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Abstract

Objectives: Report the development of the patient-centered myAURA application and suite of methods designed to aid epilepsy patients, care-
givers, and clinicians in making decisions about self-management and care.

Materials and Methods: myAURA rests on an unprecedented collection of epilepsy-relevant heterogeneous data resources, such as biomedi-
cal databases, social media, and electronic health records (EHRs). We use a patient-centered biomedical dictionary to link the collected data in a
multilayer knowledge graph (KG) computed with a generalizable, open-source methodology.

Results: Our approach is based on a novel network sparsification method that uses the metric backbone of weighted graphs to discover impor-
tant edges for inference, recommendation, and visualization. We demonstrate by studying drug-drug interaction from EHRs, extracting
epilepsy-focused digital cohorts from social media, and generating a multilayer KG visualization. We also present our patient-centered design
and pilot-testing of myAURA, including its user interface.

Discussion: The ability to search and explore myAURA's heterogeneous data sources in a single, sparsified, multilayer KG is highly useful for a
range of epilepsy studies and stakeholder support.

Conclusion: Our stakeholder-driven, scalable approach to integrating traditional and nontraditional data sources enables both clinical discovery
and data-powered patient self-management in epilepsy and can be generalized to other chronic conditions.

Key words: epilepsy; self-management; semantic web; systems analysis; social media; data visualization.

difficult for PWEC to distinguish the best treatment options
available or even the relevance of information to an individ-
ual case. They are challenged by a daunting array of options
about treatments, drugs, drug interactions and side effects,
diet, lifestyle, and stigma.

Indeed, any chronic health condition unfolds as a com-
plex interplay among all these biological, psychological, and

Background and significance

The chronic health disorder epilepsy affects more than
3.4 million people in America and 65 million worldwide.'-*
People with epilepsy (PWE) are at risk for lower quality of
life, social isolation, depression, anxiety, medication-related
symptoms, and premature death."*31% Exacerbating these

risks, PWE can wait up to 9 months to see a neurologist and
much longer to see an epileptologist, so many PWE are
treated by general practitioners while they wait.>'''* Thus,
to achieve desirable health outcomes, self-management by
PWE and their caregivers (PWEC) becomes essential® and
they seek information online. While much recent research has
aimed to help patients retrieve health information online, the
sheer abundance from heterogeneous data sources makes it

societal factors that change over time. A personal health
library with integrated and individualized information
retrieval has a clear role to play in improving health out-
comes for PWE and anyone with a chronic health condition.
Qualitative and quantitative studies,”>'**'® including those
pursued under our project,!”!® show a clear need for visu-
ally engaging, easy-to-use online tools for 2 key purposes:
first, to extract, classify, organize, and personalize
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information; and second, to provide automated recommen-
dations in support of evidence-based decisions about treat-
ment and self-management.

Here, we present milestones of the ongoing myAURA
interdisciplinary project that aims to address this problem
directly with data- and network-science methods to integrate
multiple resources into a personalized easy-to-use web service
for PWEC. To design this service according to their needs,
our interdisciplinary team of experts in biomedical infor-
matics, text and social media mining, visualization, user
interface design, and epilepsy self-management works with
patients, caregivers, and their advocates. We also leverage an
exclusive use agreement with the Epilepsy Foundation of
America (EFA) both to obtain PWEC data from their website,
discussion groups, and social media presence, and to recruit
PWEC for our user study group. All of this goes into comput-
ing a large-scale epilepsy knowledge graph (KG) that com-
prises a set of networks of associated data from
heterogeneous data sources relevant to PWEC.

We compute the metric backbone, a network sparsification
method based on removing edges that are redundant for short-
est path computation,'? of the epilepsy KG and discuss it as a
powerful way to infer, identify, visualize, and recommend per-
sonalized, relevant information for PWEC. We also summarize
our patient-centered methodology for designing a myAURA
application. Per stakeholder needs and human-centered design
specifications, when fully deployed, myAURA will integrate
practical, location- and patient-specific health care information
with targeted scientific literature, biomedical databases, social
media platforms, and epilepsy-related websites with informa-
tion about specialists, clinical trials, medications, community
resources, and chat rooms.

Objectives

The innovative data- and network-science methods that
underpin myAURA drive 3 research aims:

1) Produce a multilayer epilepsy KG (“Building the
myAURA Epilepsy KG”) of relevant terminology
(“Biomedical Dictionaries and Sentiment Analysis”) by
federating heterogeneous sources of large-scale data
(“Data Federation and Processing”) and exemplify its
value in the study of drug-drug interaction (DDI;
“Studying DDIs Using KGs”).

2) Develop recommendation and visualization algorithms
by automatically extracting the epilepsy KG’s metric
backbone (“Analysis of myAURA’s KG Backbones”
“Maps of myAURA’s KG”).

3) Design and pilot test myAURA using focus group stud-
ies that survey PWEC regarding their desired myAURA
content and its format (“User-Centered Design and Pilot
Testing of myAURA Through Focus Groups”).

Our immediate goal is to produce and visualize an epilepsy
KG representation of heterogeneous resources in support of a
user-friendly web service to facilitate PWEC self-
management. We report on the interface design based on
PWEC focus group input and the design requirements for
other similar applications. Our long-term goal is to generate
a personal health library for PWEC and in so doing create a
suite of methods that can be generalized to support
self-management of other chronic diseases.

Data and methods

Developing useful patient-centered tools requires integrating
often disparate information resources and validating results
by engaging end users. To ensure that myAURA meets the
needs of PWEC, we federate on their behalf broad-ranging
relevant data that we consider in 2 main groups, detailed
below. We process the data from these resources to produce
various large-scale knowledge networks”**! that are amenable
to analysis with the powerful tools of network science*>>°
and machine learning.’**” We also engage with PWEC
during development. The overall architecture is depicted in
Figure 1.

