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Abstract

With recent advances in mass spectrometry-based proteomics technologies, deep profiling of
hundreds of proteomes has become increasingly feasible. However, deriving biological insights
from such valuable datasets is challenging. Here we introduce a systems biology-based software
JUMPN, and its associated protocol to organize the proteome into protein co-expression clusters
across samples and protein-protein interaction (PPI) networks connected by modules (e.qg.,
protein complexes). Using the R/Shiny platform, the JUMPn software streamlines the analysis
of co-expression clustering, pathway enrichment, and PPl module detection, with integrated data
visualization and a user-friendly interface. The main steps of the protocol include installation

of the JUMPn software, the definition of differentially expressed proteins or the (dys)regulated
proteome, determination of meaningful co-expression clusters and PPI modules, and result
visualization. While the protocol is demonstrated using an isobaric labeling-based proteome
profile, JUMPn is generally applicable to a wide range of quantitative datasets (e.g., label-free
proteomics). The JUMPnN software and protocol thus provide a powerful tool to facilitate
biological interpretation in quantitative proteomics.

SUMMARY:

We present a systems biology tool JUMPnN to perform and visualize network analysis for
quantitative proteomics data, with a detailed protocol including data pre-processing, co-expression
clustering, pathway enrichment, and protein-protein interaction network analysis.
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INTRODUCTION:

Mass spectrometry-based shotgun proteomics has become the key approach for analyzing
proteome diversity of complex samples®. With recent advances in mass spectrometry
instrumentation?3, chromatography*, ion mobility detection8, acquisition methods (data-
independent’ and data-dependent acquisition8), quantification approaches (multi-plex
isobaric peptide labeling method, e.g., TMT910, and label-free quantification'112) and data
analysis strategies/software development3-18 quantification of the whole proteome (e.g.,
over 10,000 proteins) is now routinel®-21, However, how to gain mechanistic insights from
such deep quantitative datasets is still challenging?2. Initial attempts for investigating these
datasets relied predominantly upon the annotation of individual elements of the data, treating
each component (protein) /ndependently. However, biological systems and their behavior
cannot be solely explained by examining individual components?3. Therefore, a systems
approach that places the quantified biomolecules in the context of interaction networks is
essential for the understanding of complex systems and the associated processes such as
embryogenesis, immune response, and pathogenesis of human diseases?4.

Network-based systems biology has emerged as a powerful paradigm for analyzing
large-scale quantitative proteomics data2>-33, Conceptually, complex systems such as
mammalian cells could be modeled as a hierarchical network343%, in which the whole
system is represented in tiers: first by a number of large components, each of which then
iteratively modeled by smaller subsystems. Technically, the structure of proteome dynamics
can be presented by inter-connected networks of co-expressed protein clusters (because
co-expressed genes/proteins often share similar biological functions or mechanisms of
regulation3®) and physically interacting PPI modules3’. As a recent example2®, we generated
temporal profiles of whole proteome and phosphoproteome during T cell activation and
used integrative co-expression networks with PPIs to identify functional modules that
mediate T-cell quiescence exit. Multiple bioenergetic-related modules were highlighted

and experimentally validated (e.g., the mitoribosome and complex IV modules?®, and the
one-carbon module38). In another example2®, we further extended our approach to study
the pathogenesis of Alzheimer’s disease, and successfully prioritized disease progression
associated protein modules and molecules. Importantly, many of our unbiased discoveries
were validated by independent patient cohorts26:2° and/or disease mouse models2%. These
examples illustrated the power of the systems biology approach for dissecting molecular
mechanisms with quantitative proteomics and other omics integrations.

Here we introduce JUMPnN, a streamlined software that explores quantitative proteomics
data using network-based systems biology approaches. JUMPn serves as the downstream
component of the established JUMP proteomics software suitel3-14:39 and aims to fill

the gap from individual protein quantifications to biologically meaningful pathways and
protein modules using the systems biology approach. By taking the quantification matrix of
differentially expressed (or the most variable) proteins as input, JUMPn aims to organize the
proteome into a tiered hierarchy of protein clusters co-expressed across samples and densely
connected PP1 modules (e.g., protein complexes), which are further annotated with public
pathway databases by over-representation (or enrichment) analysis (Figure 1). JUMPn is
developed with the R/Shiny platform*° for a user-friendly interface and integrates three
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major functional modules: co-expression clustering analysis, pathway enrichment analysis,
and PPI network analysis (Figure 1). After each analysis, results are automatically visualized
and are adjustable via the R/shiny widget functions and readily downloadable as publication
tables in Microsoft Excel format. In the following protocol, we use quantitative whole
proteome data as an example and describe the major steps of using JUMPn, including
installation of the JUMPn software, the definition of differentially expressed proteins or the
(dys)regulated proteome, co-expression network analysis, and PPl module analysis, result
visualization and interpretation, and trouble shootings. JUMPnN software is freely available
on GitHub*1.

PROTOCOL

NOTE: In this protocol, the usage of JUMPn is illustrated by utilizing a published dataset
of whole proteome profiling during B cell differentiation quantified by TMT isobaric label
reagent?’.

1. Setup of JUMPnN software

NOTE: Two options are provided for setting up the JUMPn software: (i) installation on a
local computer for personal use; and (ii) deployment of JUMPn on a remote Shiny Server
for multiple users. For local installation, a personal computer with Internet access and =4 Gb
of RAM is sufficient to run JUMPnN analysis for a dataset with a small sample size (n < 30);
larger RAM (e.g., 16 Gb) is needed for large-cohort analysis (e.g., n = 200 samples).

