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Abstract

Background: In clinical research, important variables may be collected from multiple data sources. Physical pooling of
patient-level data from multiple sources often raises several challenges, including proper protection of patient privacy and
proprietary interests. We previously developed an SAS-based package to perform distributed regression—a suite of
privacy-protecting methodsthat perform multivariable-adjusted regression analysisusing only summary-level information—with
horizontally partitioned data, a setting where distinct cohorts of patients are available from different data sources. We integrated
the package with PopMedNet, an open-source file transfer software, to facilitate secure file transfer between the analysis center
and the data-contributing sites. The feasibility of using PopMedNet to facilitate distributed regression analysis (DRA) with
vertically partitioned data, a setting where the data attributes from a cohort of patients are available from different data sources,
was unknown.

Objective: The objective of the study was to describe the feasibility of using PopMedNet and enhancements to PopMedNet to
facilitate automatable vertical DRA (VDRA) in real-world settings.

Methods: We gathered the statistical and informatic requirements of using PopMedNet to facilitate automatable vDRA. We
enhanced PopMedNet based on these requirements to improve its technical capability to support vVDRA.

Results: PopMedNet can enable automatable vDRA. We identified and implemented two enhancements to PopMedNet that
improved itstechnical capability to perform automatable vDRA in real-world settings. The first was the ability to simultaneously
upload and download multiple files, and the second was the ability to directly transfer summary-level information between the
data-contributing sites without a third-party analysis center.

Conclusions: PopMedNet can be used to facilitate automatable VDRA to protect patient privacy and support clinical research
in real-world settings.

(IMIR Med Inform 2021;9(4):€21459) doi: 10.2196/21459
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Introduction

Researchers often have to pool data from multiple sources for
their studies. One common scenario is to combine data from
multiple distinct cohorts of patients to achieve sufficient
statistical power, especially in studies where the exposure or
outcome of interest israre. Another scenario iswhen important
variables such as exposures, outcomes, or confounders are
available from multiple data sources. However, physical pooling
of patient-level data dispersed across multiple data sources often
raises several concerns, including ownership of the data,
unapproved use of the transferred data, and proper protection
of patient privacy and proprietary interests of the
data-contributing sites [1-5].

In most studies that analyze patient-level data from multiple
sites, researchers can remove direct patient identifiers (eg, name,
social security number) before sharing the data. It is aso
possible to relativize certain data attributes such as dates (eg,
by setting the cohort entry date as time zero and converting all
datesto numerical valuesrelative to thetime zero), perturb data
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attributes that may be used to reidentify patients (eg, rare
covariates or laboratory values), or encrypt the deidentified
patient level. However, these data manipul ation techniques may
not be feasible in certain studies and do not always guarantee
adequate levels of privacy protection, which may deter
collaboration and data sharing.

A number of privacy-protecting analytic methods have been
developed to complement available data manipulation
techniques. These methods, including meta-analysis of
site-specific effect estimates and methods that leverage
confounder summary scores, generally only require
data-contributing sites to share summary-level information,
thereby offering better privacy protection [6-8]. However, most
methods were developed to analyze horizontally partitioned
data (Figure 1), a setting where distinct cohorts of patientswith
the same data attributes are available in multiple
data-contributing sites[9,10]. There are few valid and practical
privacy-protecting methods to analyze vertically partitioned
data (Figure 2), a setting where the data attributes of one distinct
cohort of patients are availablein two or more data-contributing
sites.

