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Abstract. Data-driven decision-making has become more prevalent in the field of digital
government. Data visualization as a key tool for data exploration, can help decision makers
quickly understand data and grasp insights behind pages of spreadsheets. To better support
scientific discovery through advanced research computing, the U.S. National Science Foundation
has funded the cyberinfrastructure programs including TeraGrid, XSEDE, and ACCESS for over
twenty years. These programs have generated extensive data about the awarded projects along
with their resource allocation and usage. However, existing visualization tools for these data were
not designed for in-depth analysis or direct decision-making support. This research investigated
the needs of resource providers and users, analyzed the data collected from TeraGrid and XSEDE
projects between 2003 and 2022, and developed a publicly accessible interactive visualization
dashboard. The goal of this visual platform is to enable resource providers and users to
independently explore data through graphs and tables and make informed comparisons and
decisions. Resource providers can use the platform to study and compare trends in resource
allocation and usage across projects funded at various institutions and within different fields,
identify more efficient resource users and research directions, and provide personalized services
to institutions and principal investigators in need. Resource users can search for potential
collaborators and helpers from successful cyberinfrastructure project awardees in similar fields,
nearby locations, or related research topics. Additionally, this paper demonstrates the practical
application of the visualization dashboard through three examples: a research-intensive
institution, an under-represented minority-serving institution, and a junior researcher from a
specific field of science, showcasing how each can leverage the platform for decision-making.

Keywords. Data visualization, interactive dashboard, graphical user interface, decision-making,
cyberinfrastructure, XSEDE
Research paper, DOLI: https://doi.org/10.59490/dgo.2025.946

1. Introduction

In the era of data explosion, making full use of data science can significantly improve comprehensiveness,
rationality, timeliness and effectiveness of decision-making. Big data can be employed to depict the comprehensive
characteristics of static events and the development trends of dynamic events. This enables decision-makers to
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more easily identify challenges or issues, determine the most appropriate actions or intervention timings, simulate
the potential outcomes and impacts of decisions, and ultimately select the optimal decision under given
constraints. However, data science also presents unique challenges, such as how to collect, organize, and store
massive amounts of data, how to extract valuable insights from massive data, and how to effectively communicate
the summarized data value to policy makers and beneficiaries. Within the chain from data to decision, data
visualization serves as a critical link to help stakeholders understand data.

Data visualization uses graphical displays to show data and information (Unwin, 2020). For most people,
interpreting information from visual graphs is more direct and efficient than browsing raw data or reading
summary tables, without losing accuracy. Data visualization can assist in the decision-making process by
presenting important information such as numerical distributions, categorical comparisons, temporal progress,
and spatial trends. Statistical graphics can also show comparisons of data distributions under multiple different
conditions by selecting correct graphical elements such as graph types, colors, shapes, sizes, and page layouts, etc.
Therefore, data visualization can play an essential role in summarizing information and comparing options during
decision-making.

In digital government, data-driven decision-making has become more extensive and in-depth (van Ooijen et al.,
2019) and the potential of leveraging artificial intelligence (Charles et al., 2022). For instance, statistical data
collected by federal, state, and local governments are often publicly available on the government websites like
data.gov in the United States. The public can view and understand transparent, data-based government decisions.
Meanwhile, individuals may use open data for personal decision-making or to influence government decisions from
the bottom up. On government websites, visualization is increasingly being used in the form of data dashboards to
provide more convenience to the public.

While significant progress has been made with the growth of data-driven decision-making in digital government,
there remain opportunities for further enhancement in some areas like social services (Ryan et al. 2014; van Ooijen
et al. 2019; Charles et al. 2022). Although large datasets have been collected in these areas and basic descriptive
statistics are often reported, there is a potential to uncover deeper, more valuable insights from the data, such as
causal inference, predictive modeling, and equity-focused evaluation. To smooth the decision-making process with
data visualization, this study will take the high performance computing services of advanced scientific research
projects funded by the U.S. government as a digital government project to showcase the design concept and product
examples of interactive visualization platforms; also, to show how the visual products could help both
policymakers and potential beneficiaries to explore the value of data and strengthen their analytical and decision-
making capabilities.

High performance computing (HPC) is a technology that uses supercomputers or processor clusters to parallelly
process massive data and complex calculations at a high speed. HPC is of great significance in accelerating scientific
discovery and enhancing technological invention. To provide powerful HPC services for U.S. scientific researchers,
the National Science Foundation (NSF) has invested $270 million on the cyberinfrastructure (CI) programs (Chen
& Knepper, 2021), including the TeraGrid (Reed & Berman, 2001), the Extreme Science and Engineering Discovery
Environment (XSEDE) 1.0 and 2.0 (Towns, et al, 2011; XSEDE, 2016), and the more recent Advanced
Cyberinfrastructure Coordination Ecosystem: Services & Support (ACCESS) (Boerner, et al., 2023). And NSF’s
investment has been well paid off. According to Stewart, et al. (2022), the XSEDE program provided a return of
more than $1.5 in value for every $1.0 invested by the U.S. Government during 2014 to 2020.

To further develop the HPC CI programs, both the program operation team and users may be interested in
addressing questions such as: How to allocate computing resources more efficiently? How to better support
inexperienced users to start their HPC projects conveniently? How to advertise the CI programs and encourage
more researchers to apply for and utilize these resources and services? How to broaden participation of under-
represented individuals and groups? While domain experts may have answers to these questions based on years
of experience, insights can also be gained from a data perspective. By analyzing data collected from the
TeraGrid/XSEDE projects across almost 20 years, decision makers and scientific users can reveal user behaviors
hidden behind the allocation and usage data, offering valuable answers to these critical questions.