Data federation and processing

Social media and community websites

We have previously demonstrated the utility of social media
data in the study of epilepsy and other biomedical prob-
lems'®?873% and here include digital cohorts from Instagram,
X (Twitter), Reddit, Facebook, YouTube comments, and the
EFA website forums and Facebook discussion wall. For each,
the epilepsy-specific digital cohort information refers to com-
plete user timelines that contain all time-stamped posts of
users who posted at least once about a drug used to treat
epilepsy.

Instagram currently has more than 1.2 billion active users
monthly. The current study uses a dataset collected between
October 2010 and January 2016 via its APL> This epilepsy-
specific digital cohort contains 9890 complete user timelines
containing 8 496 124 posts.

From X, using the historical gardenhose and the OSoMe
data and tool set,®* we collected a random sample of 700K
user timelines. Of these, the epilepsy-specific digital cohort
contains 5958 complete timelines containing 14 152 929
posts.

Reddit is a user-moderated forum organized into over
100K subforums called subreddits that are devoted to special-
ized topics. The r/Epilepsy subreddit, devoted to PWEC, has
been active since August 2010 and had more than 18K
unique users who posted more than 277 367 times. (Though
fewer, these posts are typically much longer than posts on
Instagram or X.) For a more direct comparison with Insta-
gram and X, we identified the epilepsy-specific digital subco-
hort of 6301 users. Their timelines contain a total of 219 459
posts that, unless otherwise noted, compose our epilepsy digi-
tal cohort for Reddit.

YouTube, used by an estimated 81% of Americans in
2021, is the most popular social media platform in the United
States. Via its API, from a population of more than 330 347
users who engaged with epilepsy-related content over an 18-
year period, we collected an epilepsy-specific digital cohort of
more than 2035 users.

Overall, we collected over 48K complete user timelines,
with over 23M posts for our epilepsy-specific digital cohort.
With support from the EFA and via a specially developed
application, we also collected from Facebook a small cohort
of entire timelines of 12 victims of Sudden Unexpected Death
in Epilepsy (SUDEP).

In addition, we have access to the EFA website (epilepsy.
com), with more than 1M unique users per month, and its
highly used message boards, chat rooms, comment threads,
and the MyEpilepsyDiary (which allows users of the EFA
website to track medications, seizures, triggers, side effects,
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Figure 1. Diagram of the overall myAURA project: federated heterogeneous data; biomedical dictionary built from various scientific resources; the
constructed multilayer epilepsy knowledge graph with its computed backbone; and the myAURA application features (local resources include, eg,

epilepsy centers and clinical trials).

and symptoms) via an exclusive use agreement. The social
activity on the site is akin to that on social media®® with the
added benefit to our research that users are focused on the
target PWEC community and their activities and health con-
siderations. Collected data are from 2004 to 2016, and it
includes timelines of 22 938 active users with a total of
111 075 posts. The epilepsy-specific digital cohort (same
inclusion criterion as for other social media) contains 8488
user timelines containing 78 948 posts.

Biomedical and patient data

In addition to social media data, our federated database
includes clinical, pharmacological, health, and scientific data-
bases relevant to epilepsy. We use anonymized population-
wide electronic health record (EHR) data extracted directly
from the public health care systems of the cities of Blumenau
(Brazil, pop. 330K) and Indianapolis (USA, pop. 865K), and
the whole of Catalonia (Spain, pop. 7.5M). We collected
drug administration, patient demographics, and disease diag-
noses (ICD-10) for 133 047 Blumenau patients for 18 months
(January 2014-June 2015), 5 555 924 Catalonia patients for
11 years (January 2008-December 2018), and 264 607 Indi-
anapolis patients for 2 years (January 2017-December
2018).%>%° We addressed language differences by manually
resolving drug compounds to their English names with the
assistance of local medical experts and lists of drug synonyms
obtained from DrugBank.>” Medications with multiple drug
compounds were split into their constituent drugs. Adminis-
tered substances not found in DrugBank were discarded. For
instance, in the Catalonia dataset, drugs are identified by
their Anatomical Therapeutic Chemical (ATC) classification,
which we mapped to DrugBank IDs using the finest level of
ATC detail: chemical substance. The precise multilingual res-
olution pipeline is detailed in literature.>*>*® We curate these
EHR data to compute KGs used to uncover DDI and adverse
drug reactions (ADR) by risk level (major, medium, and
minor), gender, and age. Analysis of these graphs, discussed
below (“Studying DDIs Using KGs”), has already revealed
important sex and age biases in all 3 populations.®>*® Includ-
ing these drug and symptom KGs in the myAURA data

federation allows us to focus on epilepsy-relevant DDI and
ADR, as well as epilepsy-specific biases. Moreover, these
graphs enable future comparisons and analyses of DDI,
ADR, symptoms, and temporal comorbidity trajectories in
myAURA’s user population with those observed in independ-
ent patient populations. This will facilitate issuing medication
and symptom warnings to myAURA users and PWEC at
large.”’

PubMed is a service of the National Library of Medicine, a
“free resource supporting the search and retrieval of biomedi-
cal and life sciences literature with the aim of improving
health—both globally and personally.” It includes over 35
million citations dating back to the 1860s. We process
updated local copies of the entire PubMed/MEDLINE data-
base (28M citations) and use them in the myAURA KG to
enable the recommendation of relevant scientific literature
(eg, abstracts, MeSH terms, and references related to medica-
tions) to PWEC.

ClinicalTrials.gov is a central registration site for both pub-
licly and privately funded clinical trials operated by the
National Institutes of Health that has been available to the
public since 2000.>® The full dataset is available online. We
ingest a local copy of the data into the Scholarly Database at
Indiana University and integrate it into myAURA’s federated
database tagged with its dictionary for KG construction. As
explained below (“Biomedical Dictionaries and Sentiment
Analysis”), the dictionary construction requires processing
several resources to tag and link relevant pharmacology and
symptom information.

