG signals, and network connectivity),
enabling users to interpret them together within a single workspace.
Although multiple tabs and the patch summary view may require a
brief learning period, the familiar visual structure helps minimize
cognitive load. Animation is used selectively to display electrode
activations over time, while key analytical results, such as commu-
nity and pattern conservation analyses, remain static for long-term
comparison. Finally, clinicians typically work with 10 to 20 sec-
onds of EEG data and a limited set of electrodes, and our system
includes filtering options to focus on relevant subsets, effectively
reducing visual clutter and screen-space constraints.

The dynamic community detection algorithm can handle large
networks. Depending on the network density and number of steps,
it can also detect communities within seconds to a minute. Sim-
ilarly, the electrode patch extraction algorithm is designed to au-
tomatically process large amounts of data. Additionally, as shown
in Sec. 5.1, accuracy remains high across most density ranges, al-
though there is a noticeable drop at a specific intermediate density
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of 0.35. This variation likely arises from the stochastic nature of
community assignment when new members are added to highly
connected networks, rather than indicating a systematic failure of
the algorithm. Importantly, both precision and recall remained high,
suggesting that the overall community structure was maintained
even under these conditions. The electrode 2D snapshot extraction
algorithm performs accurately on matrix or grid-based represen-
tations. Our method is learning-free and patient-specific, although
recording conditions may vary. EEG recordings are inherently sus-
ceptible to noise and artifacts, which can impact spike detection
and activation estimation. In this study, noisy or artifact electrodes
were identified and removed by clinical collaborators prior to anal-
ysis, and the dDTF-based spike detection method was applied only
to the cleaned signals (see Maharathi et al. [M*19] for detailed
steps). Manual adjustments to electrode alignment and patch han-
dling were limited to a few isolated instances and were visually
verified to ensure accuracy, thereby minimizing potential bias. Al-
though the cohort size and the number of sessions per patient are
limited, these constraints are typical in clinical EEG studies and do
not affect the validity of the proposed methodology.

There are also several assumptions and limitations to the current
design of our solution, linked to the application domain data and
tasks. Specifically, the visual encoding design, overall layout, num-
ber of sessions viewable on a regular screen, and solution imple-
mentation are built on specific domain knowledge and literacy, and
domain data constraints. Per the surgeons’ request, we also used an
animation feature, which can hamper longer observations due to its
reliance on short-term memory. Furthermore, the automated patch
extraction relies on K-Means, which offers a simple and repro-
ducible grouping but may not fully capture anatomically irregular
structures. Likewise, although orthographic projection effectively
preserves the overall spatial order for clinical interpretation, any
3D-to-2D mapping can introduce minor distortions. Future work
includes implementing multi-patient electrical activity comparison,
as well as conducting a more structured, task-based evaluation with
multiple domain experts to assess usability and effectiveness of the
system. Finally, due to human subject regulations, the existing sys-
tem is currently available to our multi-site collaborators. As more
data becomes available, we intend to integrate additional patient
datasets and release the system for wider community use. We also
plan to incorporate larger patient datasets to better quantify vari-
ability and evaluate reproducibility across different patients and
recording conditions.

6. Conclusion

This work introduces a visual computing solution to automatically
and objectively extract meaningful spatial measures of pattern con-
servancy across multiple ensemble members in dynamic epilepsy
data. From a visual computing perspective, in addition to feature
extraction, our solution introduces a social network-inspired dy-
namic network abstraction, a temporally-stable community detec-
tion algorithm, as well as registration algorithms to cross-correlate
the spatial data, and to project the data to 2D for analysis. A front-
end interface leverages custom encodings to support visual analysis
of the data and model. Evaluation on synthetic and real-world data,
and qualitative feedback from a multi-disciplinary team of experts
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demonstrate the merits of this approach in aiding the investigation
of epilepsy data before surgery. Last, we examined the analysis of
spatial pattern conservancy in the frame of 2nd generation ensem-
ble datasets, and discussed their defining characteristics and visu-
alization challenges behind this emerging problem.
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Supplemental Materials
Neurosurgery Network Pattern Analysis with 2nd
Generation Ensembles