1.1. Install the software on a local computer. After installation, allow the web browser to
launch JUMPn and let the analysis run on the local computer.

1.1.1. Install anaconda*2 or miniconda®3 following the online instructions.

1.1.2. Download the JUMPn source code*!. Double click to unzip the downloaded file
JUMPN_v_1.0.0.zip; a new folder named JUMPn_v_1.0.0 will be created.

1.1.3. Open command line terminal. On Windows, use the Anaconda Prompt. On MacOS,
use the built-in Terminal application.

1.1.4. Create the JUMPn Conda environment: Get the absolute path of JUMPn_v_1.0.0
folder (e.g., /path/to/JUMPn_v_1.0.0). To create and activate an empty Conda environment
type the following commands on the terminal

conda create -p /path/to/JUMPNn_v_1.0.0/JUMPn -y
conda activate /path/to/JUMPn_v_1.0.0/JUMPn

1.1.5. Install JUMPnN dependencies: Install R (on the terminal, type conda install -c conda-
forge r=4.0.0 -y), change the current directory to the JUMPn_v_1.0.0 folder (on the
terminal, type cd path/to/JUMPNn_v_1.0.0), and install the dependency packages (on the
terminal, type Rscript bootstrap.R)
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1.1.6. Launch JUMPnN on the web browser: Change the current directory to the execution
folder (on the terminal, type cd execution) and launch JUMPn (on the terminal, type R -e
“shiny::runApp()”)

1.1.7. Once the above is executed, the terminal screen will show up Listening on
http://127.0.0.1: XXXX (here XXXX indicates 4 random numbers). Copy and paste http://
127.0.0.1:XXXX onto the web browser, on which JUMPn welcome page will show up
(Figure 2).

1.2. Deployment on Shiny Server. Examples of Shiny Server include the commercial
shinyapps.io server or any institutionally supported Shiny Servers.

1.2.1. Download and install RStudio following the instruction®4,

1.2.2. Obtain the deployment permission for the Shiny Server. For the shinyapps.io server,
set up the user account by following the instruction®. For institutional Shiny server, contact
the server administrator for requesting permissions.

1.2.3. Download the JUMPn source code?! to the local machine; installation is not
necessary. Open either the server.R or ui.R files in RStudio and click the Publish to Server
drop-down menu in the top right of the RStudio IDE.

1.2.4. In the Publish to Account panel, type the server address. Press the Publish button.
Successful deployment is validated upon automatic redirect from RStudio to the RShiny
server where the application was deployed.

2. Demo run using an example dataset

NOTE: JUMPn offers a demo run using the published B cell proteomics dataset. The demo
run illustrates a streamlined workflow that takes the quantification matrix of differentially
expressed proteins as input and performs co-expression clustering, pathway enrichment, and
PPI network analysis sequentially.

2.1. On the JUMPN home page (Figure 2), click on the Commence Analysis button to start
JUMPnN analysis.

2.2. In the bottom left corner of the Commence Analysis page (Figure 3), click on the
Upload Demo B Cell Proteomic Data button; a dialog box will appear notifying the
success of the data upload.

2.3. In the bottom right corner of the page, click on the Submit JUMPnN Analysis button to
initiate the demo run using default parameters; a progress bar will appear that denotes the
course of the analysis. Wait until the progress bar is fulfilled (3 min expected).

2.4. Once the demo run is finished, a dialog box will appear with the success run message
and the absolute path to the result folder. Click on Continue to Results to continue.

2.5. The webpage will first guide the user to the co-expression cluster results by WGCNA.
Click on View Results on the dialog window to continue.
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2.6. Find the protein co-expression patterns on the left of the Result Page 1: WGCNA
Output page. Click on the Select the Expression Format drop-down box to navigate
between two figure formats:

2.6.1. Select Trends to display the trends plot, with each line representing individual protein
abundance across samples. The color of each line represents how close the expression
pattern is to the co-expression cluster consensus (i.e., “eigengene” as defined by the
WGCNA algorithm).

2.6.2. Select Boxplot to display co-expression patterns in boxplot format for each sample.

2.7. View the pathway/ontology enrichment heatmap on the right of the WGCNA output
page. The most highly enriched pathways for each cluster are displayed together in a
heatmap, with the color intensity reflecting the Benjamini-Hochberg adjusted p-value.

2.8. Scroll down the webpage to view the expression pattern for individual proteins.

2.8.1. Use the drop-down box Select the Co-Expression Cluster to view proteins from each
cluster (default is Cluster 1). Select a specific protein in the table, upon which the bar plot
below the table will be automatically updated to reflect its protein abundance.

2.8.2. Search specific protein names using the Search box on the right side of the table for a
specific protein.

2.9. To view PPI results, click on the Results Page 2: PP1 Output on the top.

2.10. Click on Select the Co-Expression Cluster to view the results for a specific co-
expression cluster (default is cluster 1). The displays of all figure panels on this page will be
updated for the newly selected cluster.

2.11. View the PPI networks for the selected co-expression cluster on the left figure panel:

2.11.1. Click the Select by Group drop-down box to highlight individual PPI modules
within the network. Click on the Select a Network Layout Format drop-down box to
change the network layout (default is by Fruchterman Reingold).

2.11.2. Use the mouse and the trackpad to perform steps 2.11.3-2.11.5.

2.11.3. Zoom in or zoom out the PPI network as needed. The gene names of each node in
the network will be shown when zoomed in sufficiently.

2.11.4. When zoomed in, select and click a certain protein to highlight that protein and its
network neighbors.

2.11.5. Drag a certain node (protein) in the network to change its position in the layout;
thereby the network layout can be re-organized by the user.

