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COVID-19 data sharing and collaboration
Dominique Duncan∗

There is an immediate need to study COVID-19, and the COVID19 Data Archive (COVID-ARC) provides access to data along with
user-friendly tools for researchers to perform analyses to better understand COVID-19 and encourage collaboration on this research.
The COVID-19 pandemic has been spreading rapidly across the
world, and there are still many unknowns about COVID-19. There
is an urgent need for scientists around the world to work together to
model the virus, study how the virus has changed and will change
over time, understand how it spreads, and study transmission after vaccination. COVID-ARC can also prepare scientists for future pandemics by putting the infrastructure in place to enable
researchers to aggregate data and perform analyses quickly in the
event of an emergency. We have developed a platform of networked
and centralized web-accessible data archives to store multimodal
data related to COVID-19 and make them broadly available and
accessible to the world-wide scientiﬁc community to expedite research in this area. COVID-ARC provides tools for researchers to
visualize and analyze various types of data as well as a website
with tools for training, announcements, virtual information sessions, and a knowledgebase wherein researchers post questions and
receive answers from the community.
Keywords and phrases: Informatics, datasets, harmonization, image
segmentation, COVID-19, archive, machine learning, data analysis.

1. Introduction
The COVID-19 Data Archive (COVID-ARC), developed at the University
of Southern California (USC) Laboratory of Neuro Imaging (LONI), is a
platform of networked and centralized web-accessible data archives to store
and curate multimodal data related to coronavirus disease 2019 (COVID19). Public datasets have been made broadly available and accessible to
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the world-wide scientiﬁc community, and private datasets are available by
request and approval of the data provider. We have provided links and instructions for how to request access to these private datasets to help facilitate the process between users who wish to request access to the data
and the data providers who will make the decision regarding granting access. The goal of this archive is to expedite research on COVID-19 due to
the urgent nature of this pandemic. COVID-ARC data include or will soon
include symptoms, vitals, demographic, geolocation, chest computed tomography (CT), X-ray, ultrasound, brain magnetic resonance imaging (MRI),
and electroencephalography (EEG) of COVID-19 patients. There is an immediate need to model and understand the spread of COVID-19, and this
archive aims to provide access to data and user-friendly tools for researchers
to perform analyses to better understand COVID-19 and encourage collaboration on this research. We have built this informatics system, leveraging
our previous work in developing data repositories [1, 2], to provide an efﬁcient, secure, HIPAA-compliant data repository platform that facilitates
data de-identiﬁcation, quality control, aggregation, visualization, integrated
processing, download, and training. As we have developed this data archive
and worked to curate and harmonize data from diﬀerent sites, equipment,
and protocols so that the data can be analyzed across various data collection
sites, we have been analyzing these data and sharing both the analytic tools
and resulting processed data on COVID-ARC for the broader COVID-19
research community.
Visualizing data helps orient researchers so that they can inspect and
compare data, and it provides contextual information to model COVID-19
and study the outcomes and spread. Users have access to pipeline workﬂows, containing a variety of statistical and analytic tools that have proven
to be eﬀective in other studies, such as in our Data Archive for the BRAIN
Initiative (DABI) at LONI. The LONI Pipeline [3–5] can utilize processing modules from any software suite, allowing integration of tools developed
by outside researchers in various programming languages. After requesting
a free account, users are able to search across datasets and perform analyses directly on the LONI server so that users do not need to download
data locally to their computers. Furthermore, researchers are able to upload their own algorithms and analytic tools that may be used on COVIDARC data and shared with others. Users can share preliminary results and
form discussions that may lead to new collaborations on the COVID-ARC
website (https://covid-arc.loni.usc.edu). The website also has information
about recent news and events, including recordings from webinars that the
COVID-ARC team has participated in or hosted, some of which involve K-12
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students and teachers. COVID-ARC is providing opportunities for training
and outreach via webinars with lightning talks and panel sessions as well
as virtual training sessions for interested researchers to use the resources
and central, web-based tools that link our collaborative research community.
With the growing number of multimodal datasets that have been aggregated in COVID-ARC, and the 18PB of storage capacity at LONI, we
have applied machine learning methods and developed new analytic tools,
augmenting our existing tools, to classify COVID-19 positive and negative
patients, extract the most important imaging features to identify COVID19, and predict severity of the disease. If we are able to identify various
key features of COVID-19, we may be able to treat those patients who are
most at risk in the future to minimize their symptoms or help prevent some
long-term eﬀects.
There is evidence that chest CT imaging has a high sensitivity for
COVID-19 diagnosis and may be more sensitive than the viral test, so it
should be considered as a primary tool for detection [6, 7]. Many studies have
analyzed CT and follow-up CT scans of COVID-19 patients [6, 8–25] as well
as X-ray [26–29] and positron emission tomography (PET) [30–33]. However, there is a lack of rigorous studies that perform image analysis linked
to clinical or laboratory ﬁndings, and COVID-ARC encourages data fusion,
because it is likely that we will not understand COVID-19 well enough by
studying just one data type.