N. Nipu et al.

1 Data Description and Experimental Results

Table 1: Propagation Network Description

Patient Id | Sessions | # Electrodes (# nodes) | Network size (# edges)
ep129 session 1 79 26916
session 2 79 4264
session 1 114 11488
epl87 session 2 114 34237
session 3 114 48280
session 1 102 112792
epl62 session 2 102 25924
session 3 102 64646
session 1 120 139880
epl64 session 2 120 184903
session 3 120 207520
session 1 106 205932
epl65 session 2 106 185285
session 3 106 192715




Table 2: Experimental Results (Communities)

. . Network size (per percentile) # communities (per percentile)
Patient ID | Session | —55——s——07—q5 95 00 50 (99 98 97 96 95 90 50
ep129 sess%on 1] 1684 2808 3813 4703 5833 9103 22518 | 2 4 3 3 4 4 3
session 2 | 206 281 380 550 550 892 2750 3 2 3 4 4 4 2
session 1 | 983 1584 1976 2551 2778 4111 8985 3 3 2 3 2 3 2
epl87 session 2 | 2238 4084 5394 6926 7948 12936 29043 | 2 2 3 3 3 3 2
session 3 | 3365 5728 8225 10053 11998 19878 19878 | 3 3 3 3 4 2 2
session 1 | 7949 13735 18706 23093 27309 44113 99348 | 3 3 3 3 3 3 4
epl62 session 2 | 1645 2891 4059 5026 5812 9509 21964 | 3 3 3 3 2 2 3
session 3 | 4600 7688 10490 12835 15026 23607 53878 | 3 2 3 3 3 2 2
session 1 | 6194 10649 14854 19325 22000 38964 110605 7 & 5 4 3 3 3
epl64 session 2 | 9259 16194 21168 27508 32790 54938 150922 | 5 5 4 4 3 3 3
session 3 | 9446 17034 22429 28267 33952 57550 165354 | 4 4 3 3 4 4 3
session 1 | 8829 15855 22320 28639 34864 60139 166076 | 5 3 5 5 3 3 2
epl65 session 2 | 7797 13010 18412 23303 28886 49208 145037 | 4 3 4 3 4 2 2
session 3 | 7112 13367 18750 24140 28504 50689 50689 | 4 4 4 4 4 2 2

2 Task-Oriented Usability Study

2.1 Study Design

Surgeons, including neurosurgeons, neuroscientists, and other time-pressured clinicians, have
no availability for user studies due to their punishing schedule. However, we conducted a
task-oriented usability study to evaluate how effectively users could perform clinically mo-
tivated analyses using our system. Seven participants (E1-ET7) took part in the study. Each
participant completed a set of six tasks that directly corresponded to the analytical features
our system is designed to support. These tasks included identifying spike-dense regions,
analyzing propagation patterns across inter- and intra-patches, correlating propagation with
lesions, verifying EEG data, and assessing the conservation of multi-session patterns. The
study followed a specific procedure: participants were first given a brief overview of the
interface, after which they completed all six tasks in order and at their own pace. We
recorded the time taken to complete each task. Upon completing all tasks, participants
answered three difficulty-related questions for each task and completed a System Usability
Scale (SUS) questionnaire, along with providing additional optional feedback.

2.2 Participants

A total of seven participants (E1-E7) were included in the study. The group consisted of
seven researchers with varying degrees of experience working with biomedical and/or neu-
roscience data. While most participants were familiar with general visualization concepts,
their backgrounds varied in relation to the specific domain knowledge of EEG or spike prop-
agation analysis. One participant reported extensive prior experience working directly with
EEG or spike-propagation data, while the remaining participants had little to no exposure to
these areas. Participants also indicated whether they had previously worked with biological
or biomedical datasets of any kind. Five participants had some prior exposure to biomedical
or biological data, while two reported no such experience. This distribution allowed us to
evaluate how effectively the system supports both users with domain familiarity and those



encountering these analytical tasks for the first time.