2.12. On the right panel of the PPI result page, view the co-expression cluster-level
information that assists interpretation of PPI results:
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2.12.1. View the co-expression pattern of the selected cluster as boxplot by default.

2.12.2. Click on the Select the Expression Format drop-down box for more information or
displays as mentioned in steps 2.12.3-2.12.5.

2.12.3. Select Trends to show trends plot for the co-expression pattern.

2.12.4. Select Pathway Barplot to show significantly enriched pathways for the co-
expression cluster.

2.12.5. Select Pathway Circle Plot to show significantly enriched pathways for the co-
expression cluster in the circle plot format.

2.13. Scroll down the Result Page 2: PP1 Output webpage to view results on the individual
PP1 module level. Click on the Select the Module drop-down box to select a specific PPI
module for display (Clusterl: Module 1 is shown by default).

2.14. View the PPI module on the left panel.

2.14.1. Use a mouse or trackpad to zoom in or zoom out the PPI network as needed. The
gene names of each node in the network will be shown when zoomed in sufficiently.

2.14.2. When zoomed in, select and click a certain protein to highlight that protein and its
network neighbors.

2.14.3. Drag a certain node (protein) in the network to change its position in the layout;
thereby the network layout can be re-organized by the user.

2.15. View the pathway/ontology enrichment results on the right panel. Click on the Select
the Pathway Annotation Style drop-down box for more information and displays:

2.15.1. Select Barplot to show significantly enriched pathways for the selected PP module.

2.15.2. Select Circle Plot to show significantly enriched pathways for the selected PPI
module in the format of a circle plot.

2.15.3. Select Heatmap to show significantly enriched pathways and the associated gene
names from the selected PPI module.

2.15.4. Select Table to show the detailed pathway enrichment results, including the name of
pathways/ontology terms, gene names, and the P-value by Fisher’s exact test.

2.16. View the publication table in a spreadsheet format: follow the absolute path (printed
on the top of both results pages) and find the publication spreadsheet table named
ComprehensiveSummaryTables.xlIsx.

3. Preparation of the input file and upload to JUMPn

NOTE: JUMPnN takes as input the quantification matrix of either the differentially expressed
proteins (supervised method) or the most variable proteins (unsupervised method). If the
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goal of the project is to understand proteins changed across multiple conditions (e.g.,
different disease groups, or time-series analysis of biological process), the supervised
method of performing DE analysis is preferred; otherwise, an unsupervised approach of
selecting the most variable proteins may be used for the exploratory purpose.

3.1. Generate the protein quantification table, with each protein as rows and each sample as
columns. Achieve this via modern mass spectrometry-based proteomics software suite (e.g.,
JUMP suite13.14.39 proteome Discoverer, Maxquant1®46),

3.2. Define the variable proteome.

3.2.1. Use the statistical analysis results provided by the proteomics software suite to define
differentially expressed (DE) proteins (for example, with adjusted p-value < 0.05).

3.2.2. Alternatively, users may follow the example R code*’ to define either DE or most
variable proteins.

3.3. Format the input file using the defined variable proteome.

NOTE: The required input file format (Figure 4) includes a header row; the columns include
protein accession (or any unique 1Ds), GN (official gene symbols), protein description (or
any user-provided information), followed by protein quantification of individual samples.

3.3.1. Follow the order of the columns specified in step 3.1, but the column names of the
header is flexible to the user.

3.3.2. For TMT (or similar) quantified proteome, use the summarized TMT reporter
intensity as input quantification values. For label-free data, use either normalized spectral
counts (e.g., NSAF48) or intensity-based method (e.g., LFQ intensity or iBAQ protein
intensity reported by Maxquant45).

3.3.3. Missing values are allowed for JUMPn analysis. Ensure to label these as NA in the
quantification matrix. However, it is recommended to only use proteins with quantification
in more than 50% of the samples.

3.3.4. Save the resulting input file as .txt, .xlsx, or .csv format (all three are supported by
JUMPN).

3.4. Upload input file:

3.4.1. Click the Browser button and select the input file (Figure 3, left panel); the file
format (x/sx, csv, and txtare supported) will be automatically detected.

3.4.2. If the input file contains intensity-like quantification values (e.g., those generated by
JUMP suite39) or ratio-like (e.g., from Proteome Discoverer), select Yes for the Execute
Log2-Transformation of Data Option; otherwise, the data may have already been log-
transformed, so select No for this option.
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4. Co-expression clustering analysis

NOTE: Our group?>~27 and others28.2%:31 have proved WGCNA*? an effective method
for co-expression clustering analysis of quantitative proteomics. JUMPn follows a 3-step
procedure for WGCNA analysis?®90: (i) initial definition of co-expression gene/protein
clusters by dynamic tree cutting®! based on the topological overlap matrix (TOM;
determined by quantification similarities among genes/proteins); (ii) merging of similar
clusters to reduce redundancy (based on dendrogram of eigengene similarities); and

(i) final assignment of genes/proteins to each cluster that exceed the minimal Pearson
correlation cutoff.

4.1. Configure the WGCNA parameters (Figure 3, middle panel). The following three
parameters control the three steps, respectively:

4.1.1. Set minimum cluster size as 30. This parameter defines the minimal number of
proteins required for each co-expression cluster in the initial step (i) of TOM-based hybrid
dynamic tree cutting. The larger the value, the smaller the number of clusters returned by the
algorithm.

4.1.2. Set minimum cluster distance as 0.2. Increasing this value (e.g., from 0.2-0.3) may
cause more cluster merging during step (ii), thus resulting in a fewer number of clusters.