Via our PWEC user focus groups (“User-Centered Design
and Pilot Testing of myAURA Through Focus Groups™), we
identify and ingest other resources deemed most useful to
patients, such as the American Epilepsy Society’s Find a Doc-
tor Database,®” which contains geographic locations of all
epileptologists in the United States. Furthermore, the design
of myAURA’s user interface (“User-Centered Design and
Pilot Testing of myAURA Through Focus Groups”) includes
local transportation information, integrating services such as
taxi, Lyft, UBER, and other public transportation via their
APIs or Google Maps.
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Biomedical dictionaries and sentiment analysis

Constructing specialized dictionaries from which to auto-
matically tag text of potential relevance is a key aspect of
resource federation, and we do so here to define the nodes
required to build the epilepsy KG. We do as others have done
in studying depression using X,***!' first including terms
obtained from clinicians and extracted from epilepsy-patient
social media.”” We then add dictionaries carefully curated by
pharmacology and biomedical informatics experts with over
170K standardized terms from Food and Drug Administra-
tion drug labels, DrugBank,*” SIDER,** BICEPP,** FAERS,**
MedWatch,*® Drugs.com, and a standardized medical termi-
nology dictionary built from clinical notes and MedDRA.*
Parent terms and synonyms are resolved in a hierarchical
manner (eg, Prozac resolves to fluoxetine, and cold to naso-
pharyngitis). The resulting dictionary of clinical terminology
has already been used to produce a publicly available anno-
tated corpora of PubMed articles and text mining pipelines to
extract experimental evidence of DDI.?%*"~5°

Clinical terminology, however, is not tailored to social
media language so it can bias biomedical inference pipelines.
In our context, it must be refined, which we did via human-
centered curation in the social media context.’’ We use the
resulting myAURA dictionary to tag the relevant text fields
from the federated resources above. We then index them in a
data warehousing system to easily link relevant concepts to
text units, users, and all data fields. The tagged terms become
nodes in the epilepsy KG described below (“Building the
myAURA Epilepsy KG”).

In parallel, we use several dictionary-based sentiment anal-
ysis tools such as ANEW,>! VADER,>? and LIWC’ to tag
each post with a mood state along sentiment dimensions
including valence (happy/sad), arousal (calm/excited), and
dominance (in-control/dominated).>* This allows us to esti-
mate individual and collective psychological mood states of
the epilepsy digital cohorts and affords various types of
health-related discoveries.?® For instance, we studied the
SUDEP cohort mentioned above and showed that certain sen-
timent measures, such as increased or altered verbosity, may
be predictive of this serious outcome, an important result for

stakeholders.'°

Building the myAURA epilepsy KG

Given that the textual items of the federated data resources
are tagged with dictionary terms, it is straightforward to
build weighted graphs (networks), where edges denote a co-
occurrence proximity measure (eg, of drugs and medical
terms on social media posts or in EHRs) or its inverse, dis-
tance. Given the set X of all terms, we first compute a sym-
metric co-occurrence matrix, R, (X), whose entries 7y
denote the number of textual units w where terms x and y co-
occur.'”%* Unit w may denote a PubMed abstract,’® a user
timeline-window on Instagram,”®*’ or an EHR prescription
period,***¢ for example. The diagonal entries of this matrix,
7xx, denote the total number of times term x was mentioned
in a unit of analysis with any other term in the dictionary X:
Tox = ZyGXI#xrxy. To measure a normalized strength of asso-
ciation among the X terms, we compute a proximity graph
P(X) whose edge weights are given by the weighted Jaccard
similarity®®” (other measures are possible®*°5-¢1)

S (1)

where p,, € [0,1] denotes a proximity between 2 terms x and
y. When the terms never cooccur in textual units w, pyy = 0;
when they always co-occur, pyy, =15 and p., = 1 (reflexivity).

The proximity KGs are powerfully simple data representa-
tions of the relationships among different entities. Also, com-
puting KGs is scalable because it depends only on pairwise
comparison of vectors for each pair (x,y).”** Though more
complex measures of word embedding, including those based
on neural networks®® (rather than the normalized Jaccard co-
occurrence matrix P), are possible,®* our approach guaran-
tees maximum explainability of the uncovered pathways that
associate terms in inference, recommendation, and visualiza-
tion (“Results”). We can trace edge weights back to the
unique textual units w where a given term co-occurrence is
observed. The ability to unequivocally link a given inference
to its evidence (eg, in the interactive exploration of our KG
maps in “Maps of myAURA’s KG”) is most important in
biomedical applications.®® Indeed, we have used this word
embedding approach to build competitive recommender algo-
rithms,**°¢% biomedical text mining pipelines,”****~"" scien-
tific maps,”*”’® automatic fact-checking,’® and network
inference in biomedicine,'?»2%-3-36-77

The full myAURA epilepsy KG, e = {P(X)}, is the set of
proximity graphs derived for each federated data source s.
Because each constituent graph, P*, is defined on the same
node-set of dictionary terms x € X, ¢ is a multilayer graph
where term associations for each data source are represented
separately, with interlayer edges connecting the same diction-
ary terms on each layer (ie, a multiplex as represented in
Figure 1).

Source code, software, and data sharing policy

We developed standardized open-source code for efficient
data ingestion, preprocessing, dictionary term matching, con-
struction, storage, and joining of networks from different
data sources into PostgreSQL, and for computing the metric
backbone (“The Metric Backbone for KG Sparsification”). It
provides a unique, fast, and streamlined process that repro-
duces the complete KG construction pipeline for each inde-
pendent data source that gets updated. This source code and
an open-source API for accessing an SQL database with
shareable resources is publicly available through github (at
github.com/cns-iu/myaura for KG construction and github.
com/CASCI-lab/ for the backbone extraction pipeline), the
most widely used repository of public software, with appro-
priate licenses that allow stakeholders and other researchers
to reuse and build upon our source code. This is in keeping
with the Findability, Accessibility, Interoperability, and Reus-
ability”® principles that are foundational to myAURA’s feder-
ated data.