The main contribution of this work is to produce an interactive data visualization platform for government-funded
HPC cyberinfrastructure services via the user-centered co-design. This platform will provide decision-making
support for two groups. For computing service providers, the platform displays and compares the resource
allocation and utilization efficiency of research projects using the XSEDE services over the years, aggregated at the
institution, field of science, and individual investigator levels, which would assist in finding ways to optimize CI
operations. For novice and potential users of HPC services, the visualization platform can help them find potential
research collaborators and topics, build the foundation, and boost the confidence to start their HPC projects.

The second section reviews the literature on data visualization and the application of big data in digital
government. The third section examines two data visualization tools of the NSF CI programs and introduces the

Copyright ©2025 by the authors. This conference paper is published under a CC-BY-4.0 license
Page 2 of 15



design concept and framework structure of the interactive graphics platform. The fourth section provides a
detailed overview of the TeraGrid/XSEDE data and the interactive dashboard, including examples that
demonstrate how to utilize the platform. The final section presents a summary of findings and discusses future
work.

2. Data Visualization and Decision-making

Data visualization is an important part of Exploratory Data Analysis (EDA). After collecting data, visualizations can
be used to examine distributions, outliers, and missing values. This helps assess the discreteness and correlations
among variables, handle outliers and missing data, and check the assumptions of statistical models. Moreover,
visualizations can uncover key insights or "highlight stories" within the data and effectively communicate
statistical results after the analysis is completed.

2.1 Data visualization: types, development, and applications

According to the development stage of data visualization, we divide graphics into static graphics, dynamic graphics,
and interactive graphics.

Static graphics are fixed visual displays that do not move or change. They have been used to provide important
decision-making information for hundreds of years. For example, in mid-1800s, Florence Nightingale created the
polar time series plot to show death rates and causes of British soldiers in the Crimean war (Cohen, 1984). At about
the same time, John Snow mapped cholera deaths in London, identifying a water pump as the outbreak’s source
(Snow, 1856). Modern static graphics usually choose the type of plot based on the types of variables. Univariate
distributions can be visualized with histograms or density plots for continuous variables and bar charts for
categorical ones; line plots reveal trends in time-series data. For bivariate cases, scatterplots show correlations
between continuous variables, mosaic plots display associations between categorical variables, and boxplots or
violin plots compare continuous variables across categories. Multivariate relationships can be explored with
pairwise plots using univariate visuals on the diagonal and bivariate visuals off-diagonal, or with parallel
coordinates plots, where each variable is shown on a vertical axis and observations are connected by lines,
revealing patterns such as correlations through line alignment or crossing.

In terms of graphing methods, Cleveland (1984, 1985) discussed the theory of visual perception and the principal
elements of graphics. Wilkinson (2005) denoted the grammar of graphics (GoG) system with seven orthogonal
class methods to transform data from a raw dataset to a statistical graphic. Wickham (2010) implemented the GoG
principles into the R language and developed the well-known graphics package ggplot2. In other software, the
design and development of modern graphics packages are also influenced to some extent by GoG and ggplot2
(Morel, 2018; Yim, et al., 2018).

As data volumes grow and software technologies develop, there is a demand for dynamic graphics in the field of
visualization. Dynamic graphics are visual displays via a sequence of changing images or animations (Becker, et al.,
1987). Like the early film technology, by playing a series of static graphics, users can more intuitively perceive the
changing trends or different perspectives in high-dimensional data. Examples of applications include time series,
two-dimensional representations of high-dimensional data, visualization on sampling techniques, and so on. For
time series data, ordinary static graphics can only display univariate continuous data. If multiple dimensions need
to be displayed simultaneously, then each frame can only represent a specific time point. Dynamic graphics, on the
other hand, can animate multidimensional data along the time dimension, thereby showing the trends over time.
When visualizing high-dimensional data, one challenge is to project high-dimensional data onto a two-dimensional
plane. Classic dimension reduction methods have to select optimal projection directions, but dynamic graphics like
Grand Tour enable exploration of data by continuously rotating the projection direction (Cook, et al.,, 1995).
Dynamic graphics can also be used to demonstrate sampling techniques by playing static graphics of different
random samples, to help students understand concepts more easily in statistical education (Xie, 2013).

Interactive graphics refer to visualizations that allow users to adjust and optimize graphic parameters based on
specific needs and highlight interesting areas to gain more effective information perception (McDonald, 1982;
Theus & Urbanek, 2008). Modern internet technologies have transformed data visualization from the traditional
format where researchers deliver information to users, into a new evolved model that users interactively explore
data and customize views from a visualization tool. Common techniques in interactive graphics include selection,
deletion, linking, brushing, rotation, scaling, etc. (Cook, et al., 2007) For instance, modifying the bin width of a
histogram enables users to shift focus between the overall shape of a numerical variable and local details such as
zero values or outliers. Similarly, highlighting a small subset of data points and observing their locations across
other variables facilitates deeper understanding of the relationship between variables. An interactive data
visualization platform can provide guided graphical options tailored to specific projects and datasets. Users can
select datasets, observations, variables, parameters, etc., based on their topics of interest, to generate the optimal
static and dynamic graphics that support decision-making. Examples of successful interactive data visualization
software include commercial tools like Tableau and PowerBI, as well as open-source software such as R Shiny,
Python Dash, and Plotly (Sievert, 2020).