4.1.3. Set minimum kKME as 0.7. Proteins will be assigned to the most correlated cluster
defined in step (ii), but only proteins with Pearson correlation passing this threshold will be
retained. Proteins that fail in this step will not be assigned to any cluster (‘NA’ cluster for
the failed proteins in the final report).

4.2. Initiate the analysis. There are two ways to submit the co-expression clustering analysis:

4.2.1. Click on the Submit JUMPnN Analysis button in the bottom right corner to initiate the
comprehensive analysis of WGCNA automatically followed by PPI network analysis.

4.2.2. Alternatively, select to execute the WGCNA step only (especially for the purpose of
parameter tuning; see steps 4.2.3-4.2.4):

4.2.3. Click on the Advanced Parameters button at the bottom of the Commence Analysis
page; a new parameter window will pop up. In the bottom widget, Select Mode of Analysis,
select WGCNA Only, then click on Dismiss to continue.

4.2.4. On the Commence Analysis page, click on the Submit JUMPRN Analysis button.
4.2.5. In either case above, a progress bar will appear upon analysis submission.

NOTE: Once the analysis is finished (typically < 1 min for WGCNA Only analysis and <3
min for comprehensive analysis), a dialog box will appear with a success run message and
the absolute path to the result folder.

4.3. Examine the WGCNA results as illustrated in steps 2.4-2.8. Note that the absolute
path to the file co_exp_clusters_3colums.txt is highlighted on the top of the Results Page:
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WGCNA Output to record the cluster membership of each protein and use it as input for
the PP1 Only analysis.

4.4. Troubleshooting. The following three common cases are discussed. Once the parameters
are updated as discussed below, follow steps 4.2.2—4.2.4 to generate new WGCNA results.

4.4.1. If one important co-expression pattern is expected from the data but missed by the
algorithm, follow steps 4.4.2-4.4.4

4.4.2. A missing cluster is especially likely for small co-expression clusters, i.e., only

a limited number (e.g., <30) of proteins exhibiting this pattern. Before the re-analysis,
re-examine the input file of protein quantification matrix and locate several positive control
proteins that adhere to that important co-expression pattern.

4.4.3. To rescue the small clusters, decrease the Minimal Cluster Size (e.g., 10; cluster size
less than 10 may not be robust thus not recommended), and decrease the Minimal Cluster
Distance (e.g., 0.1; here setting as 0 is also allowed, which means automatic cluster merging
will be skipped).

4.4.4. After executing the co-expression clustering step with the updated parameters,

first, check if the cluster is rescued from the Co-Expression Pattern Plots, then

check the positive controls by searching their protein accessions from Detailed Protein
Quantification (make sure to select the appropriate co-expression cluster from the left side
drop-down widget before the search).

NOTE: Multiple iterations of parameter tuning and rerun may be needed for the rescue.

4.4.5. If there are too many proteins that cannot be assigned to any cluster, follow steps
4.4.6-44.7.

NOTE: Usually, a small percentage (typically <10%) of proteins may not be assigned to any
cluster as those may be outlier proteins that did not follow any of the common expression
patterns of the dataset. However, if such percentage is significant (e.g., >30%), it suggests
that there exist additional co-expression patterns that cannot be ignored.

4.4.6. Decrease both the Minimal Cluster Size and Minimal Cluster Distance parameters
to alleviate this situation by detecting ‘new’ co-expression clusters.

4.4.7. In addition, decrease the Minimal Pearson Correlation (KME) parameter to shrink
these “NA cluster’ proteins.

NOTE: Tuning this parameter will not generate new clusters but instead will increase the
size of “existing’ clusters by accepting more previously failed proteins with the lower
threshold; however, this will also increase the heterogeneity of each cluster, as more noisy
proteins are now allowed.

4.4.8. Two clusters have a very minor difference of patterns; merge them into one cluster
following steps 4.4.9-4.4.11.

J Vis Exp. Author manuscript; available in PMC 2022 June 10.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Vanderwall et al.

Page 10

4.4.9. Increase the Minimal Cluster Distance parameter to solve the issue.

4.4.10. However, in some situations, the algorithm may never return the desired
pattern; in such an instant, manually adjust or edit cluster membership in the file
co_exp_clusters_3colums.txt (file from step 4.3) to merge.

4.4.11. Take the post-edited file as input for the downstream PPI network analysis. In case of
manual editing, justify the criteria of cluster assignment, and record the procedure of manual
editing.

5. Protein-protein interaction network analysis

NOTE: By superimposing co-expression clusters onto the PPI network, each co-expression
cluster is further stratified into smaller PP1 modules. The analysis is performed for each co-
expression cluster and includes two stages: in the first stage, JUMPnN superimposes proteins
from the co-expression cluster onto the PPI network and find all connected components
(i.e., multiple clusters of connected nodes/proteins; as an example, see Figure 6A); then,
communities or modules (of densely connected nodes) will be detected for each connected
component iteratively using the topological overlap matrix (TOM) method®2.

5.1. Configure parameters for PPI network analysis (Figure 3, right panel).

5.1.1. Set Minimal PP1 Module Size as 2. This parameter defines the minimal size of the
disconnected components from the first stage analysis. Any component smaller than the
specified parameter will be removed from the final results.

5.1.2. Set Maximal PP1 Module Size as 40. Large, disconnected components that pass this
threshold will undergo second stage TOM-based analysis. The second stage analysis will
further split each large component into smaller modules: each module presumably contains
proteins more densely connected than the original component as a whole.

5.2. Initiate the analysis. There are two ways to submit the PPl network analysis:

5.2.1. Hit the Submit JUMPnN Analysis button to automatically perform the PPI analysis
following WGCNA analysis by default.