Given the biomedical and health context, we must also
address technical barriers and the ethical and legal considera-
tions of human subject data and protected health informa-
tion. Importantly, we must also safeguard our focus group
participants (“User-Centered Design and Pilot Testing of
myAURA Through Focus Groups”). These factors are con-
sidered at every step of our NIH-sponsored project via
approved and detailed Data and Safety Monitoring and Pro-
tection of Human Subjects plans. When the data policy of
specific resources, or ethical and legal considerations, prevent
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redistribution, we release processing tools without raw data
via github. These provide analytical support for the computa-
tion of recommendations, KGs, personalization, and visual-
ization features. In this way, the data pipelines can be
validated, and the analyses can be reproduced on alternate
data sets via reusable software. This has been especially
important in multi-institutional collaborations such as the
study of DDI from EHRs (“Studying DDIs Using KGs”).

Social media data are, in general, bound by changing shar-
ing and reusability policies, which are distinct by platform.
Our digital cohorts (“Social Media and Community
Websites”), however, are stored in a secure SQL. From there,
resources within the respective platforms can be pointed to
and accessed based on their own policies. Instagram, for
instance, does not prohibit the sharing of post URLs and their
metadata, though we do need to respect their user copyrights.
Therefore, instead of sharing Instagram media (photos and
videos) directly, we share the URLs where this information is
accessible. In contrast, X’s terms of service explicitly prohibit
the sharing of raw tweets and metadata. In this case, we pub-
licly share only aggregated and graph data via our API and
the myAURA network visualization tool (“Maps of
myAURA’s KG?).

Results
Studying DDIs using KGs

We exemplify the utility of the myAURA KG with the net-
works obtained from EHR data. We conducted a large longi-
tudinal study of the prevalence of known DDI in the
Blumenau, Brazil dataset. Even after correcting for multiple
factors, we found women and older patients were at signifi-
cantly higher risk of DDI exposure than their polypharmacy
regimens would suggest.>® Then we showed the generalizabil-
ity of our pipeline using additional primary care data from
the distinct locations of Indiana, USA, and Catalonia, Spain.
We found very similar sex and age biases in the prevalence of
known DDI in both locations, albeit sometimes involving dis-
tinct drugs®’; several drugs used in epilepsy were implicated
(Figure 2). Moreover, our analysis revealed explainable and
actionable interventions that easily reduce both biases and
the burden of DDI (eg, replacing Omeprazole with another
proton-pump inhibitor). To facilitate the reusability of our
data and KGs, with a wider consortium, we built the DDIn-
teract web tool®>*”? to enable third-party analysis of the DDI
KGs from all the myAURA EHR datasets (Figure 2). In addi-
tion to integrating all the EHR-derived information about
DDI, the tool allows contextual inference per population,
age, gender, and severity and significance of interaction. For
example, carbamazepine interacts with ethinylestradiol, pos-
sibly reducing the latter’s blood levels and efficacy; however,
this DDI is only relevant in the younger female population.
DDInteract allows users to extract KGs for specific age
ranges to observe how the DDI phenomenon changes contex-
tually. It is important to emphasize that this comparative
study and reusability demonstration required expert-driven
multilingual resolution of drug names used in the various
EHRs (“Biomedical and Patient Data”). While such a process
is not trivial, with access to local medical experts and avail-
able drug and chemical classifications, we show that it is fea-
sible to reconcile multilingual patient data.

In addition, we built text classifiers to identify PubMed
abstracts (and sentences) with direct experimental evidence

of DDI because our focus group user studies (“User-Centered
Design and Pilot Testing of myAURA Through Focus
Groups”) revealed that detailed pharmacological information
is of particular importance to epilepsy patients. We trained
classical and large language models like BioBERT and
ChatGPT on our human annotated DDI PubMed corpora’’
and on human-annotated Instagram posts,® and they per-
formed very well.***® The recommendation of relevant
experimental DDI evidence supports functionalities in the
myAURA app design (“User-Centered Design and Pilot Test-
ing of myAURA Through Focus Groups”). When users click
on nodes that represent drugs in the KG visualizations, they
may, for example, obtain PubMed articles with experimental
evidence of DDI for those drugs (“Maps of myAURA’s
KG”).

The metric backbone for KG sparsification

KGs are often dense with many edges that are not relevant
for inference and, furthermore, impair visualization and slow
down computation. Therefore, we developed a sparsification
method to facilitate analysis and visualization of myAURA’s
epilepsy KG and other network data-based informatics
problems.

Many network inference methods depend on computing
shortest paths on distance graphs D(X), whose edge weights,
d.y €10, +00], denote an antireflexive distance between
nodes x and y (dy, = 0). These are easily obtained from the
proximity graphs of ¢ (“Building the myAURA Epilepsy
KG”) via

dxy:i—l, Vx,y € X. (2)

ny
The resulting distance weights are inversely proportional to
the strength of association between terms; thus, they convey
a measure of distance necessary to compute path length. It is
typically symmetric, but the approach also applies to the
asymmetric associations (ie, directed graphs).®!

Shortest paths allow us to infer the strength (or cost) of
indirect association: If x is connected to z with a finite dis-
tance, and y is similarly connected to z, the length of the
shortest indirect path quantifies how close x is to y via z. This
type of inference is ubiquitous in network problems.*™>* We
have shown that distance graphs obtained from real-world
data are typically not metric, but rather semimetric,’*°°
meaning the triangle inequality (dyy<di,+d,) is not
observed for every edge of D(X).** That is, the shortest dis-
tance between at least 2 nodes in the graph is not the direct
edge, but rather an indirect path via other nodes.