Figure 1. Distributed regression analysis in horizontally partitioned data environments. In this hypothetical example, surgery, sex, and race are the
independent variables, while BMI is the dependent variable. Both data-contributing sites have the same set of variables.
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Figure 2. Distributed regression analysis in vertically partitioned data environments. In this hypothetica example, surgery, sex, and race are the
independent variables, while BMI is the dependent variable. Data-contributing site 1 has data on the independent variables, while data-contributing site
2 has data on the dependent variable. Data-contributing site 2 can also have additional independent variables, as another variant of vertically partitioned

data environments.
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A promising privacy-protecting analytic method for both
horizontally and verticaly partitioned data is distributed
regression, a suite of methods that perform
multivariable-adjusted regression analysis with only highly
summarized intermediate statistics of the patient-level datafrom
the data-contributing sites (Figure 3) [11-13]. We have
previously developed an SAS-based distributed regression
analysis (DRA) package integrated with PopMedNet, an
open-source file transfer software [14-17], to perform
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automatable distributed regression within  horizontally
partitioned data environments (horizontal DRA [hDRA]). We
successfully tested the application in areal-world setting [18].
The feasibility of using PopMedNet to facilitate DRA with
vertically partitioned data (vertical DRA [VDRA]) has not been
evauated. In this article, we describe the feasibility of using
PopMedNet and enhancements to PopMedNet to facilitate
automatable VDRA to protect patient privacy and support
clinical research in real-world settings.
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Figure 3. A hypothetical example of intermediate statistics shared by data-contributing sites in distributed linear regression analysis of verticaly
partitioned data. In this hypothetical example, surgery, sex, and race are theindependent variables, while BMI isthe dependent variable. Data-contributing
site 1 has data on the independent variables, while data-contributing site 2 has data on the dependent variable.
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Required Processesfor Distributed Regression Analysis

Distributed regression in both horizontally and vertically
partitioned environments requires two distributed analytic
processes and afile transfer process (Figures 1 and 2) [11-13].
Thefirst analytic process, which occurs at the data-contributing
sites, involves computing and sharing the intermediate statistics
of patient-level data with other data-contributing sites or a
semitrusted third-party analysis center. The second analytic
process, which occurs at the analysis center, involves
aggregating theintermediate stati stics and computing regression
parameter estimates, standard errors, model fit statistics, and
any necessary graphs (collectively called regression results
hereafter). For some regression model types (eg, logistic and
Cox proportional hazards), these two processes areiterative and
continue until a prespecified convergence criterion is met or a
prespecified maximum number of iterations is reached. When
one of these prespecified conditions is fulfilled, the regression
results are retained as the final results and the analysis is
completed. Otherwise, the updated regression results are shared
with the data-contributing sites and used to further refine the
intermediate statistics. Manual transfer of the intermediate
statistics can be cumbersome and error-prone. Alternatively, a
semiautomated or fully automated file transfer process can be
used to facilitate the iterative transfer of the intermediate
statistics and regression results between the participating parties.

Implementation of hDRA Using SAS and PopM edNet

We have previously developed an SAS-based DRA package to
perform the two distributed analytic processes for hDRA in a
real-world setting [11,12]. This package requires an analysis
center to facilitate its execution. We devel oped an automatable
file transfer process during the execution of the DRA package
by enhancing PopMedNet [1], an open-source file transfer
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networks, to securely transfer files through alocaly installed
Microsoft Windows application known as a DataMart Client
using HTTPS/SSL/TLS connections[19]. PopMedNet ensures
that only approved data queries are requested. Authenticated
data-contributing sites are only able to transfer files to the
analysis center and not to each other. All file transfers are
managed by aweb-based portal accessible only by the analysis
center.

We integrated the SAS-based DRA package with PopMedNet
to createa DRA application. The DRA application can perform
distributed linear, logistic, and Cox proportional hazards
regression analysis [18]. We were able to compute regression
results through DRA that were precise (difference <10-12) to
the regression results from the corresponding pooled
patient-level data analyses using standard SA'S procedures. We
were also able to generate model fit graphics that were similar
to the graphics obtained from the corresponding patient-level
regression analysis using standard SAS procedures. With a
sample size of 5452 patients, each regression model type
required less than 20 minutes to compl ete, with thefile transfer
time accounting for approximately 90% of the total execution
time. The hDRA application did not require participating
data-contributing sites to install new software or substantially
modify their hardware configuration because PopMedNet and
SASwere aready installed on their systems.