5.2.2. Alternatively, upload customized co-expression cluster results and perform PPI Only
analysis following steps 5.2.3-5.2.5.

5.2.3. Prepare input file by following the format of the file co_exp_clusters_3colums.txt (see
subsection 4.4).

5.2.4. Click on the Advanced Parameters button at the bottom of the Commence Analysis
page; a new parameter window will pop up. In the upper session Upload Co-Expression
Cluster Result for ‘PP1 Only’ Analysis, click on Browser to upload the input file prepared
by step 5.2.3.
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5.2.5. In the bottom widget, Select Mode of Analysis, select PPI only, then click on
Dismiss to continue. On the Commence Analysis page, click on the Submit JUMPn
Analysis button.

5.3. Once the analysis is finished (typically <3 min), examine the PPI results as illustrated in
steps 2.10-2.15.

5.4. (Optional advanced step) Adjust PPl modularization by tuning parameters:

5.4.3. Increase the Maximal Module Size parameter to allow more proteins included in the
PPI results. Upload customized PPl network to cover undocumented interactions, following
steps 5.4.2-5.4.3.

5.4.2. Click on the Advanced Parameters button at the bottom of the Commence Analysis
page; a new parameter window will pop up. Prepare the customized PPI file, which
contains three columns in the format of <Protein_A>, Connection, and <Protein_B>; here
<Protein_X> are presented by the official gene names of each protein.

5.4.3. In Upload a PPI Database, click on the Browse button to upload the customized PPI
file.

6. Pathway enrichment analysis

NOTE: The JUMPn-derived hierarchical structures of both co-expression clusters and PPI
modules within are automatically annotated with over-represented pathways using Fisher’s
exact test. The pathway/topology databases used include Gene Ontology (GO), KEGG,
Hallmark, and Reactome. Users may use advanced options to upload customized databases
for the analysis (e.g., in the case of analyzing data from non-human species).

6.1. By default, the pathway enrichment analysis is initiated automatically with co-
expression clustering and PP1 network analysis.

6.2. View the pathway enrichment results:

6.2.1. Follow steps 2.7, 2.12, and 2.15 to visualize different formats on
the result pages. View detailed results in spreadsheet publication table in the
ComprehensiveSummaryTables.xlsx file (step 2.16).

6.3. (Optional advanced step) Upload customized database for pathway enrichment analysis:

6.3.1. Prepare the gene background file, which typically contains the official gene names of
all genes of a species.

6.3.2. Prepare the ontology library file following steps 6.3.3-6.3.4.

6.3.3. Download the ontology library files from public websites including EnrichR®3, and
MSigDB®4. For example, download ontology from Drosophila from the EnrichR website®.
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6.3.4. Edit the downloaded file for the required format with two columns: the pathway name
as the first column, and then the official gene symbols (separated by “/”) as the second
column. The detailed file format is described in the Help page of the JUMPnN R shiny
software.

NOTE: Find example files of gene background and ontology library (using Drosophila as an
instance) in the JUMPn GitHub site®6.

6.3.5. Click on the Advanced Parameters button at the bottom of the Commence Analysis
page; a new parameter window will pop up.

6.3.6. Find Upload a Background File for Pathway Enrichment Analysis item and click

on Browser to upload the background file prepared at step 6.3.1. Then in the session, Select
The Background to be Used for Pathway Enrichment Analysis, click on User-Supplied

Background.

6.3.7. Find Upload an Ontology Library File for Pathway Enrichment Analysis item
and click on Browser to upload the background file prepared at steps 6.3.2—6.3.5. Then in
the session, Select Databases for Pathway Enrichment Analysis, click on User-Supplied
Database in .xIsx Format”.

6.4. Click on the Submit JUMPnN Analysis button in the bottom right corner to initiate the
analysis using the customized database.

7. Analysis of dataset with large sample size

NOTE: JUMPnN supports analysis of dataset with large sample size (up to 200 samples
tested). To facilitate the visualization of a large sample size, an additional file (named “meta
file) that specifies the sample group is needed to facilitate the display of co-expression
clustering results.

7.1. Prepare and upload meta file.

7.1.1. Prepare the meta file that specifies group information (e.g., control and disease
groups) for each sample following steps 7.1.2-7.1.3.

7.1.2. Ensure that the meta file contains at least two columns: column 1 must contain the
sample names identical to the column names and order from the protein quantification
matrix file (as prepared in step 3.3); Column 2 onwards will be used for group assignment
for any number of features defined by the user. The number of columns is flexible.

7.1.3. Ensure that the first row of the meta file contains the column names for each column;
from the second row onwards, individual sample information of groups or other features
(e.g., sex, age, treatment, etc.) should be listed.

7.1.4. Upload the meta file by clicking on the Advanced Parameters button in the bottom
of the Commence Analysis page; a new parameter window will pop up. Proceed to step
7.15
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7.1.5. Find Upload a Meta File item and click on Browser to upload the background file.
If the unexpected format or unmatched sample names are detected by JUMPn, an error
message will pop up for further formatting of the meta file (steps 7.1.1-7.1.3).

7.2. Adjust the parameters for co-expression clustering analysis: set Minimal Pearson
Correlation as 0.2. This parameter needs to be relaxed due to larger sample size.

7.3. Click on Submit JUMPnN Analysis button in the bottom right corner to submit the
analysis.

7.4. View analysis results: all the data output is the same except for displaying the co-
expression cluster patterns.

7.4.1. In the Results Page 1: WGCNA Output page, visualize the co-expression clusters as
boxplots with samples stratified by the user-defined sample groups or features. Each dot in
the plot represents the eigengene (i.e., the consensus pattern of the cluster) calculated by the
WGCNA algorithm.