Computing shortest paths of a distance graph, where path
length is the sum of constituent edge (distance) weights
(dyy = dy;+d;y), for example via Dijkstra’s algorithm,®?
yields its metric closure D¢(X), which obeys the triangle
inequality at every edge.’® If an edge in the original graph is
semimetric, its weight gets replaced by the length of the short-
est indirect path between the nodes it connects. If an edge
weight dyy of D(X) does not change in the metric closure
D¢(X), it is metric because it obeys the triangle inequality—
there is no indirect path shorter than the direct edge between
x and y—while those that change, are semimetric.

Significantly, there is a metric backbone subgraph Dy, (X)"’
of the original graph D(X) that is invariant under the metric
closure and is sufficient to compute all shortest paths:
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interactions associated with Omeprazole.

Df(X) = D®(X). The edge weights of the metric backbone
graph are given by

dey, if dyy = dgy,
by — 3)
+oo, if dyy> dgy,
where by, = +00 means there is no direct edge between x
and y.

Edges not on the backbone are superfluous in the computa-
tion of shortest paths (and in all network measures derived
from shortest paths). Importantly, the metric backbone is an
algebraically principled network sparsification method with
unique features in that it (1) preserves all connectivity and
shortest path distribution, (2) does not alter edge weights or
delete nodes, (3) is exact, not sampled or estimated, and (4)
requires no parameters or null model estimation.'? Further-
more, it outperforms available state-of-the-art network spar-
sification methods in that it (5) preserves the community
structure (modularity) of the original graph,®* and (6) recov-
ers most of the original (macro and micro) spreading dynam-
ics, reveals the most important (information or disease)
transmission pathways, and results in greater reduction with-
out breaking apart the original network.'”>"”-%

The size of the backbone subgraph in relation to the size of
the original graph defines the amount of redundancy in the
network. All layers of myAURA’s KG have a small backbone
(large amount of redundancy) as seen in Table 1 and Figure 3.
This is coherent with what is observed in networks across
biological, technological, and social domains, which typically

Table 1. Network parameters of layers of the myAURA KG for various
data sources.

KG network Nodes Edges % metric
PubMed? 8891 590 781 18.59
Clinical trials 1275 31371 53.75
Instagram 1686 25235 15.1

X (Twitter) 1022 5082 37.0
r/Epilepsy (Reddit) 1270 17 558 17.0
EFA 1529 33795 15.7

Columns show the numbers of nodes, edges, and size of metric backbone as
the proportion of edges kept.
* Only epilepsy-related publications.

possess very small metric backbones.'” For instance, the met-
ric backbone of a protein interaction network of more than
11K human genes involved in spermatogenesis comprises ~
10% of the original edges.”” The 90% of edges not on the
backbone were obtained from experimental evidence, but
they are redundant for shortest paths and likely less impor-
tant for regulatory pathways. This realization led to our dis-
covery of new genes involved in male infertility.”” Similarly,
the backbones of social contact networks important for epi-
demic spread are within 5%-20%""-**; those of the human
brain connectome and functional and multiomic gene
co-expression networks are typically 5%-11%"" and have
distinguishing network features that enable effective
classification between healthy and diseased human cohorts
in Alzheimer’s disease, autism, depression, and psychotic
disorder.3¢~%8
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Figure 3. Original distance graph (left) and its metric backbone subgraph (right) for each of the social media layers of myAURA's multilayer KG. Nodes are
sized according to (unweighted) degree in the original network. Node positions are determined by the Force2Atlas method applied to the original

networks. Only the largest component of each network is shown.

These observations show that the metric backbone is more
than a mathematical construct. It has a phenotype in that its
measurement in many biomedical and social complexity
problems reveals important functional characteristics, such as
community structure, information spreading dynamics, and
the most important (central) network nodes, edges, and path-
ways for inference.'”%*%5 Additionally, because the back-
bones of large networks are typically very small, this natural
sparsification provides substantial memory and computa-
tional parsimony in network storage and analysis.®> Remov-
ing edges that are redundant for shortest paths clearly yields
a powerful sparsification methodology that facilitates analy-
sis and visualization of KGs,!” which we illustrate next
(“Analysis of myAURA’s KG Backbones”). We provide an
open-source Python package for metric backbone extraction
and analysis, DistanceClosure,®® which is compatible with
NetworkX, for interoperability with common graph formats
(eg, GraphML, GML).

Analysis of myAURA’s KG backbones

Social media sites are useful in studying the interplay between
human behavior and medical treatment in chronic diseases
such as epilepsy,'®*® but vary in the generality of their dis-
course. While X and Instagram engage a wide range of topics
simultaneously, Reddit subgroups and the EFA discussion
forums focus more on health-related discourse. Interestingly,
sparsification of the derived KGs reveals these discourse dif-
ferences. The metric backbones of the myAURA KGs from

Instagram, X, r/Epilepsy, and EFA forums are similar in size:
~ 16% of original, except for X, which is 37% (see Table 1
and Figure 3). However, while harvested with the same crite-
rion (at least one post mentioning an epilepsy drug), the pro-
portion of users who contribute to backbones (at least one
post containing a pair of dictionary terms represented by an
edge on the backbone) is quite distinct across platforms. A
much higher proportion of users contribute to the backbone
in epilepsy-focused than in general-purpose social media:
65% and 71% on Instagram and X versus 95% and 93% on
EFA forums and r/Epilepsy.”® Thus, general-purpose plat-
forms have a lot more users who contribute to redundant
edges and not to any shortest path inference on the derived
KGs.