Feasibility of Performing vDRA Using PopM edNet

The distributed matrix computations are more complex and
computationally more intensive in vDRA than in hDRA [20].
Data-contributing sites are al so required to share more granular
summary-level information in VDRA, leading to larger files
being transferred. In hDRA, the modeling processis comprised
of data-contributing sites computing the intermediate statistics
and the analysis center aggregating the intermediate statistics

JMIR Med Inform 2021 | vol. 9| iss. 4 | €21459 | p. 4
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

and computing the regression results. Most of these
computations can be completed in parallel. In contrast, numerous
parts of the vDRA modeling process are sequential . Specifically,
the data-contributing sites must first compute components of
the intermediate statistics and then compute the intermediate
statistics from the components. For example, to compute the
intermediate statistic known as the global covariance matrix

(x"x, where X denotes a matrix of covariates) for vDRA, the
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data-contributing sites must first compute their site-specific
covariance matrix (XiX«, where k denotes data-contributing

site K) and then the off-diagonal components (*:*2) of the
global covariance matrix using a sequential and secure matrix
multiplication algorithm (Figure 4) [20]. Once al of the
components are computed, the analysis center then aggregates
the intermediate statistics and computes the regression results.

Figure4. Processesrequired to perform distributed linear regression in horizontally or vertically partitioned data environments with two data-contributing

sites and an analysis center.

Horizontal

X'X =X] Xy + XT X,

where X denotes a matrix of covariates, and X7 X denotes the intermediate statistics known as the global covariance matrix.

1. Ina parallel process, data-contributing site 1 computes X] X, and data-contributing site 2 computes X} X from their patient-level
data; both then share the intermediate statistic with each other or an analysis center. X-{ X4 and X; X, can be computed in parallel,
because they do not require information from the other data-contributing site.

2. The analysis center computes X”X from the intermediate statistics X{ X, and Xg X,

Vertical
X1X:  XiX,

XTX = .
(XTx2)" Xix,

where X denotes a matrix of covariates, and X7 X denotes the intermediate statistics known as the global covariance matrix.

1. Ina parallel process, data-contributing site 1 computes X{ X, and data-contributing site 2 computes X%" X3 from their patient-level
data; both then share the intermediate statistic with an analysis center. X] X; and X3 X, can be computed in parallel, because they
do not require information from the other data-contributing site.

2. Inasequential process, data-contributing sites 1 and 2 and the analysis center compute X7 X7 using a secure matrix multiplication

algorithm. X] X7 cannot be computed in parallel, because it requires information from the two data-contributing sites.

3. The analysis center computes X7 X from the intermediate statistics submatrices X1 X, X3 X, and X7X%.

PopMedNet was not designed to optimally support these
differences. Thus, we gathered the statistical and informatic
requirements of VDRA and performed a feasibility analysis of
using PopMedNet to facilitate vDRA with an automatable file
transfer process. We used the results of thisanalysisto identify,
develop, and implement enhancements to PopMedNet to
improveitstechnical capability to facilitate automatable vDRA.
As guiding principles, we required enhancements to support
execution times that lasted for only a few hours, to not disrupt
existing PopMedNet workflows, to be developed and
implemented with minimal to moderate effort at the
data-contributing sites, and to not lead to major modifications
to hardware configurations or new software installations at the
data-contributing sites.

Results

Findings From Assessment of the Existing PopM edNet
Functionalitiesto Facilitate Automatable vDRA

With the prior enhancements to PopMedNet (version 6.7) to
facilitate automatable hDRA, we had the necessary technical
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infrastructure to perform automatable vDRA. However, vDRA
would belimited to analysis of small cohort sizes and regression
modelswith few covariates. As described above, vDRA requires
matrix computationsthat are more complex and computational ly
moreintensivethan hDRA, data-contributing sitesto share more
granular information and files of larger sizes, and a modeling
process that is mostly sequential. These differences would
increase computation time and file transfer time, which would
lead to considerably longer execution times (Table 1). Moreover,
executing VDRA with a large cohort of patients or a large
number of covariateswould further increase executiontime and
render the PopMedNet configuration developed for hDRA
impractical. Additional enhancements to PopMedNet were
necessary to ensure that DRA is afeasible analytic option for
vertically partitioned data.
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Table 1. Differences between horizontal and vertical distributed regression analysis and their impacts on execution time.