7.4.2. If the user provided multiple features (e.g., age, sex, treatment, etc.) to group the
samples, click on the Select the Expression Format drop-down box to select another
feature for grouping the samples.

REPRESENTATIVE RESULTS:

We used our published deep proteomics datasets25-27:30 (Figures 5 and 6) as well as data
simulations®” (Table 1) to optimize and evaluate JUMPn performance. For co-expression
protein clustering analysis via WGCNA, we recommend utilizing proteins significantly
changed across samples as the input (e.g., differentially expressed (DE) proteins detected by
statistical analysis). While including non-DE proteins for the analysis may result in more
co-expression clusters returned by the program (due to larger input size), we hypothesize
that mixing the real signal (e.g., the DE proteins) with the background (the remaining
non-DE) for systems-level analysis may dilute the signal and mask the underlying network
structure. To test this, simulation analysis was performed under two different conditions: i)
highly dynamic proteome (e.g., 50% altered in T cell activation2®) and ii) relatively stable
proteome (e.g., 2% proteome changed in AD25). For the highly dynamic proteome, six co-
expression clusters were simulated from 50% proteome following the same cluster size and
expression patterns (i.e., eigengenes) of our published results?®. Similarly, for a relatively
stable proteome, we simulated three clusters from 2% proteome following our recent AD
proteomics study?6. As expected, increasing the input number of proteins increases the
number of detected clusters (Table 1). For the highly dynamic proteome, using all proteins
as input can capture most of the true clusters (5 out of the 6 simulated bona fide clusters;
83% recall) with 63% precision (5 out of the 8 returned clusters are true positives; i.e.,

the remaining 3 clusters are false positives). However, for the relatively stable proteome,
increasing the input size with non-DE proteins dramatically reduces precision (Table 1). For
instance, using the whole proteome as input, 169 modules are detected, of which only 2 are
correct (1.2% precision; the remaining 98.8% detected modules are false positives). These
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results thus indicate that choosing only the changed proteome as input will increase the
precision of co-expression analysis, especially for relatively stable proteome.

Following the detection of co-expression protein clusters, each cluster will be annotated by
JUMPN using the pathway enrichment analysis (Figure 1). The current version includes four
commonly used pathway databases, including Gene Ontology (GO), KEGG, Hallmark, and
Reactome. Users may also compile their own database in GMT format®*, which can be
uploaded into JUMPN. Integrating multiple databases for pathway enrichment analysis may
provide more comprehensive views; however, the sizes of different pathway databases vary
significantly, which may induce unwanted bias to certain (especially large) databases. Two
solutions are provided within JUMPN. First, using a statistical approach, nominal p values
are adjusted (or penalized) for multiple-hypothesis testing by the Benjamini-Hochberg
method®8, with a larger database requiring a more significant nominal p-value to reach

the same adjusted p level than that from a small database. Second, JUMPn highlights the
top significantly enriched pathway for eac/ database separately, thus database-specific top
enriched pathways are always displayed.

Similar to pathway enrichment analysis, a composite PPI network was compiled by
combining STRING5%60 BioPlex61:62 and InWeb_IM®3 databases. The BioPlex database
was created using affinity purification followed by mass spectrometry in human cell lines,
whereas the STRING and InWeb contain information from various sources. Therefore the
STRING and InWeb databases were further filtered by the edge score to ensure high quality,
with the cutoff determined by best fitting the scale-free criteria24. The final merged PPI
network covers more than 20,000 human genes with ~1,100,000 edges (Table 2). This
comprehensive interactome is included and published in a bundle with our JUMPn software
for sensitive PPI analysis.

After the analysis is finished, JUMPn generates the publication table spreadsheet file
ComprehensiveSummaryTables.xlsx, consisting of three individual sheets. The first sheet
contains results of co-expression protein clusters with one protein per row: the first

column indicates the cluster membership of each input protein, and the remaining columns
are copied from the user-input file, which contains the protein accession, gene names,
protein description, and quantification of individual samples. The second sheet contains
results of pathway enrichment analysis, displaying significant pathways enriched in each
co-expression cluster. This table is first organized by different pathway databases, then
sorted by co-expression clusters, functional pathways, the total number of pathway genes,
the total number of genes in the individual cluster, the overlapped gene numbers and names,
enrichment fold, Fisher exact test derived P-values and Benjamini—Hochberg false discovery
rate. The third sheet contains results of PPl module analysis with one PPI module per

row; its columns include the module name (defined by its co-expression membership and
module ID, for example, Clusterl Modulel), the mapped proteins and numbers, as well as
functional pathways that are defined by searching the module proteins against the pathway
databases.
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DISCUSSION

Here we introduced our JUMPnN software and its protocol, which have been applied in
multiple projects for dissecting molecular mechanisms using deep quantitative proteomics
data2-27.30.64 The JUMPn software and protocol have been fully optimized, including
consideration of DE proteins for co-expression network analysis, a compilation of
comprehensive and high-quality PPI network, stringent statistical analysis (e.g., by
consideration of multiple hypothesis testing) with a streamlined and user-friendly interface.
Multiple protein modules identified by JUMPnN have been validated by functional
experiment studies?>-27 or independent patient cohorts2®, exemplifying JUMPn as an
effective tool for identifying key molecules and pathways underlying diverse biological
processes.