Copyright ©2025 by the authors. This conference paper is published under a CC-BY-4.0 license
Page 3 of 15



2.2 Data-driven decision-making in digital government

The core values of open government data guide data-driven decision-making in digital government in collaboration
with and among organizations and individuals in society. These values are transparency, accountability, and
collaboration (Chen, 2017, Ch. 4 on open government, see below). Transparency is about making relevant public
policy and service data available to the public. Democratic accountability directs the opening of government data
on policies and services to the public. Open government data also creates resources and collaborative
opportunities for society, inclusive of organizations and individuals (Janssen, et al., 2015).

Making government data open and available is the first and necessary step to foster transparency, accountability,
and collaboration. In the United States, the Data Accountability and Transparency Act of 2014 provides the legal
foundation and mandate for the federal government to make data available online. Government can open
information and data in three areas to foster transparency: decision-making information such as government
procedure, public policy and service data such as budget, and outcome information such as impacts of government
expenditure on employment (Grimmelikhuijsen and Welch, 2012).

Government data transparency enhances accountability. Transparency of government policy and service data
helps reduce corruption and make the government more accountable (Bertot, et al., 2010). At the local level, the
availability of government service information such as the open government data portal for the city of Chicago
provides citizenry with information on the variety of government services provided to various districts and
neighborhoods. Residents and representatives in these neighborhoods can hold governments accountable for their
actions.

Opening government data enables collaboration between government and organizations and individuals in society
to create gains in efficiency and effectiveness (Matheus, et al, 2020 and Janssen, et al. 2015). In the United States,
the publication of census data and GIS data by the federal government enables citizens and businesses to leverage
the government data for economic and efficiency gains. Another mechanism is to have competitions such as
hackathons for societal members to create applications leveraging open government data to provide new or
improve current public services. The City of New York in the U.S. and the City of Shanghai, China have had annual
competition events for such collaboration (Chen, 2017).

Moreover, data science and data visualization for data-driven decision-making enhance the quality and impact of
open government data (Matheus, et al. 2020 and Ansari, et al, 2022). The recent advancement in artificial
intelligence provides the machine-learning opportunities to analyze a large amount of data to advance public
policy-making and public services (Charles, et al., 2022 and Valle-Cruz, et al. 2022). Interactive data visualization
enabled by data analytic tools provides organizational and individual users to find answers to public policy and
service questions. In addition, such a tool is also used for collaboration between government and citizens in
prioritizing government resources such as seen in the area of participatory budgeting at the local level.

Data science and interactive data visualization can advance the values of transparency, accountability, and
collaboration that are central to open government data. The use of 311 systems for some major U.S. cities provides
residents the ability to track their government service requests and be informed of the local government services
for accountability and transparency. The use of data dashboards can enhance collaboration and services such as
the ‘Waze’ app using data from both government and citizens for the City of Rio de Janeiro (Matheus, et al., 2020).
The National Science Foundation in the U.S. also has a data dashboard for institutional-based search and analytics
to provide useful information.

There are significant opportunities to enhance the usability and use of data visualization to improve the use and
usefulness of open government data (Ansari, et al, 2022). These opportunities lie in utilization of qualitative
techniques for needs assessment and the involvement of user groups to provide evaluation and input (Ansari, et
al, 2022). Acting on these recommendations, our study takes a co-design approach for the development,
implementation, and evaluation of the interactive data visualization dashboard.

3. Enabling Visual Exploration on the Cyberinfrastructure Data

3.1 History of the government-funded cyberinfrastructure programs

TeraGrid, XSEDE, and ACCESS are a sequence of CI programs that were funded by NSF. Before TeraGrid, NSF had
awarded several programs for large-scale computational infrastructure, including the National Computational
Science Alliance and National Partnership for Advanced Computational Infrastructure (NPACI). TeraGrid, operated
between 2001-2011, was the earliest distributed terascale facility that coordinated distributed high-performance
hardware infrastructures with integrated scalable software and high-speed internet (Reed & Berman, 2001).
XSEDE, running between 2011-2022, offered a more powerful virtual organization to provide the dynamic
distributed infrastructure and services to scientific researchers (Towns, et al., 2011). ACCESS began in September
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2022 and aimed to provide an agile, integrated, robust, trustworthy and sustainable CI ecosystem for
computational- and data-intensive research (Boerner, et al., 2023; Parashar, et al,, 2022).

3.2 Data platforms for ACCESS and historical programs

To monitor the services provided by the CI ecosystem, the NSF Office of Advanced Cyberinfrastructure funded the
development of the XSEDE Metrics on Demand (XDMoD) auditing tools to measure the CI usage and performance
metrics on XSEDE allocated resources for the current and historical project data (Furlani, et al., 2013; Palmer, et
al,, 2015). The XDMoD portal provides graphical user interfaces of data metrics like service units charged, number
of jobs, etc. broken down by principal investigator, field of science, institution, resource, and so on
(https://xdmod.access-ci.org/)(Palmer, et al,, 2015) . For public users, this dashboard provides two tabs: the
“Summary” page contains seven plots to display the aggregated usage, measured by computing or cloud resource,
CPU hours, job size, etc. The “Usage” page contains more than 120 subpages of plots and data tables, showing the
detailed data about jobs, allocations, requests, etc. with the total summary and breakdown numbers at multiple
levels. On both pages, users can select a certain time interval and filter the data with 21 service providers.