We further observed that there is a clear discourse distinc-
tion between users who contribute to the backbone and those
who do not. Using the human-annotated corpus of Instagram
posts utilized to refine the myAURA dictionary (see
“Biomedical Dictionaries and Sentiment Analysis”),>! we
observed that the false positive rate (dictionary terms used
without medical relevance) is significantly higher for the set
of users who do not contribute to the backbone (32%) than
for those who do (14%). This difference is not a matter of
engagement; false positive rates are similar for users who
post a lot (13%) or little (18%). Thus, by extracting focused
digital cohorts from general-purpose social media, such as X
or Instagram, that are more like those on special-purpose
forums of biomedical relevance, such as the EFA and
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r/Epilepsy, the metric backbone sparsifcation of KGs can be
used to increase personalization of social media data for a
specific health problem.”®

The sparsification of KGs into their metric backbone sub-
graph can also reveal key drug and medical term associations
in the epilepsy patient discourse. For instance, all nodes
shown in Figure 4A are directly associated with the term
“Cannabis” because they co-occur in posts on r/Epilepsy,
resulting in a confusing “hairball” graph. In contrast, the
metric backbone of this graph, shown in Figure 4B, is strik-
ingly simpler to study. Importantly, no reachability or short-
est path information is lost in this sparsification. All terms on
the original network remain reachable from “Cannabis” via
an indirect path on the full backbone KG in Figure 3 with the
exact same shortest distance (all shortest paths are preserved
in the backbone, “The Metric Backbone for KG
Sparsification”). However, most terms in Figure 4A are no
longer directly connected to “Cannabis” in Figure 4B. The
nodes that remain directly connected to “Cannabis” in the
backbone have a transitive relationship to it in that the direct
distance is shorter than or equal to any indirect path. Thus,
their association is strongly and directly observed in user
posts, not because of co-occurrences with other indirect
terms. Similarly, many edges between nodes disappear in the
“Cannabis” ego-graph backbone because their relationship
via this target term is stronger than any direct co-occurrence
measurement. From the perspective of shortest paths, the dic-
tionary terms in the “Cannabis” ego-graph backbone are
those most relevant to understanding how the 7/Epilepsy digi-
tal cohort discusses this term directly.

Looking at another data source, Figure 4C shows a sub-
graph of the EFA KG backbone that includes all the nodes
directly associated with two epilepsy treatment drugs, Leve-
tiracetam and Carbamazepine (larger purple nodes), that are
frequently prescribed together in drug-resistant epilepsy. In
the middle of the graph are terms near both drugs, including
additional drugs often co-prescribed with these medications,
and medical terms related to side effects. Some of the terms,
such as mood swings, aggression, depression, and crying, are
moderate to severe side effects more associated with Levetira-
cetam (often main reasons patients switch from this medica-
tion) and they appear in close proximity to it in the graph.
Nightmares are a common side effect of both drugs, but typi-
cally worse with Carbamazepine, coherent with the data in
the subgraph. Indeed, there is no direct backbone connection
between Nightmares and Levetiracetam. Also interesting,
Carbamazepine is not safe to take during Pregnancy as it is
associated with neural tube defects, but Levetiracetam is con-
sidered safer. Many women who plan to become pregnant
switch medications during this time and the term appears
between both drugs.

These examples highlight how the metric backbone can be
leveraged to improve our understanding of how patients dis-
cuss drugs and drug side effects in various social mediums.
The insights can be relevant to both patients and clinicians.
Indeed, ego networks and other KGs are being used in
researching various mental health and biomedical prob-
lems.”" The metric backbone sparsification facilitates and
improves such analysis because the resulting subgraphs are
easier to visually inspect, without any loss to the shortest
path distribution. All inferences based on distance associa-
tions among all terms revealed by the data are preserved.

Maps of myAURA's KG

The full myAURA KG, ¢, includes various networks
extracted from distinct data sources and units of analysis (ie,
EFA comments, tweets, or paper abstracts). For maximum
explainability, myAURA enables tracing back the specific
discourse that gave rise to an edge (ie, provides direct access
to the context in which the terms were used). The impressive
parsimony of the metric backbone makes its paths ideal lines
of argumentation for explaining why certain inferences are
made.

Thus, we developed a backbone-based myAURA KG visu-
alization tool”” using the map4sci visualization suite.”®”>
Using the Zoomable Multi-Level Tree algorithm,”*”% it
charts the knowledge embedded on backbone subgraphs
onto a 2D plane by combining edges from each constituent
network {P*(X)} according to a specific aggregation opera-
tion."” In the current implementation, py, values from each
layer are averaged across data sources, but other aggregations
are possible (eg, choosing the maximum py, or minimum dy,;
see eqns (1) and (2)) in all layers as we have done in the
aggregation of multilayer protein-protein networks in
another setting.”” The result resembles a cartographic map
with 3 graph layouts: BatchTree, which optimizes for scal-
ability using C++ and OpenMP, balancing between a com-
pact layout and edge length preservation; CG, which
optimizes compactness at the expense of preserving edge
length; and DELG, which optimizes preserving edge length.

All variations are based on the metric backbone of KGs and
use the same visual metaphor that displays semantic countries
(clusters of strongly associated dictionary terms) that contain
cities (terms) linked by roads defined by shortest paths con-
necting them (the most important associations for information
transmission); see Figure 5A. We have shown with human sub-
ject studies that such map-like visualizations are as good as or
better than standard node-edge representations of graphs in
terms of task performance, and in memorization and recall of
the underlying data.”® Notice that semantic countries are
mostly unaffected by sparsification because the metric back-
bone preserves community structure.®*

As a user zooms in, edges down the hierarchy of impor-
tance (larger distances or lower proximity) are revealed as
peripheral roads between lower importance dictionary term
nodes. The tool provides easy dictionary-term searching in
the map, for example, “Vagal nerve stimulator implantation”
as depicted in Figure 5B. The online version of the map visu-
alization tool also allows clicking on edges to retrieve infor-
mation associated with the connected terms. However, due to
privacy and access rights for each data source, the public ver-
sion does not retrieve the actual data items where the terms
are comentioned. Only our private, PHI-compliant research
prototype is able to retrieve ranked data from all included
resources after clicking on specific nodes and edges. The abil-
ity to search and explore myAURA’s heterogeneous data
sources via a single combined map, as depicted in Figure 5D,
is a useful feature of this visualization approach.

