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Abstract

Genome-wide association studies (GWAS) are critical to identifying genetic variations associated with a particular trait or
disease. It is important to cultivate an awareness of GWAS in the general public as members of this group are key participants
of these studies. However, low genetic data literacy and trust in the sharing of genetic data pose challenges to learning and
engaging with GWAS concepts. In this design study, we explore design strategies for the public communication of GWAS data.
As part of this study, we present an interactive visual prototype that explores the use of narrative structure, linked visualizations
through scrollytelling, and plain language to onboard and communicate genetic concepts to a GWAS-naive audience.

CCS Concepts

* Human-centered computing — Information visualization; * Applied computing — Genomics;

1. Introduction

Genome-wide association studies (GWAS) compare entire
genomes in a population to identify genetic variations that are
associated with a particular phenotypic, i.e., observable, trait or
disease [UHM*21]. In humans, single nucleotide polymorphisms
(SNPs) are the most common type of genetic variation. Domain
experts routinely identify and compare significant SNPs by
visualizing GWAS data using a Manhattan plot—a linear scatter
plot displaying dense data. Millions of SNPs, ordered by genomic
position and grouped by chromosome, are plotted against —/ogg
transformed P values. It is important to cultivate an awareness
of GWAS in the general public as they are major participants
and beneficiaries of these studies. The success of contemporary
biomedical and public health research depends on public contri-
bution of genetic and other biological samples to biobanks (e.g.,
UK Biobank [OSPO05]), which researchers then access to study the
genes, environment, lifestyle, and other mechanisms associated
with disease in order to improve public health outcomes. Multiple
challenges factor into the public communication of GWAS,
including low genetic literacy [MMA™*20], variable statistical liter-
acy [RHS20], scientific uncertainty, and poor public perception of
genetic research and genetic data sharing [MMA*20].

Thus far, few works in the public health space integrate visual
analytics and public dissemination [PL20], and visualizations for
a GWAS-naive audience have not been well-characterized. Design
strategies that increase comprehension, interest, and user engage-
ment may help facilitate the communication of science to a public
audience [Dah14]. Notable examples include scrollytelling [SZ18]
websites from FinnGen [Aal23] and the Broad Institute [Bro21]
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that convey the importance of genetic data using aesthetically-
pleasing visualizations and jargon-free explanations. To further
explore these strategies, this poster presents an interactive visual
prototype that integrates narrative visualization [SH10], plain lan-
guage [AWB*23], radial visualization [KSB*09], scrollytelling,
and onboarding strategies [SGP*19] to communicate GWAS data
on child growth to a GWAS-naive audience (Fig. 1).

2. Data & Task Abstraction

We derived a set of user tasks and designs informed by literature
and consultation with four domain experts, one of whom is a co-
author. The final prototype was created through a process of itera-
tive sketching using the five design-sheet methodology [RHR15].
We used Brehmer & Munzner’s task typology [BM13] with princi-
ples in perception and engagement to justify our design choices.

Data Processing. We used GWAS summary data on early child-
hood body mass index (BMI) [HVSN*22] from the Norwegian
Mother, Father and Child Cohort Study (MoBa) [MBV*16]. The
complete dataset includes 12 collected time points over several
years and are mixed-type (qualitative and quantitative). For this
prototype, we used a subset of data, namely rsID (SNP identifier),
chromosome, genomic position, effect size, standard error and P
value of SNPs that either A) were not spurious correlations at any of
the 12 time points (P value of 1e-4 or lower), or B) were one of 40
SNPs of research interest identified in Helgeland et al. [HVSN*22].

Task Abstraction. Inspired by role-playing games for public en-
gagement in scientific citizenship [GS12], we aimed to increase
awareness of the purpose and relevancy of GWAS by walking a
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Figure 1: Our approach to visually communicating genome-wide association study (GWAS) data uses a martini-glass narrative structure,
linked visualizations through scrollytelling, and plain language to onboard and communicate GWAS concepts to a GWAS-naive audience.

GWAS-naive user through the tasks of a genetics researcher (do-
main expert). We designed versions of domain expert tasks where
the target user needed to gain a gist of the data but not report on spe-
cific, accurate values. The first task is to identify significant SNPs
(discover outliers) in the Manhattan plot (T1). Once these SNPs are
identified, one looks at the overall effect (discover trends) of a SNP
on childhood BMI in a separate dot plot (T2). An analyst will also
want to compare the effects of different SNPs, but we excluded this
task on reflection to avoid overloading a GWAS-naive user.

2.1. The Manhattan Wheel & Next Steps

The visualization story follows a martini-glass narrative struc-
ture [SH10] that leads the user through two linked visualiza-
tions: a semi-hidden radial Manhattan plot on the left side of
the screen and a linear dot plot on the right. In the center of
the two visualizations lies the narrative text. The website starts
with a scroll-driven narrative that onboards the user to interpret-
ing GWAS visualizations and ends with free user exploration of the
two visualizations. The application is open-source and available at
https://github.com/amykzhang/manhattan-wheel.

Visual Encodings. We used a radial representation of the Manhat-
tan plot to 1) employ the memorable and aesthetically-pleasing na-
ture of radial layouts for user engagement [BVB*13,SMYL24] and
2) exploit radial distortion to push outliers further away from the
center of the plot (T1). We used opacity and size to make salient ei-
ther SNPs of interest (T1) or a user-selected SNP. For color, we fol-
lowed genomic visualization conventions which use an alternating
color palette. We chose a warm color scheme, adjusted for contrast
and web accessibility, to elicit excitement and playfulness [BPS17].

Chart Elements & Text. Onboarding text was written in plain
language (Flesch-Kincaid readibility score of 60-70 [Fle79]) and its
scientific accuracy was checked by domain experts. This text aimed
to teach users how to identify outliers in the Manhattan plot (T1)
and interpret trends in the dot plot (T2). We revised chart elements
that were difficult to grasp for audiences with low visualization lit-

eracy e.g., addition of chart annotations and omission of axis ticks
related to statistics (i.e., P and beta values).

Interactions & User Flow. We followed Shneiderman’s visual
information-seeking mantra [Shn96] for both the onboarding and
free exploration experience. The user first sees a Manhattan plot
with fully salient data points. When a user selects a SNP on the
Manhattan plot, additional information on the SNP’s effect size
on early childhood BMI is revealed on the dot plot (T2). For both
plots, hovering over data points reveals their individual details on
demand. To promote engagement with the visualization, we hid
half of the Manhattan plot offscreen to encourage users to rotate
and explore the full extent of the Manhattan plot.

Reflections & Next Steps. In this work, we explored design strate-
gies that may not necessarily follow perceptual design guidelines
for visual data communication. Aesthetic, memorable, and whim-
sical radial visualizations may provide benefits to a non-expert au-
dience that offsets its disadvantages. In non-expert GWAS data
communication, radial distortion—considered a trade-off of radial
layouts—may even support the user in accomplishing tasks such
as the identification of outliers. In creating bespoke visualizations
with large, multidimensional datasets, we found it challenging to
make the visualizations accessible e.g., via a screen-reader. Includ-
ing plain language text, chart annotations, and omitting jargon-
filled elements may make the data more inclusive for a broader
audience [LCI*20]. Finally, we plan to conduct an end-user evalu-
ation that compares conventional and unconventional design strate-
gies for communication of GWAS concepts to naive audiences.
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