Besides the XDMoD data platform, the ACCESS program developed its own interactive dashboard to display the
geographical distribution of the allocation and usage data on their website (https://allocations.access-
ci.org/geo#3.4/38.88/-111.01). On this dashboard, users could see the names and locations of research
institutions with the amounts of resource credit allocation and usage, the names and locations of resource
providers with the total amounts of used resource credits, and the connections between research institutions and
resource providers. By hooking a certain institution, a few arch curves appear to link the institution with the
resource providers they used. Reversely, when clicking a resource provider, the dashboard will show linkages to
all institutions that are utilizing the service from this provider. With this dashboard, users could learn the usage
preference of Pls from given institutions and reveal how the resource providers are supporting the research
community.

The two visualization dashboards for the NSF CI programs were developed to facilitate data communication
between service providers and resource users. However, both have their own limitations. The XDMoD user
interfaces aim to provide a comprehensive view of a large database, requiring it to include and describe every
variable, as well as the basic information about each. Even with only the first level of breakdown and without
deeper branching, this tool has generated hundreds of pages, which results in an overwhelming amount of
information for normal users. For researchers seeking to answer decision-making questions, current visualization
platforms offer only basic statistics, like the total allocation units used by a specific institution or field of science.
However, they lack the capability to show further interactions between variables. For instance, given a certain
group of institutions, what are their strong fields of science regarding the used amount? Do they have some PIs
with low usage rate who may need additional help? The ACCESS map platform focuses on showcasing the breadth
and impact of the ACCESS program. It displays the total allocation and used amounts by institution and resource
but does not offer data details for in-depth analysis.

3.3 Understanding needs from service providers and users

The focus of this study is how to help service providers, i.e., policy makers, understand and utilize data to optimize
the operation of the CI ecosystem and solve existing problems. Our team's previous research has explored
problems related to the fair allocation of resources and improving resource utilization efficiency. Chen, et al. (2021)
built models to identify factors that influenced usage-allocation ratios and compared the ratios across different
fields of sciences. In subsequent research, our team interviewed some leaders of the XSEDE program and learned
that one of the issues that service providers are interested in is how to raise awareness, interest, and participation
among scientific researchers with HPC needs. Hence the target group of this study has expanded from solely service
providers to include both service providers and resource users.

From the perspective of service providers, they want to understand whether the training services they provide,
such as the Campus Champion program of TeraGrid and XSEDE, are actually effective. Since NSF training projects
are usually awarded based on institutions, and different institutions may also offer various computing services
independent of NSF, resource utilization based on institutions is more likely to be influenced by decision-making
compared to utilization based on a field of science. Therefore, the data visualization platform created by this work
will provide service providers with data breakdown and summaries by institution. This will not only help
computing centers participating in the NSF CI programs, but also those institutional computing centers to identify
users' needs, discover trends, solve problems, and improve service quality.

For resource users, the journey from being unaware of CI projects to generating resource usage involves multiple
barriers. First, researchers with HPC needs usually take the initiative to explore existing computing services. They
may discover various resources. If NSF's CI program like XSEDE or ACCESS is not the only available option, then
researchers can choose the service with the highest input-output ratio for their demands. Therefore, NSF’s CI
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program needs to enhance their promotion of advantages, such as high performance, low cost, and convenient
services, to attract users. Next, when researchers become interested in NSF's CI program, they often want to learn
about successful cases. If these successful examples are relevant to their own research projects, these potential
users can be more motivated. Once they proceed to the application and usage process, when any procedural or
technical problems or obstacles arise, whether there exists assistance support from easily accessible helpers to
clarify and solve difficulties will significantly impact their user experience.

Moreover, resource users could be divided into the earlier established advantage groups and the emerging, late
starter groups. The advantage groups include research teams led by the top experts in their fields, well-funded,
research-intensive large institutions, and researchers who joined early in the TeraGrid program or have been using
CI resources for years. The starter groups include rising stars in their fields, researchers from small to medium-
sized universities with limited support for research activities, first-time CI project applicants, under-represented
minority groups, and so on. The advantage groups are often familiar with the application and usage processes, so
they do not need much help. However, the starter groups will need extra assistance, otherwise they are more likely
to quit the competition when faced with difficulties.

Summarizing the needs of resource users, we believe that they need successful application examples or potential
collaborators, as well as helpers to guide them on how to use CI services and hence accelerate their learning
process. Traditional decision-making models may select only a few successful cases to inspire all users, but in the
data era, the selection of successful examples can be data driven. This approach can filter and match the most
suitable success cases for help seekers, based on the same field of science, institution, region, or similar research
topics. This study will establish a data visualization platform to provide scientific researchers who need support
with recommended potential collaborators and helpers.

3.4 Needs-based visualization design system for decision-making

In this study, we implemented a needs-based design framework to develop an interactive visualization dashboard
for decision-making (Fig. 1). This system begins with identifying the specific needs of decision makers. They will
then collaborate with domain experts to clearly articulate their needs and the underlying reasons. Domain experts
would validate these requirements with decision makers and then find relevant data or collect data by themselves.
Once the data is obtained, it is transferred to data experts for filtering, processing, exploration, and visualization.
This stage often involves close communication between data experts and domain experts to understand and solve
problems in the data. After reviewing a series of static graphics, data experts, guided by domain experts’ insights,
will gradually refine their ideas to determine which visuals would be most suitable for interactive features, to
ensure the final visualization product effectively supports decision makers in exploring the data independently.
Finally, data experts complete and deliver the interactive visualization dashboard to decision makers. Decision
makers then provide feedback to both data experts and domain experts, to facilitate the debugging, updating, and
improvement of the visualization tool.