User-centered design and pilot testing of myAURA
through focus groups

Our priority has been to understand and include the needs
of PWEC in prototyping an application to support epilepsy
self-management. We carried out a series of focus group
interviews to understand how to deliver personalized
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recommendation and visualization of information from
myAURA’s KG. The initial focus group had 12 PWEC partic-
ipants that met for 4 sessions. They reported having difficulty
finding the right information due to diverse symptoms among
PWE. Participants also had trouble tracking and managing
epilepsy-related information because it is distributed among
multiple sources. Finally, they reported difficulty in sharing
information with doctors and family members and in getting
support during and after having seizures.'”>'® Participants
were eager for an application like myAURA to be an
epilepsy-specific all-in-one platform to track symptoms, seiz-
ures, available treatments, and other relevant factors, and to
provide them and caregivers with a holistic image of their epi-
lepsy status.'”'® The ability to obtain personalized informa-
tion (eg, the most effective treatments based on their
individual symptoms and contexts) was also very important
for them, as was the ability to share information easily with
family members, friends, teachers, and health care providers.

A second focus group (a subset of the original group) tested
our initial interactive mockup prototype containing the
desired key features. We provided access at a virtual meeting
and asked participants to perform a few tasks while the
screen was shared with the researcher. Then they used the
mockup freely for several minutes before sharing their experi-
ence in a short follow-up interview. Finally, they completed a
survey designed to measure their perceptions and experiences
with the mockup on a 7-point Likert scale.”” Overall, the
interview and survey results were positive. Higher scoring
items were easiness to learn (6.38), feeling of control (6.19),
and overall impression (6.17); relatively lower, though still
positive scoring items were creativity (5.19), usefulness
(5.34), and satisfaction (5.36).

Based on valuable participant feedback, we designed and
implemented a final interactive mockup myAURA app (see
Figure 6). It includes trackers (eg, food/water intake, sleep,
menstrual cycles), modifications to the navigation of screens,
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a dedicated media library where users may curate epilepsy-
related information, an emergency/seizure response function,
the ability to sync the platform with fitness trackers (eg, Fit-
Bit), and appointment/medication reminders. These items
were deemed fundamental to providing meaningful informa-
tion to PWEC. Then, to identify additional potential func-
tions and to understand seizure management experience in
diverse environments (eg, home, school, workplace, public
transport), we conducted a third study with a newly updated
mockup.'” Our aim was to better understand the contexts,
challenges, and coping strategies for seizure management
devised by PWEC. We focused on understanding the social
stigma experienced by PWE and proposed human-computer
interaction design requirements to effectively deliver appro-
priate first aid information to bystanders during a seizure.'”

Further, the 3 studies allowed us to complete a system-
design framework to characterize challenges PWEC face in
finding personalized just-in-time information, and tracking
and sharing it with family, caregivers, and others. With this
human-centered approach, we proposed a design framework
to mitigate the challenges PWEC face and improve epilepsy
information management and care coordination in myAURA
or a similar future technology.'®

We are committed to disseminating myAURA and our
project outcomes to PWEC, clinicians, and researchers as
widely as possible. However, direct communication with
PWEC on social media is ethically problematic as it may
result in unintended consequences for human subjects in

uncontrolled settings. Therefore, in forthcoming work, we
will significantly widen focus group studies to include epi-
lepsy clinicians and researchers. They will guide and evaluate
our data-powered approach toward desirable translation to
scientific and health care insights. Furthermore, members of
the EFA Professional Advisory Board, composed of neurolo-
gists, epileptologists, nurse practitioners, social workers, and
psychologists, are enthusiastic and committed to supporting
development, testing, and dissemination of not only the
application, but also our overall analyses. They have agreed
to disseminate the project’s research findings and suite of
tools to stakeholders via their website and social media chan-
nels, including Facebook and YouTube. The EFA website,
epilepsy.com, has 1M+ unique users per month, making it
the most widely used resource for PWEC. It provides the
ideal mechanism, not only to recruit focus group participants
but also to disseminate myAURA’s suite of tools and other
analyses, empowering patient self-management as widely as
possible.

Discussion

Our interdisciplinary efforts toward building myAURA, a
personalized easy-to-use web service for PWEC, are ongoing.
Most of our efforts so far have been in researching novel and
explainable data and network science methods to design and
implement the computational architecture of myAURA as
a user-friendly web service to improve patient activation.
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We have translated this into several important novel develop-
ments discussed next.

Our approach rests on an unprecedented collection of
large-scale heterogeneous data resources of relevance to study
the specific biomedical and social complexity of epilepsy, in
support of PWEC, including social media and community
websites, EHR, and biomedical databases (“Data Federation

and Processing”). To integrate so much data, we developed a
generalizable methodology to compute a multilayer KG
(“Building the myAURA Epilepsy KG”), based on the federa-
tion of the constituent heterogeneous data sources
(“Data Federation and Processing”) in separate layers linked
via the terms of a patient-centered biomedical dictionary
(“Biomedical Dictionaries and Sentiment Analysis”).
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We exemplify the power of this KG approach with DDI stud-
ies in EHRs,>*° the scientific literature,’®®® and social
media?®?? (“Studying DDIs Using KGs”).