Critical steps of this protocol include the generation of optimal results of co-expression
clusters and PPl modules, which may require multiple iterations of parameter tuning, as
well as upload of customized PPI network. In our protocol, we discussed common practical
scenarios, including how to handle missing of important clusters, a high percentage of
unassigned proteins, merging of two redundant clusters, and missing of important proteins
within PPI modules. We recommend the user to prepare several positive control proteins
and confirm their presence in the final co-expression clusters. Sometimes a positive control
will never be included in the final PPI modules due to an incomplete PPI network database.
To partially alleviate this, we have updated our PPI network with the latest versions of
BioPlex V352 and STRING V1160, In addition, JUMPn allows users to upload customized
PPI networks. For example, novel interactions derived from affinity purification-mass
spectrometry (AP-MS) experiments using an important positive control protein as bait may
be integrated with the current composite PPI network for more customized analysis.

By using the framework of pathway enrichment analysis for each co-expression protein
cluster, JUMPnN can be extended for inferring transcription factor (TF) activity. The
assumption is that if there exists an over-representation of target genes of a specific TF

in a co-expression cluster (i.e., these targets are differentially expressed and follow the

same expression pattern), the activity of that TF is potentially altered across experimental
conditions because its target protein abundance is changed consistently. Technically, this can
be simply achieved via JUMPnN by replacing the current pathway database with the TF-target
database (e.g., from the ENCODE project®). Similarly, kinase activity may also be inferred
by leveraging the kinase-substrate database, taking deep phosphoproteomics as input. As an
example, we successfully identified dysregulated TFs and kinases underlying brain tumor
pathogenesis®. Indeed, using the network approach for activity inference has emerged as a
powerful approach for identifying dysregulated drivers for human diseases®6:67.

The JUMPnN software is readily applied to a wide range of data types. Even though isobaric
labeling quantified proteome was used as an illustrative example, the same protocol is
applicable also for label-free quantified proteomics data, as well as genome-wide expression
profiles (e.g., quantified by RNA-seq or microarray; see our recent example of applying
JUMPn for both gene and protein expression profiles2’). Phosphoproteomics data could
also be taken by JUMPn to identify co-expressed phosphosites, followed by kinase activity
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inference2®. In addition, interactome data generated by the AP-MS approach will also

be appropriate, by which prey proteins that follow similar bait interaction strength and
stoichiometry will form co-expression clusters and further overlapped with known PPIs for
data interpretation®8.

Limitations exist for the current version of JUMPnN. First, the installation procedure is
command line-based and requires basic knowledge of computer science. This hinders
wider usage of JUMPn, especially from biologists without computational background. A
more ideal implementation is to publish JUMPn on an online server. Second, the current
databases are human-centric because of our focus on human disease studies. Note that
proteomics data generated by mice has also been analyzed by JUMPnN using such human-
centric databases2527, assuming that most PPIs are conserved across both species®.70,
Mouse-specific signaling will not be captured by this approach but is not of interest in those
human studies. However, for non-mammalian model systems (e.g., zebrafish, fly, or yeast),
species-specific databases should be prepared and uploaded to JUMPn using the advanced
options. Resources of additional species may be provided via future JUMPn release. Third,
the current step of ontology/pathway analysis takes significant time, which can be further
optimized by parallel computing.

In conclusion, we present the JUMPnN software and protocol for exploring quantitative
proteomics data to identify and visualize co-expressed and potentially physically interacting
protein modules by systems biology approach. The key features that distinguish JUMPn
from others®3.71.72 include: (i) JUMPn integrates and streamlines four major components
of the pathway and network analysis (Figure 1); (ii) Different from most pathway analysis
software that takes a simple gene list as input, JUMPn starts from quantification matrix,

by which quantitative information can be seamlessly integrated with literature documented
pathways and networks; (iii) Both co-expression protein clusters and interaction modules
are automatically annotated by known pathways, and visualized via the R/shiny interacting
platform using a user-friendly web browser; (iv) Final results are organized into three tables
that are readily publishable in Excel format. Thus, we expect the JUMPn and this protocol
will be widely applicable to many studies for dissecting mechanisms using quantitative
proteomics data.
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Figure 1: Workflow of JUMPnN.
Quantification matrix of the top variable of differentially expressed (DE) proteins are

taken as input, and proteins are grouped into co-expression clusters by the WGCNA
algorithm. Each co-expression is then annotated by pathway enrichment analysis and further
superimposed onto the protein-protein interaction (PPI) network for densely connected
protein module identifications.
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Figure 2:
JUMPN welcome page.
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JUMPN: NETWORK ANALYSIS FOR QUANTITATIVE PROTEOMICS

Home | CommenceAnalysis  Help

WELCOME

User Input Specifications

TO JUMPN NETWORK

ANALYSIS

Co-Expression Clustering Parameters

PPI Analysis Parameters

Upload Input File For JUMPn Analysis

Browse.. | No file selected

Execute Log-2 Transformation of
Expression/Abundance Data?

Yes -

Specify the Name of the Output Folder

example_output_folder

Minimum Cluster Size i

Minimum kME i
o7
Minimum Cluster Distance i

o1

Upload Demo B-Cell Proteomic Data

Figure 3: Input page of JUMPN.