Domain
Expert

Needs
from Data
practice

Visualization
Decision Data
Maker R ——— 3 Expert

4. Data, Application, and Examples

Fig. 1 - Needs-based visualization design system.

The TeraGrid and XSEDE data are publicly available at the Illinois Data Bank at the University of Illinois at Urbana-
Champaign. There are two databases for the allocation award and usage data: the XSEDE (2020) database includes
data from the start of TeraGrid in July 2003 to December 2019, while the Towns & Hart (2023) database offers the
same data features covering the period from July 2011 to the end of XSEDE in September 2022. Each database
consists of two data files: one for awarded CI projects, which includes variables such as grant number, principal
investigator (PI) name, institution, field of science, project type, transaction type, project title, abstract, and project
start and end dates; and another for detailed resource-level usage information, including variables such as grant
number, resource name, transaction type, allocation, used amount, and usage start and end dates.
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4.1 Data cleaning and preparation

The two databases were merged as shown in Fig 2. Since the period between July 2011 and December 2019 has
overlapped, this segment was excluded from the earlier database. Subsequently, the data from 2003-2011 in
XSEDE (2020) was combined with the 2011-2022 data from Towns & Hart (2023). The complete dataset retains
two separate files: one for awarded projects and another for resource usage.

Award data
Award data before July 2011
i 2003-2019 |

XSEDE (2020)

2003-2019

Usage data
§ Usagedata before July 2011 Award data
2003 - 2022

Usage data
2003 - 2022

Fig. 2 - Data merging process for two databases, to generate the complete datasets for TeraGrid and XSEDE projects
between 2003 and 2022.

The award data comprises 25,798 rows for 16,038 unique grant numbers by 10,277 PIs from 1,044 organizations.
The program's peak period occurred between 2016 and 2020, during which nearly 2,000 projects were awarded
annually. The usage data includes 85,827 rows covering 16,450 unique grant numbers and 123 unique resource
names. Over the 19-year period, the total allocation exceeds 19.5 billion Service Units (SUs), while the total usage
surpasses 15.6 billion SUs.

The next step was to merge the award data and the usage data to link the awarded projects with their allocation
and usage information (Fig 3). Among the 16,038 unique grant numbers in the award dataset and the 16,450 in the
usage dataset, 15,529 grant numbers appeared in both and were retained in the final merged data. The biggest
challenge in merging the two data files was compressing information from multiple rows into one row per grant
number. While some information about PI and project were duplicated in multiple rows, other variables could have
different values for the same grant number. These included fields of science, project types, transaction types, start
and end dates, resource names, allocation amounts, used amounts, etc. To resolve this, simple business rules were
applied to aggregate the values, such as selecting only one field of science, project type, and transaction type for
each project, using the earliest date as the start date, and summing the allocation amount and used amounts from
multiple resources. In addition, novel variables were created for each awarded project, such as the number of fields
of science, the number of resources utilized, etc.

_ Group by Grant Number_
#1 | Resource A | Amount 1

R Group by Grant Number _ #1 | Resource B E Amount 2 =
#1 | FOSB | Type2 | Date2 | ... 31 | Resowros: | Arsonnk | #1 | Resource B | Amount2 | ... |
SR SRR #1 | FoSA | Type1 | Datel | ... o e :: ::::::: E :::::: i
gallbo Dol ol Doto il s | 2 | FoSE : Type3 | Dated | .. B gzsowe :::;um = || 4 [ et o s ats
RZE0S BN Byps il Dotadili #3 | FoSF | Type2 | Date5 | ... #3 | Resource | Amount linesas e laate
#3 | FoSF | Type2 | Date5 | .. E 7
#4 | FoSD | Typed | Date6 | .. #|||FeSD) | Type4) | Bate 61|l s #3 | Resource F | Amount7
#4 | FOSA | Type5 | Date? | ... ABG 8+9+10 | #4 | Resource A | Amount8
#4 | FoSH | Type6 | Datef | ... | #4 | Resource B | Amount9

1 #4 | Resource G Amount 10

Merge by Grant Number

#1 | FoSA | Type1 | Date1 |..| Resource ABCD | Amount 1+2+3+4 |...
#2 | FOSE | Type3 | Dated |..| ResourceCE Amount 5+6

#3 | FOSF | Type2 | Date5 |... Resource F Amount 7

#4 | FoSD | Typed | Date6 |..| Resource ABG Amount 8+9+10 |...

Fig. 3 - Data merging between award and usage datasets. Each row represents one grant project in the merged dataset.
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The final step in data cleaning and preparation was to add more useful variables from external data sources,
including the longitude and latitude of each searchable organization, generated by the OpenStreetMap API
(OpenStreetMap Contributors, 2017), and the Carnegie classification of U.S. institutions published by the Indiana
University Center for Postsecondary Research (2021).

4.2 Design and functionality of the interactive dashboard

The interactive visualization dashboard created by this study (https://unodatasci.shinyapps.io/eqci/) was
designed with several R packages (R Core Team, 2024) including ggplot2 (Wickham, 2016), shiny (Chang, et al,,
2024), flexdashboard (Aden-Buie, et al., 2023), and leaflet (Cheng, et al., 2024). There are two pages for the two
groups of decision-makers: an institutional view for the service providers and institutional computing centers, and
aresearcher’s view for the potential service users.