Distributed regression analysis

Component of analysis Horizontal Vertical Impact on execution time in vertical
distributed regression analysis®
Computation sequence® 1. Computesintermediate 1. Computes components of theintermediate  Increases computation and file trans-
statistics statistics
2. Computesregressionre- 2.
sults® 3

Computation process Most computations can be

completed in aparallel pro-

cess
File transfer sizes Kilobytes to megabytes [18]

Dimension of an example pxp
matrix transfer®

nxn

Most computations require a sequential process

Kilobytesto infinity®

fer times

Computes intermediate statistics
Computes regression results®

Increases computation and file trans-
fer times

Increases file transfer times

Increases file transfer times

3Execution time in horizontal distributed regression analysis serves as the baseline.

bSequence of computations required to compute regression results; the sequence s iterative for some regression model types.
CInclude regression parameter estimates, standard errors, model fit statistics, and model fit graphics.

drile sizesincrease as cohort size or number of covariatesin the regression model increases.

€p isthe number of regression model covariates; n is the number of observations at each data-contributing site.

Implemented Enhancementsto PopM edNet to Enable
Automatable and Efficient Implementation of vDRA

We identified and implemented two enhancements to
PopMedNet to improve its technical capability to facilitate
automatable VvDRA in the read-world setting. These
enhancements decrease execution time, require only minimal
or moderate development and implementation efforts, do not
disrupt existing PopMedNet workflows, and do not require
data-contributing sitesto modify their hardware configurations.

First, we enhanced PopMedNet to allow simultaneous upload
and download of multiple files. The previous version of
PopMedNet only alowed one file to be uploaded and
downloaded at a given time. Concurrent transfer of multiple
files decreases file transfer time. Second, we enhanced
PopMedNet to adlow direct file transfers between
data-contributing sites (Figure 5). Previously, PopMedNet did
not alow direct file transfers between data-contributing sites.
File transfer was only possible between the analysis center and

https://medinform.jmir.org/2021/4/€21459

the data-contributing sites, any files to be shared between
data-contributing sites first had to be transferred through the
analysis center. This design aimed to reduce the potential risk
of two or more data-contributing sites colluding against the
other sites to derive information about specific patients using
the summary statistics, but it doubled the file transfer times.
Allowing direct file transfers between the data-contributing
siteswould enable VDRA agorithmsthat are simpler, shareless
granular information, share smaller files, and require fewer file
transfers. It would aso allow more computations to be donein
parallel, which would decrease computation and file transfer
times.

To minimize the risk of collusion under the enhanced file
transfer process, we implemented a trust matrix, where the
analysis center can prespecify and govern the file transfer
process between data-contributing sites. Only the analysis center
will have access and permission to modify thetrust matrix. Any
data-contributing sites that violate the trust model will prompt
PopMedNet to terminate the analysis.
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Figure 5. Enhanced PopMedNet workflow to enable automatable distributed regression analysis in vertically partitioned data environments. In this
hypothetical example, surgery, sex, and race are the independent variables, while BMI is the dependent variable. Data-contributing site 1 has data on
the independent variables, while data-contributing site 2 has data on the dependent variable.
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Discussion