2.3 Tasks

Participants performed the following six analytical tasks:

e T1. (Identify Spike Activity Regions and electrodes) Use the 3D brain propa-
gation view to identify the region(s) and electrodes with the highest concentration of
spike events in Session 1 for patient ep165.

e T2. (Determine High-Activity Patch) Use the Patch Network View to identify
the patch with the highest within-patch propagation.

e T3. (Identify Cross-Patch Propagation) Use the Multi-Session View to identify
whether any cross-patch propagation exists above the 96th percentile threshold for
patient Ep129 across sessions.

e T4. (Relate Activity to Lesions) For patient ep129, use the 3D Anatomical Overlay
View to determine whether high-activity electrodes are located near the lesion region
in the brain model.

e T5. (EEG-Based Spike Verification) Use the EEG Panel to select highly propa-
gated electrodes and verify their spike pattern through the EEG recordings.

e T6. (Assess Pattern Conservation) For patient ep187, use the Conservation View
to determine whether spike propagation patterns are conserved across sessions.

These tasks collectively required participants to navigate all major interactive views, in-
terpret spatial, temporal, and network-based information, and derive insights across multiple
linked views.

2.4 Task Completion Time and Difficulty Ratings

Across all participants, the mean completion time per task ranged from 23.77 to 54.73
seconds. Tasks that involved a single view, such as T2 and T4, were completed the fastest.
In contrast, tasks requiring interaction with multiple views, like T5 and T6, naturally took
more time. The average times for each task were as follows: T1 - 54.73 s, T2 - 23.77 s, T3
-35.69 s, T4 - 29.22 s, T5 - 43.51s, and T6 - 50.81 s. Despite the analytical complexity, all
tasks were completed successfully, and task completion times remained consistently under
one minute on average. This indicates that users were able to learn and navigate the interface
efficiently.

Difficulty ratings showed a similar trend. Tasks T1-T5 were generally rated as easy or
moderately easy by most participants. T6, which required interpreting propagation patterns
across multiple sessions, was also rated as easy by the majority of participants (scores of 4
or 5). However, one participant, who reported no prior EEG experience, rated T6 as dif-
ficult (score of 1), resulting in higher variability in the ratings for this task. This suggests
that while the multi-session comparison view is largely accessible, it may benefit from addi-
tional onboarding support for users without prior domain familiarity. Notably, participants
with no prior EEG or biomedical background performed similarly to those with experience,
suggesting that the interface effectively supports users who are new to the field.



2.5 System Usability Scale (SUS)

We also collected feedback using the System Usability Scale (SUS) framework. Users were
presented with twelve questions, each rated on a scale from 1 to 5, along with a final question
assessing how likely they were to recommend the tool to their colleagues in the neuroscience
field, rated on a scale from 1 to 10. Additionally, we included open-ended questions to obtain
feedback on specific features and potential improvements.

The system achieved a SUS score of 90.0, characterizing its usability as “excellent.”
Quantitative feedback indicated that users felt confident using the system (M = 4.71 +
0.49) and praised its functional integration (M = 4.71 + 0.49). Participants reported that
they would be likely to use the system when studying spike propagations (M = 4.86 + 0.38)
and agreed that the interface was easy to use (M = 4.14 £ 1.07), as well as that most users
would be able to learn the tool quickly (M = 4.57 £ 0.53). Conversely, participants generally
disagreed that the system was overly complex (M = 1.29 + 0.49), inconsistent (M = 1.14 +
0.38), cumbersome (M = 1.29 + 0.49), or that substantial support would be needed to use
it (M = 1.86 + 0.90). Additionally, participants expressed a positive overall impression of
the system (M = 4.57 + 0.53) and indicated a high likelihood of recommending it to other
neuroscience or neurosurgery researchers (M = 9.29 + 0.76 on a 10-point scale).