(b) Allocation and Used Amount

Dechion Soppont Dahbosd  wetisen ew

. S . T Adocation = Uned Aemesrs

(c)Usage of Resources (d) List of Principal Investigators

Dneinion Tuppent Duibbotrd  rsmtons vim

Fig. 4 - Institutional View of the dashboard with Indiana University as an example. Four tabs of visualization can be
chosen: (a) Time series plot of the number of awarded projects by year. (b) Time series plot of allocation and used amount
comparison. (c) Table of allocation amounts, used amounts, and ratios by resource name for the selected fields of science.
(d) Table of the PI's names, fields of science, project start years, allocation, and used amounts.

The design and functionality of the institutional view are shown in Fig 4. The page design includes a title bar, a
navigation panel, four data boxes, and a graphical area. The title bar includes the title of the dashboard and the tab
buttons of the two views. The left navigation panel contains a page introduction, two data filter boxes, and a
password input area. With data filter boxes, users can select the institution and fields of science. This enables users
to apply the intersection between the two and to compare results using the generated plots. The password input
area is used to protect certain sensitive data, such as the usage rate for each PI. Only the specific research team can
enter the password to view sensitive data for further analysis. Above the chart area on the right are four data boxes,
representing four key data pieces: numbers of awarded projects, Pls, resource providers, and campus champions.
Below the data boxes, users can click to select one chart page. Fig 4(a) shows the number of awarded projects from
2003 to 2022 for the selected institution and field(s) of science. Red dots represent years when the campus
champion projects started. This plot helps service providers identify trends in awarded projects for the selected
institution and determine whether campus champion projects contribute to an increase in XSEDE projects. Trends
of development can be compared by selecting different institutions in the same field of science or the same
institution in different fields. Fig 4(b) displays the temporal trends in total allocation (red) and usage (blue). For
example, Indiana University’s resource usage closely matched allocations from 2003 to 2017. However, starting
from 2018 they began to diverge and by 2022, total usage only reached one-fourth of total allocation. These trends
may motivate service providers to investigate the reasons behind such discrepancies. Fig 4(c) provides a
breakdown of total allocation, used amount, and usage-to-allocation ratio by resource. The table is sorted in
descending order of the used amount, but users can sort by allocation or usage-to-allocation ratio by clicking the
respective column headers. For instance, four fields of science in Indiana University, including humanities,
economics, social, behavioral, etc. had seven awarded projects but only two of the six allocated resources were
used. Why these resources were underutilized could be investigated starting from the table. Fig 4(d) presents
allocations and used amounts based on PIs. The usage-to-allocation ratio is hidden in this view. By setting
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thresholds for allocation or used amount, service providers can identify PIs with high or low usage. If further
combined with interviews to those PIs, more valuable insights will be obtained to help improve service
effectiveness.

The design of researchers' view aims to assist late starters and potential applicants in finding PIs or mentors with
successful CI experience in the same field, nearby locations, or with similar research topics. To support this, we
provided four search methods: by research field and location, PI name, keywords in project title, and keywords in
project abstract. Layout of this page is shown in Fig. 5: the left column contains a page description, search options,
and search content settings. The middle column displays the search result of Pls, sorted by project start year from
the most recent to the oldest. The upper right column features a map marking the locations of PIs. Clicking on a
highlighted dot on the map will pop up the name of the institution, which can then be further used to filter PI search
results by institution name. The lower right column provides detailed information about the awarded projects. By
clicking on any PI row in the middle column, title and abstract of the corresponding project can be displayed for
review.

Fig 5(a) illustrates how to find potential collaborators by the combination of field of science and user's location.
The drop-down list for the field of science includes 215 fields from the XSEDE award data, allowing users to choose
one area of interest. The search radius drop-down menu has three options: 20 miles, 100 miles, and “everywhere”,
indicating the same city (20 miles), within a commutable distance (100 miles), or across the entire United States if
no local collaborators are available (“everywhere”). Users can enter their location as a city name, institution name,
or specific address in the location input box. After clicking the "Confirm" button, the dashboard will search for the
location using OpenStreetMap and then mark it with a blue label on the map as the center of the search radius.
Yellow dots on the map represent the locations of all Pls in the middle column list, while red dots indicate the
locations of selected Pls. Fig 5(b) enables users to search for collaborators by entering a PI's last name, and the
results list is sorted by project start year and displayed as yellow dots on the map. To narrow the search result,
users can enter an institution name in the search bar of the table. Figs 5(c) and 5(d) allow users to search by
keywords in project titles and abstracts. Users can enter one or more keywords, separated by commas, into the
keyword input box. Projects that match exactly with all the keywords will be returned, and those that do not match
exactly will be sorted by the number of matched keywords, with the top 20 displayed. This keyword search rule
ensures users can identify Pls associated with relevant projects from recent years without being overwhelmed by
an excessive number of results.

(a) Search by Field of Science and Location (b) Search by Pl's Last Name

Decition Sepport Dashboand ety Vi - u ot

Dexinion Support Dashboard < By

[ o~—1]
(c) Search by Keywords in Project Title

Betision Supsport Dasrboand S —

(d) Search by Keywords in Project Abstract

Decivion Sepport Oaahboad ] . <

Fig. 5 - Researcher’s View of the dashboard. (a) Indiana University is the default searching location. Search radius was
set to 100 miles, which generated a blue circle on the map. Clicking the first row of results will display the project title
and abstract in the bottom-right panel. (b) By entering the last name “Reed”, a list of 28 PIs is obtained with their
institutions, locations, and project information. (c) and (d) can match the keywords of interest, separated by commas,
with the awarded project titles or abstracts, then corresponding PI names will be shown in the list.