Principal Findings

PopMedNet can facilitate the execution of automatable vDRA.
We identified and implemented two enhancements to
PopMedNet that improved its technical capability to facilitate
VDRA in real-world settings. The first enhancement was
concurrent uploading and downloading of multiplefilesand the
second involved enhancing the PopM edNet trust model to allow
certain prespecified and preapproved file transfer processes
between the data-contributing sites. Both enhancements decrease
the file transfer and computation times needed to perform
vDRA, which limit connectivity issues (eg, firewall timeouts,
network connections, and connectionsto theinternet) asabarrier
to performing VDRA in real-world settings. Connectivity may
seem inconsequential  with high-speed internet and
high-performing computers, but issues of connectivity are
compounded when there are multiple parties participating in a
regression analysis that requires numerous iterations and file
transfers.
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Other Research in vDRA

There have been efforts to make VDRA a practical analytic
option in real-world settings. Li and colleagues [3] developed
VERTIca Grid 10gistic regression (VERTIGO) to perform
distributed logistic regression analysisin vertically partitioned
data. Dai and colleagues [4] recently developed VERTICOX
to perform distributed Cox proportional hazards regression
analysisin verticaly partitioned data. Both studies found that
cohort size influenced the operational performance of their
methods. Similar to the findings in our feasibility analysis, Li
and colleagues [3] concluded that VDRA performed with
VERTIGO was limited to analyzing relatively small cohort
sizes. These authors identified several potential solutions to
improve the operational performance of VERTIGO, including
performing the matrix computations on graphic processing units,
paralelizing the matrix computations on multiple cores or
machines, and dividing the matrix computations into smaller
parts (a divide-and-conquer strategy). Performing VDRA on
graphic processing units may require new hardware, which
would violate our guiding principles. We explored parallelizing
the matrix computationsin our feasibility analysisbut concluded
that it would require meaningful changes to the hardware
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configuration and installation of new software at the
data-contributing sites. We explored implementing a similar
divide-and-conquer strategy in the design of our vDRA
algorithms by first horizontally partitioning the vertically
partitioned data sets into smaller blocks and then performing
the required matrix computations within the blocks. Thisdesign
should decrease computation times because the computations
are completed with smaller matrices.

Limitations

Our two enhancements improved PopMedNet's technical
capability to facilitate VDRA. However, there are several factors
that may limit the use of PopMedNet to enable automatable
VDRA in real-world settings. First, real-world implementation
of PopMedNet-supported VDRA will be driven by the degree
of automation between the participating data-contributing sites
and the file transfer speed of the slowest site. Numerous parts
of thevDRA modeling process are executed sequentially. Thus,
if asite performs vDRA with amanual file transfer process or
has a slow file transfer speed, the overall execution time will
be limited by the response time of the slowest site. This may
deter data-contributing sites from using vVDRA or PopMedNet
to analyze data from multiple data sources.

Second, we could only implement enhancementsto PopM edNet
that adhered to our guiding principles, which were developed
based on existing PopMedNet users. There may be unforeseen
challenges that require major enhancements or changes to the
PopMedNet topology and infrastructure if vDRA were to be
conducted in other data-contributing siteswith different software
and hardware configurations.

Third, the acceptance of automatable VDRA and enhanced
PopMedNet capabilities by data-contributing sites should not
be overlooked. In our previous experience, data-contributing
sites were reluctant to use the fully automated PopMedNet
workflow to facilitate hDRA. It was only after aninitial roll-out
phase with the manual and semiautomated workflows and
confirmation that the intermediate statistics did not contain
identifiable patient information that they were willing to
experiment with the fully automated PopMedNet workflow.
With vDRA requiring thetransfer of more granular information
and longer computation and filetransfer timesthan hDRA, some
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data-contributing sites may require a similar roll-out phase to
build trust and acceptance of automatable vDRA.

Fourth, we choseto build upon our previouswork and enhanced
PopMedNet to facilitate vDRA. This may limit our vDRA
package to organizations who use PopMedNet as their file
transfer software. However, PopMedNet is currently used by
several large distributed data networks, including the Sentinel
System [14], the National Patient-Centered Clinical Research
Network [15], and the National Institutes of Health Health Care
Systems Research Collaboratory [16]. These networks have
established infrastructure (eg, harmonized data, data use
agreements, governance) and processes that can streamline the
use of vDRA to analyze data from multiple data sources. Thus,
these networks can readily implement PopM edNet-supported
hDRA and vDRA.