2. Imaging data
COVID-ARC has aggregated and curated 19 COVID-19 imaging and 4 other
multimodal datasets for publicly available download. These datasets include
X-ray, CT, and ultrasound images collected from international institutions,
including Tongji Hospital of Wuhan, China; Italian Society of Medical and
Interventional Radiology, Italy; Wenzhou Medical University, China; Valencian Region Medical ImageBank, Spain; Moscow Center of Diagnostics and
Telemedicine, Russia; Negin Medical Center, Iran; University of Montreal,
Canada; and Institute for Diagnostic and Interventional Radiology, Germany. Additional datasets aggregate patients from various regional hubs,
including Sao Paolo in Brazil, Netanya in Israel, South Korea, and numerous American hospitals.
Images are stored as NIFTI, PNG, TGZ, and TIF ﬁle formats and include:
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• 264,976 COVID-19 positive images
• 350,578 COVID-19 negative images (including both healthy controls
and common pneumonia patients)
Available data are summarized in Figure 1. COVID-ARC has integrated
Aspera [34], a Health Insurance Portability and Accountability Act
(HIPAA)-compliant, encrypted, high-speed ﬁle transfer system from IBM,
to support and facilitate new dataset upload.

3. Data ingestion and preprocessing
Once data are centrally stored in COVID-ARC, data undergo harmonization
and quality control to facilitate standardized analysis. Metadata, including demographics, outcome, and clinical measures of severity, are harmonized and validated by a medical doctor who specializes in radiology. Once
completed, harmonized metadata and quality control reports of images are
made available to users. We have been performing quality control [35] on all
COVID-ARC images and attaching ﬁles with good, questionable, and poor
labels to make these available for all COVID-ARC users. For questionable
images, we are providing ﬁlters, some of which we have developed at LONI
for neuroimaging and are adapting to these data, to improve image quality
so these data can be usable for analysis.

4. Image segmentation
Using COVID-ARC, we have performed lung and infection segmentation to
generate lung masks and segmented infections (Figure 2). Infection segmentations allow for quantiﬁcation of potentially pathologic ﬁndings, including
consolidation, ground glass opacities, and crazy paving patterns [36]. Future work will include evaluation of the relationship between the infection
ﬁndings, including size, type, and lobular involvement, with COVID-19 positivity. Such results may allow for imaging ﬁndings to be used as a rapid
precursory diagnostic tool, as CT and X-ray are faster to acquire than polymerase chain reaction (PCR) testing. To date, 264,976 COVID-19 positive
and 350,745 COVID-19 negative lung masks, segmented images, and infection masks are available for download.
We are exploring more eﬃcient and semi-automatic, threshold-based
methods to generate accurate infection segmentations, as manual segmentation requires signiﬁcant radiological and clinical expertise and is timeintensive. A binarized threshold combined with Region Adjacency Graph
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Figure 1: An overview of data stored in COVID-ARC. Available data include imaging (CT, X-ray, ultrasound), harmonized metadata, and analysis.
Analysis outputs include lung masks and infection segmentations.
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Figure 2: Examples of lung mask segmentation generated using the Lung
Mask tool [37] for (a) COVID-19 positive and (b) COVID-19 negative patients.
method has shown promise in automatically segmenting infected regions
and generating infection rates. The proposed method calculates infection
rate within ±2% of ground truth segmentations (Figure 3). Thus, this could
be a potentially useful tool for radiologists to accurately assess infection
severity and analyze disease progression in follow-up CT scans.

5. Machine learning applied to CT images
In addition to aggregating, standardizing, and segmenting data, we have
begun performing analysis on stored datasets and sharing preliminary ﬁndings on COVID-ARC. We are applying machine learning and deep learning
methods to imaging data to identify COVID-19 positive subjects accurately
with an automated method. After training 40 models on a dataset of CT
images from Sao Paulo, Brazil, including both base models and modiﬁed
networks, novel machine learning pipelines using EﬃcientNet architectures
were found to have greater than 99% accuracy. Introduction of innovative
visualization using Gradient-weighted Class Activation Mapping has also
demonstrated that the architecture eﬀectively utilizes regions of infection to
classify subjects (Figure 4).
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Figure 3: Images representing sequential stages of the threshold-based segmentation method to quantify COVID-19 lung infection: (a) original CT
slice, (b) 2D segmented lungs, (c) implemented binary thresholding, (d) implemented region adjacency graph thresholding, and (e) additional thresholding, which may be used to compute the hyperintensity density of segmented regions to compare with the total mask pixel density.