The system has received positive feedback for its interactive and visually clear design,
which effectively explores spike propagation patterns. Participants praised the 3D multi-
session propagation view for its interpretability and ability to generate insights quickly.
However, some participants identified opportunities for refinement, particularly in the EEG
panel, where they felt additional contextual support or instructions were needed. Overall, the
evaluation indicates that the system demonstrates high usability and strong user acceptance,
with the need for improvements primarily focused on domain knowledge rather than core
interaction design.



3 Electrode Activation Pattern Conservation Summarization Al-
gorithm

Procedure 1 Electrode Activation Pattern Extraction
1: function EXTRACTELECTRODEPATTERN(E, G, N, Q)
2 E: Electrode list with 3D coordinates
3 G: Anatomical 2D grids per region (row-column matrices)
4: N: Electrode activation networks (per session)
5: @: List of quantile thresholds
6
7
8
9

Output: V — 3D visual elements (meshes, lines, spheres)
for all quantile ¢ € Q do
for all sample s € N do
N,[s] < Filter edges in N|s] using quantile ¢

10: C' < Connected components from N,|[s]

11: for all component ¢ € C' do

12: NOG « 0 > Set of non-overlapping groups

13: for all region r do

14: ¢, < electrodes in ¢ within region r

15: G, < Grid matrix for region r

16: visited < ()

17: for all electrode e € ¢, do

18: if e ¢ visited then

19: Initialize queue < [e], group < ()

20: while queue not empty do

21: Pop e, from queue

22: Add ey to group and visited

23: for all 4-way neighbors of e; in GG, do

24: if neighbor € ¢, and not in visited then

25: Add to queue

26: end if

27: end for

28: end while

29: Add group to NOG

30: end if

31: end for

32: end for

33: main < largest group in NOG

34: for all group g € NOG, g # main do

35: Find nearest electrode pair (e, e2) between g and others

36: path < line from e; to e

37: for all electrode e € E do

38: if e lies on path then

39: Adjust path by inserting points with slight variation before &
after e

40: end if



41: end for

42: Store adjusted path in V'

43: end for

44: for all group g € NOG do

45: if |g| > 4 then

46: Compute convex hull of 3D positions in g
47: Add hull mesh to V'

48: else if |g| =1 then

49: Add sphere at 3D position to V'

50: else

51: Add line between electrodes in g to V
52: end if

53: end for

54: end for

55: end for

56: end for
57: return V
58: end function

4 Electrode 2D Snapshot Extraction

Figure 1: Electrode 2D Snapshot Algorithm: (A) Original arrangement of electrodes within
a patch in 3D space (B) Result of the horizontal axis projection, arranging the 3D patch
in the superficial (SF) region (C) Extracted 2D layout leveraging dynamic thresholding and
Euclidean distances.



5 Electrode Patches

Figure 2: Electrode patches extraction and their 2D representations. Electrodes on the 3D
brain surface are grouped into patches using the K-means-based patch extraction algorithm
(left). The corresponding 2D layout snapshots (right) illustrate the spatial structure of

each detected patch after projection, maintaining electrode orientation for within-patch and
across-patch analysis.

6 Electrode Activated Region Exploration

Figure 3: Electrode activated regions of patient ep 162, showing the activated regions for
each session and the conserved activated region across all sessions.



7 Multi-region Spike Propagation and Activation Analysis

Figure 4: Multi-region spike propagation and activation analysis of ep187. Spike propagation
across regions above the 99th percentile in three sessions, showing high electrical activities
in FP and F regions near the three brain lesions and no electrical activity in the SF region
(seizure onset zone). Within-patch network confirming high-electrical activity in patch FP

8 Electrode Propagation per-Minute Exploration

Figure 5: Electrode propagation per minute showing three time steps of epl87 sample 1.
High network activities can be observed in frontal (F) and superior frontal parietal (FP)
regions across all snapshots near the lesions, and some spikes spread between these patches.



9 Electrode Activation Pattern

Figure 6: Electrode activation pattern exploration. Electrode propagation over time view
showing activated electrodes per second in two-time steps in patient ep164 session one. The
activated electrodes are colored where size corresponds to the number of spikes. In both
time steps, high activation is observed in the FP and the PT regions.