Future Work

With the enhancements to PopMedNet, we have started
implementing the divide-and-conquer vDRA agorithms that
leverage PopMedNet's new functionality to transfer files
between data-contributing sites. We are aso exploring
enhancements to the vDRA algorithms to reduce the number
of files needed to be transferred. Reducing the number of files
transferred will decrease the overall file transfer time and make
VDRA apractica analytic option in real-world settings. To offer
better privacy protection, we are only implementing VDRA
algorithmsthat limit the potential for back calculations. We will
explorethefeasibility of combining our vDRA agorithmswith
data manipulation techniques, such as perturbation and
encryption, to provide additional layers of protection [5]. We
plan to integrate these vDRA algorithms with PopMedNet to
create avDRA application and test it with real-world data.

Conclusion

PopMedNet can be used to facilitate automatable vDRA. We
have implemented two enhancements to the PopMedNet
workflow to improveitstechnical capability to facilitate VDRA
in real-world settings. PopM edNet has the potential to increase
clinica research and collaboration across multiple
data-contributing sites while protecting patient privacy and
proprietary interests of the data-contributing sites.

Thiswork was supported by the National Institute of Biomedical Imaging and Bioengineering (U0O1EB023683) and the National
Center for Advancing Trandational Sciences (UL1 TR002014) of the National Institutes of Health. The content is solely the
responsibility of the authors and does not necessarily represent the official views of the National Institutes of Health.

Conflictsof Interest
None declared.

References

1. HerQL,MaenfantJM, Maek S, Vilk Y, Young J, Li L, et al. A Query Workflow Design to Perform Automatable Distributed
Regression Analysisin Large Distributed Data Networks. EGEM S (Wash DC) 2018 May 25;6(1):11 [FREE Full text] [doi:

10.5334/egems.209] [Medline: 30094283

2. Wolfson M, Wallace SE, MascaN, Rowe G, Sheehan NA, Ferretti V, et al. DataSHIEL D: resolving aconflict in contemporary
bioscience--performing a pooled analysis of individual-level data without sharing the data. Int J Epidemiol 2010
Oct;39(5):1372-1382 [FREE Full text] [doi: 10.1093/ije/dyql111] [Medline: 20630989]

https://medinform.jmir.org/2021/4/€21459

JMIR Med Inform 2021 | vol. 9| iss. 4 | €21459 | p. 8
(page number not for citation purposes)


http://europepmc.org/abstract/MED/30094283
http://dx.doi.org/10.5334/egems.209
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30094283&dopt=Abstract
http://europepmc.org/abstract/MED/20630989
http://dx.doi.org/10.1093/ije/dyq111
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20630989&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Her et d

10.

11.

12.

13.

14.

15.

16.

17.
18.

19.

20.

Li Y, Jiang X, Wang S, Xiong H, Ohno-Machado L. VERTIcal Grid |Ogistic regression (VERTIGO). JAm Med Inform
Assoc 2016 May;23(3):570-579 [FREE Full text] [doi: 10.1093/jamia/ocv146] [Medline: 26554428]

Da W, Jiang X, Bonomi L, Li Y, Xiong H, Ohno-Machado L. VERTICOX: Vertically Distributed Cox Proportional
Hazards Model Using the Alternating Direction Method of Multipliers. |[EEE Trans Knowl Data Eng 2020 Apr 01:1-1.
[doi: 10.1109/tkde.2020.2989301]

El Emam K, Samet S, Arbuckle L, Tamblyn R, Earle C, Kantarcioglu M. A secure distributed logistic regression protocol
for the detection of rare adverse drug events. JAm Med Inform Assoc 2013 May 01;20(3):453-461 [FREE Full text] [doi:
10.1136/amiajnl-2011-000735] [Medline: 22871397]