4.3 Example demonstration on the dashboard

Three examples will be demonstrated to explain how the visualization dashboard can assist in decision-making.
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Example #1 focuses on a research-intensive institution which also hosts a supercomputing center for the NSF CI
program. Researchers at this institution naturally receive early and easy access to training on advanced computing
services. We will examine whether any issues need to be addressed here. Example #2 highlights a late-starter
institution, specifically an under-represented minority-serving institution. Following the 2021 Carnegie
Classification definition on minority-serving institution as "Hispanic Serving Institution, Historically Black College
or University, or Tribal College or University only,” we matched institution names between the Carnegie
Classification and CI data, and identified 96 institutions. One of these, with a moderate level of resource usage, will
be explored. Example #3 considers a Midwest junior researcher in Social, Behavioral, and Economic Sciences. If
this researcher seeks a potential collaborator or mentor in the field, we will demonstrate how the dashboard can
be used to facilitate this search.

(a) Number of projects for all fields of science (c) Allocation and used amounts of selected fields of science

Astronomical Sciences

Type: = Aliocation ~ Used Amount
2 @
(b) Allocation and used amounts for all fields of science ECTVIOEM And Neus Rl SaTIceS
Type: — Allocation - Used Amount Type: - Allocation - Used Amount
i
s
W i Yea:
(d) Computing resources ordered by used amount (e) Principal investigators ordered by used amount
) UssgridBocation 2 " Used
Resource Name Atiocation usage = Last Hame First mama Fietd of science vear Aliocation o

Fig. 6 - Data exploration for University of Texas at Austin. (a) Time series plot for the number of awarded projects in all
fields of science. (b) Time series plot for the allocation and used amounts from all fields of science. (¢) Comparison
between two fields of science: Astronomical Sciences and Behavioral and Neural Sciences. (d) Top 17 computing
resources ordered by their used amounts. (e) PIs with the highest used amounts.

Research-intensive institution. University of Texas at Austin (UTA) is the host of Texas Advanced Computing Center
(TACC), which provides big convenience for computing resource users in the university and local area. By selecting
the university name in the dashboard, users can obtain the plots shown in Fig 6 (a), (b), (d), and (e) from the
Institutional View. Since 2004, UTA has received a total of 180 unique projects, including one campus champion
project, involving 119 PIs. These projects have used 44 different resources. According to Fig 6 (a), the number of
projects fluctuated over the years, peaking in 2008 before declining, and has remained at a relatively low level
since 2020. Fig 6 (b) shows the changes in allocation and usage amounts over time. From 2008 to 2013, both
allocation and usage were at their highest levels, followed by a decline between 2014 and 2019. After 2020,
allocation increased again, reaching another peak in 2022. However, the used amount did not increase accordingly
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but instead declined, which is a concerning trend. Fig 6 (c) compares UTA’s two strong research fields:
Astronomical Sciences and Behavioral and Neural Sciences. These fields reveal very different allocation and usage
patterns. Astronomical Sciences used a large amount of resources from 2009 to 2013. In 2010 and 2011, the used
amount was even higher than the allocation. But their usage dropped significantly after 2014. In contrast,
Behavioral and Neural Sciences were relatively underdeveloped before 2018, with low project numbers and
resource usage. However, after 2018, this field grew rapidly, with resource allocation steadily increasing. Fig 6 (d)
compares the usage of different resources. The top three most popular resources all belong to TACC, and the
leading resources generally receive high usage/allocation ratios. Fig 6 (e) lists the PIs with the largest allocation
and usage amounts, along with their research fields. In some strong fields like Astronomical Sciences, UTA often
has multiple PIs with awarded CI projects, and the usage/allocation ratios are relatively high. However, in fields
with fewer PIs, such as Biological Sciences and Engineering Systems, the resource usage rate tends to be lower.
This pattern suggests that internal collaboration within the research field may influence resource usage
significantly.

Minority-serving institution. Florida International University (FIU) is a Hispanic-Serving Institution. Compared to
other minority-serving institutions, FIU has a moderate level of experience with CI projects. Since 2006, the
university has undertaken a total of 16 unique projects led by 10 Pls. As revealed in Fig 7 (a) and (b), FIU had no
more than three new projects per year, and resource usage remained low for most years, except for a significant
spike in 2018. This increase was driven by a Nuclear Physics PI who received an award that year (Fig 7 (d)). Most
of FIU’s allocations and resource usage came from the San Diego Supercomputer Center (SDSC), as shown in Fig. 7
(c). FIU's other strong research fields include computer science, earth science, and networking and
communications, as indicated by the list of PIs with the highest resource usage. The usage-to-allocation ratios were
below 0.5 for nearly all projects, except for three physics-related projects. Note that FIU received three campus
champion projects in 2013, 2016, and 2020, all granted to the same PI. The first two projects were in the field of
training, while the third was in physics. However, the allocated resources for these projects were ultimately not
utilized, raising questions about the effectiveness of the campus champion projects for this institution.

(a) Number of Projects inall fields of science (c) Computing resources ordered by used amount

Resource Mame Allocation Usage  Usage/Allscation Ratle

Year

5 g : : (d) Principalinvestigators ordered by used amount
(b) Allocation and used amounts in all fields of science

Last Mame  First Name  Field of Science Year Allocation Used Amount
Type: = Allocation - Used Amount
Marayanan  Rajamani Elementary Particle Physics 2007 4655563 4680743

n  Rajamani Nuclear Physics 2018 4655563 4650743

BI2437 402756

Liu Xidowen Netwarking and Communications Research 2007 583396 4896

Fig. 7 - Data exploration for Florida International University. (a) Time series plot for the number of awarded projects in
all fields of science. (b) Time series plot for the allocation and used amounts from all fields of science. (c) Top 8 computing
resources ordered by their used amounts. (d) PIs with the highest used amounts.