To analyze the multilayer KG, we developed a network
sparsification method (with corresponding open-source code)
that allows us to extract the metric backbone of KGs, which
removes edges redundant for shortest paths. It outperforms
existing network sparsification methods (“The Metric Back-
bone for KG Sparsification”, features [1-6]) and uncovers the
most important edges and pathways for inference, recom-
mendation, and visualization.'”***° In addition, we show
that metric backbones of KGs reveal how patients discuss dis-
ease factors and pharmacology on social media 4.3, which
has led to another novel method to extract focused digital
cohorts, whose discourse is more relevant to epilepsy, from
general-purpose social media.”®

The metric backbone is particularly amenable to simplify-
ing the visualization of network data.'” Applying this advant-
age, we developed geospatial map-like visualizations of
sparsified KGs that enable the intuitive exploration of net-
works,”*%¢ interactive search and extraction of relevant
underlying data items, and merging of myAURA’s multilayer
KG into a single map (“Maps of myAURA’s KG”). This inte-
gration provides the ability to search and explore myAURA’s
heterogeneous data sources via a single sparsified and com-
bined map in an easily consumable visual format useful for
both epilepsy clinicians and PWEC. The optimal network
reduction provided by our network sparsification approach is
vital to explaining the inferences provided to myAURA users
because it allows us to parsimoniously integrate, analyze, and
simplify large amounts of multiscale data in real-time. Impor-
tantly, our approach enables direct retracing of all supporting
evidence from heterogeneous data sources. This supports
patients and clinicians in understanding multiscale factors
involved in epilepsy. Indeed, the design of myAURA allows
its users to query multiple different sources of information
about topics such as medications, side effects, scientific litera-
ture, and clinical trials all on one platform. The resulting vis-
ualization displays relationships among these important
topics acquired from a robust combination of data sources.
Such large samples of social media and discussion forums
related to epilepsy, clinical trials, or scientific literature would
not typically be accessible to PWEC. Clinicians such as neu-
rologists, epileptologists, nurse practitioners, physician assis-
tants, and psychologists may also use myAURA to quickly
and easily visualize knowledge about practice-relevant topics
affecting PWE. These visualizations could be used quickly,
even during a patient encounter, to guide assessments or
treatment recommendations. In particular, once we have
addressed the privacy and access rights for each data source
in an updated working tool, visualization of a combination
of data from social media and EHRs can reveal relationships
among issues important to the PWE patient in association
with their health records.

In forthcoming work, we will validate these sparsified visu-
alizations and different methods of combining multilayer
edges with both PWEC and epilepsy researchers, focusing on
the value of deriving explainable inferences. The current mul-
tilayer KG constitutes a multimodal integration of many het-
erogeneous data resources, which are relevant to epilepsy and
span multiple scales, from molecular and pharmacological
evidence in the scientific literature and EHRs, to human
behavior extracted from social media. Our methodology can

extend in a straightforward manner to any data that can be
labeled with our dictionary terms (“Biomedical Dictionaries
and Sentiment Analysis”), such as imaging in EHRs, video,
and audio. Tagging medical images is already feasible’® and
video sources, such as YouTube, often provide transcripts
that make such integration possible in the future. Indeed, for
a forthcoming version of myAURA, we are working on inte-
grating a GraphRAG’”'%° chatbot to leverage our multilayer
KG with the power of large language models. This will add a
new user-friendly interface enabling patients and clinicians to
interact with myAURA’s structured, multiscale, biomedical
knowledge. Additionally, we will test Google’s Notebook LM
to produce engaging podcasts from textual documents such
as the scientific articles recommended by myAURA, similar
to those recently done for other health problems.'®" Both
approaches may lead to improved self-management for users
who are not familiar with or dislike reading scientific docu-
ments. In planned future focus groups, we will evaluate the
putative benefits and address the risks of generating false or
unexplained recommendations that are possible with such Al
methods. We note that these kinds of risks do not occur with
our current explainable approach.

We will continue our established approach of relying on
stakeholder input at each step, whereby myAURA’s function-
alities and interface were developed and pilot tested with
patient-centered design principles based on focus groups
studies (“User-Centered Design and Pilot Testing of
myAURA Through Focus Groups”). Alongside the focus
groups, the participation of the EFA in all aims was instru-
mental in informing the user-centered design and develop-
ment of the overall myAURA project according to
stakeholder needs. The design and development included
studying how social media can assist in predicting epilepsy
outcomes,”®  human-centered  dictionary  refinement,
human-centered app design,'”'® epilepsy-focused digital
cohort extraction,”’ and our biomedical data science
approach more broadly. Now that the data federation, KG
construction, inference based on metric backbone sparsifica-
tion, multilayer map visualization, human-centered design
requirements, and pilot testing for myAURA have been
completed—with constituent methods, tools, and open-
source code—app production and deployment will continue
in partnership with the EFA and other stakeholders.

To our knowledge, our team is the first to investigate
PWEC practices and preferences, acquiring up-close and per-
sonal descriptions of the challenges they face, to seek out and
curate epilepsy-related content. The resultant design frame-
work is generalizable and useful for others interested in devel-
oping a similar app.'”"'® Indeed, the methods we detail here,
and several of the data sources we have federated (“Data Fed-
eration and Processing”), are relevant not only to epilepsy
patients but also to those with other chronic conditions.

Conclusion

Chronic health conditions unfold as a complex interplay
among biological, psychological, and societal factors that
change over time. Such complex multilayer dynamics of
human health require new science, new tools, and new inter-
disciplinary thinking to accelerate data-driven discovery and
management of chronic conditions.'%71%* We reported the
advances our team has made in developing myAURA, a per-
sonal library application prototype and suite of methods to
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support epilepsy research and self-management through the
daunting array of treatments, drugs, interactions and side
effects, diet, lifestyle, and stigma. We worked with PWEC
and stakeholders to design and pilot-test the approach, which
entailed federating many large-scale heterogeneous data
streams into an epilepsy KG that we analyzed using novel
network inference, sparsification, and visualization methods
in support of personalized and explainable recommendation,
digital cohort identification, and understanding of pharma-
cology in epilepsy. We showed that significant advances
empowered by biomedical informatics are within reach for
self-management and scientific discovery in epilepsy, espe-
cially by leveraging unconventional data from EHR, social
media, and digital cohorts, along with computational and
theoretical advances in characterizing and visualizing multi-
layer complex networks. We look forward to continuing to
developing the myAURA system toward production and
deployment of a full application for epilepsy and to expand-
ing it to include a broad range of chronic conditions to bene-
fit many more patients in the future.
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