Toh S, Gagne JJ, Rassen JA, Fireman BH, Kulldorff M, Brown JS. Confounding adjustment in comparative effectiveness
research conducted within distributed research networks. Med Care 2013 Aug;51(8 Suppl 3):$4-10. [doi:
10.1097/MLR.0b013e31829b1bb1] [Medline: 23752258]

Toh S, Reichman ME, Houstoun M, Ding X, Fireman BH, Gravel E, et al. Multivariable confounding adjustment in
distributed data networkswithout sharing of patient-level data. Pharmacoepidemiol Drug Saf 2013 Nov;22(11):1171-1177.
[doi: 10.1002/pds.3483] [Medline: 23878013]

Toh S, Shetterly S, Powers JD, Arterburn D. Privacy-preserving analytic methods for multisite comparative effectiveness
and patient-centered outcomes research. Med Care 2014 Jul;52(7):664-668. [doi: 10.1097/ML R.0000000000000147]
[Medline: 24926715]

Slavkovic A, Nardi Y, Tibbits M, editors. Secure logistic regression of horizontally vertically partitioned distributed
databases. 2007 Presented at: Seventh | EEE I nternational Conference on Data Mining Workshops; March 28, 2007; Omaha,
NE, USA. [doi: 10.1109/icdmw.2007.114]

Karr A, Lin X, Sanil A, Reiter J. Privacy-preserving analysis of vertically partitioned data using secure matrix products. J
Off Stat 2009;25(1):125.

Her Q, Vilk Y, Young J, Zhang Z, Malenfant J, Malek S. A distributed regression analysis application based on SAS
software. Part I: Linear and logistic regression. arxiv.org. 2018 Aug 07. URL: https://arxiv.org/abs/1808.02387 [accessed
2021-03-30]

Vilk Y, Zhang Z, Young J, Her Q, Malenfant J, Malek S. A distributed regression analysis application based on SAS
software. Part I1: Cox proportional hazards regression. arxiv.org. 2018 Aug 07. URL: https://arxiv.org/abs/1808.02392
[accessed 2021-03-30]

Karr AF, Feng J, Lin X, Sanil AP, Young SS, Reiter JP. Secure analysis of distributed chemical databases without data
integration. J Comput Aided Mol Des 2005;19(9-10):739-747. [doi: 10.1007/s10822-005-9011-5] [Medline: 16267693]
Matt R, Carnahan RM, Brown JS, Chrischilles E, Curtis LH, Hennessy S, et al. The U.S. Food and Drug Administration's
Mini-Sentinel program: status and direction. Pharmacoepidemiol Drug Saf 2012 Jan;21 Suppl 1:1-8. [doi: 10.1002/pds.2343]
[Medline: 22262586]

Fleurence RL, CurtisLH, Califf RM, Platt R, Selby JV, Brown JS. Launching PCORnet, a national patient-centered clinical
research network. JAm Med Inform Assoc 2014;21(4):578-582 [FREE Full text] [doi: 10.1136/amiajnl-2014-002747]
[Medline: 24821743]

Richesson RL, Hammond WE, Nahm M, Wixted D, Simon GE, Robinson JG, et al. Electronic health records based
phenotyping in next-generation clinical trials: a perspective from the NIH Health Care Systems Collaboratory. JAm Med
Inform Assoc 2013 Dec;20(e2):€226-e231 [FREE Full text] [doi: 10.1136/amiajnl-2013-001926] [Medline: 23956018]
PopMedNet. URL : https://www.popmednet.org/ [accessed 2021-03-31]

Her Q, Maenfant J, Zhang Z, Vilk Y, Young J, Tabano D, et al. Distributed Regression Analysis Application in Large
Distributed Data Networks: Analysisof Precision and Operational Performance. IMIR Med Inform 2020 Jun 04;8(6):€15073
[FREE Full text] [doi: 10.2196/15073] [Medline: 32496200]