Junior researchers or potential resource users. A junior researcher in the Midwest may face challenges finding a
local collaborator in Social, Behavioral, and Economic Sciences who uses computing services frequently. In states
like Nebraska or Iowa, there may be no such collaborators within 100 miles. To address this, the researcher should
first select "everywhere" in the Researcher’s View (Fig 8(a)) to check the locations of researchers. This reveals
some potential collaborators near Chicago, making it a suitable search location (Fig 8(b)). The map highlights three
universities: the University of Chicago, Northwestern University, and the University of Wisconsin-Milwaukee. The
dashboard would also list corresponding PI names from these institutions. At Northwestern, one researcher
specializes in large network modeling and has been awarded four CI projects between 2015 and 2019. The
University of Chicago has a researcher in socioeconomic modeling, while Wisconsin-Milwaukee has one studying
CEOs outside directorships. If none of these projects meet the junior researcher’s interests, she can expand the
search to nearby regions, using “Indiana” or “UIUC” as the search location. If choices in the Midwest are still too
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limited, then keyword-based searches can help. Searching "government” yields two results in project titles (Fig
8(c) left) and 176 in abstracts, with locations shown on the map (Fig 8(c) middle). Clicking on a location, such as
the University of California, Los Angeles, allows further exploration of potential collaborators at this institution
and details of their research projects.

(a) Search by field and location: Everywhere (b) Search by field and location: 100 miles

— - Y Grand
pifffi2ukee Rapids San
.\1d(!l&mf Lansing ™ Flint
V4 Kenotha “‘q
f e e \ Detroit
. g 1 Ann Arbor
oekford /
|

South ||
Bend J Toleda

(c) Search by keyword intitle: government

Last Name  First Name Organization Start Year
1 Roberts Margaret University of California, San Diego 2014 -

2 Kurtzman Robert University of California, Los Angeles 2013

imation to actual firm behavior than the menu cost model, since in

the menu cost model, the choice of whether one changes one's price is

endogenous and not random and can be calibrated to existing data

Fig. 8 - Searching for collaborators using multiple approaches. (a) and (b) used Chicago as the location and Social,
Behavioral, and Economic Sciences as the field, with different search radius settings. (c) used “government” as a keyword
to search project titles, yielding two results.

Through these three examples, we hope the interactive visualization dashboard users can learn how to effectively
utilize the graphs and tables to search for useful information, identify potential issues, make comparisons, and
support their decision-making process.

5. Conclusions and Future Work

This research reviewed the historical development of data visualization and its applications in the digital
government domain, proposed a collaboration model among decision makers, domain experts, and data experts,
and applied the model to the field of advanced research computing. Since 2003, the U. S. government has funded
cyberinfrastructure programs such as TeraGrid, XSEDE, and ACCESS to promote scientific discovery. These
programs have generated a large amount of data on the awarded projects with their resource allocation and usage.
However, existing visualization tools for these data were not designed for in-depth analysis or direct decision-
making support. This study investigated the needs of resource providers and users, analyzed the data collected
from TeraGrid and XSEDE projects (2003-2022), and developed a publicly available interactive visualization
dashboard. This dashboard enables resource providers and users to independently explore data through graphs
and tables and make informed comparisons and decisions. In addition, this study demonstrates the practical
application of the dashboard through three examples: a research-intensive institution, an under-represented
minority-serving institution, and a junior researcher from a specific field of science. These examples highlight how
data visualization could support and enhance decision-making. A broader impact of this study is the introduction
of a collaboration model that does not only apply to the cyberinfrastructure and advanced computing area, but also
to other digital government fields that generate and utilize data.

There are some shortcomings in research design and data processing procedures. First, when designing this
visualization tool, our perspective mainly focused on the specific needs of CI service providers and potential users:
to identify user groups with successful experiences, analyze their models, connect them with the groups who could
benefit from these proven models, and improve the service of resource providers within the entire network.
However, we may have overlooked the other needs of these two groups, or needs of other groups, such as the long-
term, high-ability users of CI services. Second, the data aggregation step combined multiple rows of data into a
single row based on the grant number, to merge award data and usage data (Fig. 3). This process resulted in some
information loss. For example, a campus champion project may be renewed several times over years after the
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initial award. However, since the grant number remains the same, the data merging process kept only the most
recent renewal and removed all the previous records. As a result, it is impossible to visualize whether this campus
champion project has been supporting other projects of this institution in early years or not. If the resource usage
pattern of a project changed before and after renewal, the data merging approach would also obscure the
information. Third, due to the limitations of the shiny package itself, the user graphical interface of our platform
may appear differently on different web browsers or operating systems. The display on mobile devices, such as
smartphones, may not be convenient for users to operate.

In the future, the interactive visualization dashboard will be improved in two aspects. From the data perspective,
this platform currently only includes data from TeraGrid and XSEDE between 2003 to 2022 and does not involve
data from the ACCESS program. We will use the XDMoD API to extract more detailed job-level data generated by
ACCESS users when submitting job requests and receiving output from computing resources. This will help identify
potential barriers and problems that resource users may encounter during their usage. From the user experience
perspective, we plan to interview researchers from different types of institutions to better understand their actual
needs. We will have them test the visualization dashboard and improve the design and functionality based on their
feedback. Additionally, we will promote the dashboard through workshops and other outreach efforts to expand
its user group and serve more people for decision making with cyberinfrastructure data.
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