Furthermore, we have applied transfer learning and evaluated 6 pretrained convolutional neural network (CNN) models on one dataset to compare their ability to classify COVID-19 patients from chest CT images.
Transfer learning that utilizes a pretrained CNN model has shown promise in
this COVID-19 application: a pretrained InceptionV3 Model yielded 98.71%
accuracy when applied to a dataset of 489 subjects from Sao Paulo, Brazil
(Figure 5). Data were split into 80% for training and 20% for validation.
Each model was trained and tested using 5 rounds of cross validation on
augmented segmented and non-segmented training classes; we found that
training on segmented images is statistically comparable to training on nonsegmented images.
Deep learning is a promising, low-cost, and reliable way to determine if
patients are infected with COVID-19 from examining their lung CT scans.
However, the currently popular CNNs risk overﬁtting to hospital-speciﬁc
data due to the lack of publicly available CT data. We have tested the
performance of Siamese neural networks (SNNs) [38], networks that learn
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Figure 4: Gradient-weighted Class Activation Map (Grad-CAM) produced
for one COVID-19 subject. Grad-CAMs increase model interpretability by
visualizing the important regions in the image to predict COVID-19 positivity. The blue/green regions represent more important regions, and the
purple/red represent less important regions. If overlayed onto the original
CT scan, the important regions correspond to areas of higher ground glass
opacities and crazy paving patterns, two potential ﬁndings that have been
found to be present in COVID-19 subjects.
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Figure 5: Confusion matrices for COVID-19 detection on 489 subjects using
an InceptionV3 transfer learning-based architecture. Classiﬁcation was performed using both segmented images, in which lungs were ﬁrst segmented
from CT, and non-segmented images. Both classiﬁcations yielded greater
than 98% accuracy.
to determine the similarity between two images rather than label them as
COVID-19 positive or negative. SNNs have previously demonstrated stateof-the-art performance even when applied to test data that bear little resemblance to their training data. We trained 4 diﬀerent SNNs on CT images
collected from Sari, Iran. Our models achieved higher accuracy than current
models and lay the groundwork for creating a model that correctly discriminates COVID-19 positive and negative CT images collected from any
hospital.
Saliency Maps (Figure 6) highlighted potentially novel patterns and locations in the lower lobes that are related to COVID-19 infection. SNNs are
useful for tasks where labeled data are diﬃcult to acquire, as is the case
with many COVID-19 imaging datasets, so SNNs may be a promising tool
for clinicians to use machine learning methods to diagnose patients using
CT images while only having a small number of reference images at their
hospital.

6. Correlational analysis
In addition to image analysis, we have performed correlational analysis on
other data from COVID-ARC. Demographic correlational analyses have begun to uncover relationships between racial and gender identity, smoking
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Figure 6: Saliency maps generated of two COVID-19 positive patients (top,
middle) and one COVID-19 negative patient (bottom).
habits, and blood type as well as rates of COVID-19 infection and severity
of disease. An exhaustive search of United States data has also elucidated
relationships between infection rates and mask requirements, political aﬃliation, and local business restrictions. A signiﬁcant increase in infection rates
was found 2 weeks after partial or full reopening of business in 83 United
States counties with more than 20,000 COVID-19 cases as of November
2020. Infection rates were compared before and after reopening of various
public businesses including restaurants, bars, retail, gyms, salons/barbers,
and public schools. Among partially reopened businesses, bars were associated with the highest change of infection rate (Figure 7), and among fully
opened businesses, gyms were associated with the highest change of infection
rate. This research provides insight into the transmission of COVID-19 and
promotes evidence-driven policymaking for disease prevention and community health.

COVID-19 data sharing and collaboration

335

Figure 7: The average 14-day change of infection for each respective partially
reopened business. The red line indicates the average change of infection rate
among all businesses.

7. Discussion and future work
COVID-ARC provides researchers around the world a multimodal data
archive of publicly available datasets as well as instructions to request access
to private datasets related to COVID-19. Besides data access, COVID-ARC
also provides a variety of tools that we have previously developed in addition to innovative methods that we are currently developing for this project.
The website includes a knowledgebase to encourage researchers from diﬀerent hospitals and universities to work together to provide an eﬃcient way
to understand COVID-19. Not only does this archive and associated quality
control, visualization, and analytic tools help expedite COVID-19 research
and facilitate international collaboration, but this archive will prepare us for
the next pandemic so that we will have the infrastructure in place to enable researchers to aggregate data and perform analyses quickly at the onset
of the next pandemic. We have performed lung and infection segmentation
to generate lung masks and segmented infections to help researchers with
their COVID-19 image analyses. Moreover, we have performed a variety of
analyses, focusing mainly on imaging data, to identify COVID-19 positive
and negative patients with high accuracy. Several examples of preliminary
ﬁndings using COVID-ARC machine learning analysis as well as correlational analysis have been described. Future work will include continuing the
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aforementioned analyses on more datasets and improving the accuracy of our
methods in addition to studying neurological eﬀects of COVID-19 by analyzing neuroimaging data. We will continue to share both our methods and resulting analyses along with up-to-date aggregated datasets on COVID-ARC
with the goal to expedite COVID-19 research during this global pandemic.
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