CurtisLH, Brown J, Platt R. Four health data networks illustrate the potential for a shared national multipurpose big-data
network. Health Aff (Millwood) 2014 Jul;33(7):1178-1186. [doi: 10.1377/hlthaff.2014.0121] [Medline: 25006144]

Karr AF, Fulp WJ, VeraF, Young SS, Lin X, Reiter JP. Secure, Privacy-Preserving Analysis of Distributed Databases.
Technometrics 2007 Aug 01;49(3):335-345. [doi: 10.1198/004017007000000209]

Abbreviations

DRA: distributed regression analysis

hDRA: horizontal distributed regression analysis
VvDRA: vertical distributed regression analysis
VERTIGO: VERTIca Grid |Ogistic regression

https://medinform.jmir.org/2021/4/€21459 JMIR Med Inform 2021 | vol. 9| iss. 4 | €21459 | p. 9

(page number not for citation purposes)


http://europepmc.org/abstract/MED/26554428
http://dx.doi.org/10.1093/jamia/ocv146
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26554428&dopt=Abstract
http://dx.doi.org/10.1109/tkde.2020.2989301
http://europepmc.org/abstract/MED/22871397
http://dx.doi.org/10.1136/amiajnl-2011-000735
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22871397&dopt=Abstract
http://dx.doi.org/10.1097/MLR.0b013e31829b1bb1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23752258&dopt=Abstract
http://dx.doi.org/10.1002/pds.3483
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23878013&dopt=Abstract
http://dx.doi.org/10.1097/MLR.0000000000000147
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24926715&dopt=Abstract
http://dx.doi.org/10.1109/icdmw.2007.114
https://arxiv.org/abs/1808.02387
https://arxiv.org/abs/1808.02392
http://dx.doi.org/10.1007/s10822-005-9011-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16267693&dopt=Abstract
http://dx.doi.org/10.1002/pds.2343
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22262586&dopt=Abstract
http://europepmc.org/abstract/MED/24821743
http://dx.doi.org/10.1136/amiajnl-2014-002747
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24821743&dopt=Abstract
http://europepmc.org/abstract/MED/23956018
http://dx.doi.org/10.1136/amiajnl-2013-001926
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23956018&dopt=Abstract
https://www.popmednet.org/
https://medinform.jmir.org/2020/6/e15073/
http://dx.doi.org/10.2196/15073
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32496200&dopt=Abstract
http://dx.doi.org/10.1377/hlthaff.2014.0121
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25006144&dopt=Abstract
http://dx.doi.org/10.1198/004017007000000209
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Her et d

Edited by C Lovis; submitted 18.06.20; peer-reviewed by D Tabano, Z Zhang; comments to author 21.08.20; revised version received
25.01.21; accepted 07.03.21; published 23.04.21

Please cite as.

Her Q, Kent T, Samizo Y, Savkovic A, Vilk Y, Toh S

Automatable Distributed Regression Analysis of Vertically Partitioned Data Facilitated by PopMedNet: Feasibility and Enhancement
Sudy

JMIR Med Inform 2021;9(4):e21459

URL: https://medinform.jmir.org/2021/4/€21459

doi: 10.2196/21459

PMID:

©QouaHer, Thomas Kent, Yuji Samizo, Aleksandra Slavkovic, Yury Vilk, Sengwee Toh. Originally published in IMIR Medical
Informatics (https.//medinform.jmir.org), 23.04.2021. This is an open-access article distributed under the terms of the Creative
Commons Attribution License (https.//creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work, first published in IMIR Medical Informatics, is properly cited. The

compl ete bibliographic information, alink to the original publication on http://medinform.jmir.org/, aswell asthis copyright and
license information must be included.

https://medinform.jmir.org/2021/4/€21459 JMIR Med Inform 2021 | vol. 9| iss. 4 | €21459 | p. 10
(page number not for citation purposes)

RenderX


https://medinform.jmir.org/2021/4/e21459
http://dx.doi.org/10.2196/21459
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