Advanced Parameters

Maximum Protein Module Size

40

Minimum Protein Module Size

Select a PPI Database

2016 Human Composite
BioPlexString400+inweb150

The page includes the input file upload panel and parameter configuration panels for co-

expression clustering and PPI network analysis, respectively.
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Protein Accession

sp| Q64343 ABCG1_MOUSE
sp| Q8BYZ1| ABI3_MOUSE
sp| Q7TPR4| ACTN1_MOUSE
sp| 088990| ACTN3_MOUSE
sp| QBCHC8| ADNP2_MOUSE
sp| Q9D517| PLCC_MOUSE
sp| Q641K1| CBPC1_MOUSE
tr| E9Q616| E9Q616_MOUSE
tr| E9PVP1| E9PVP1_MOUSE
sp| Q8VC28| AK1CD_MOUSE

GN Protein Description

Abcgl ATP-binding cassette sub-family G member 1 0S=Mus musculus GN=Abcg1 PE=!
Abi3 ABI gene family member 3 0S=Mus musculus GN=Abi3 PE=2 SV=3

Actnl Alpha-actinin-1 0S=Mus musculus GN=Actnl PE=1 SV=1

Actn3 Alpha-actinin-3 0S=Mus musculus GN=Actn3 PE=2 SV=1

Adnp2 ADNP homeobox protein 2 0S=Mus musculus GN=Adnp2 PE=2 SV=2

Agpat3 1-acyl-sn-gly I-3 gamma 0S=Mus musculus GN=A
Agtpbpl Cytosolic car 10S=Mus GN=Agtpbpl PE=1 SV=2

Ahnak Protein Ahnak OS=Mus musculus GN=Ahnak PE=1 SV=1

Aim1 Aurora kinase B 0S=Mus musculus GN=Aim1 PE=4 SV=1

Akricl3 Aldo-keto reductase family 1 member C13 0S=Mus musculus GN=Akr1c13 PE=1

Figure 4: Example input file of quantification matrix.

pro-B_Oha
1.29E+05
1.69E+05
1.32E+07
4.60E+06
9.68E+04
7.38E+04
1.256+04
5.40E+05
4.14E+05
9.03E+04

pro-8_Ohb
1.17E+05
1.66E+05
1.40E+07
4.80E+06
9.66E+04
7.52E+04
1.45E+04
6.09E+05
3.90E+05
8.93E+04

pro-8_lha
1.29E+05
1.70E+05
1.39E+07
5.19E+06
9.97E+04
7.59E+04
1.45E+04
5.636+05
4.76E+05
9.24E+04

pro-B_lhb
1.23E+05
1.67E+05
1.45E+07
5.43E+06
1.08E+05
7.82E+04
1.53E+04
5.85E+05
4.54E+05
8.93E+04

Page 23

pro-8_aha
1.39E+05
1.64E+05
1.33E+07
4.63E+06
8.73E+04
7.20E+04
1.41E+04
5.65E+05
4.30E+05
8.06E+04

Columns include protein accession (or any unique IDs), GN (official gene symbols),
protein description (or any user-provided information), followed by protein quantification

of individual samples.
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pro-B_ahb
1.41E+05
1.71E+05
1.296+07
4.39E+06
9.27E+04
7.91E+04
1.336+04
4.97E+05
4.28E+05
8.52E+04

pro-B_16ha pro-B_16hb

1.05E+05
1.41E+05
1.05€+07
4.29E+06
8.87E+04
6.33E+04
1.10E+04
3.68E+05
3.47E+05
6.776+04

1.06E+05
1.37E+05
1.03E+07
4.21E+06
8.17E+04
6.21E+04
1.17€E+04
3.77€+05
3.63E+05
6.98E+04
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Protein abundance table for each cluster

Select the Cluster You'd Like to Display

Cluster1 -

Show entries
Protein Accession. $ GN 4 ProteinDescription

Protein g030617003Rik OS-Mus musculus

Page 24

Pathway enrichment

GO_NCRNA_PROCESSING
GO_NUCLEOLUS

GO_RRNA_METABOLIC_PROCESS
GO_RIBOSOME_BIOGENESIS
GO_RIBONUCLEOPROTEIN_COMPLEX_BIOGENESIS
GO_IMMUNE_SYSTEM_PROCESS
GO_IMMUNE_RESPONSE
GO_DEFENSE_RESPONSE
GO_REGULATION_OF_IMMUNE_SYSTEM_PROCESS
GO_SECRETORY_GRANULE

KEGG_ENDOCYTOSIS
HALLMARK_UV_RESPONSE_DN

HALLMARK_MTORC1_SIGNALING

&
&

P —

# ProB.oh# ProBoh# ProB.ih§# ProB_th# ProB_sh$ ProB_4h# ProB_16h# ProB_16h%

1 UEGOMKOIEGOMKoMOUSE 90306170038k  (0ie 98007 B8 O 1638 1642 164 164 1637 1637 1613 1609
2 trlEgQ7Y4|E9Q7Y4_MOUSE A430078G23Rik Z’,:’fi:‘;:f,:‘g;if ?;.TSSEVN-‘:S el 1674 1678 1662 1679 16.82 1671 1633 164
3 spl064343/ABCGIMOUSE  Abcgt g::\:’;d;‘\?;:f:zgﬁ::;:‘gég ;\”f’:‘be' L 1698 1684 1698 169 1709 1711 1669 1669
4 splQBBYZ1IABI3_MOUSE Abiz é‘:}_ii?;;:’_"z'z\r;mbe' SOSMus s 1736 1734 1738 1735 1732 1738 171 1706
5 splQ7TPR4IACTNIMOUSE  Actn1 :\lzta'“""i"" OS:Mifs mtisculils GNEACINLPE=2 2365 2374 2373 2379 2366 2362 2333 2329
Showing 1 to 5 of 413 entries Previous 2 3 4 5 - 83 Next

Cluster 1: Abi3 Expression Profile

Cluster 1 Average Expression Profile

Exprossion

24012

23012

Abundance

22012
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24012
220012

20012
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Figure 5: Co-expression cluster results reported by JUMPn.
The co-expression clustering patterns (A), top enriched pathway heatmap across clusters

(B), and detailed protein abundance for each cluster are shown (C). Users may select various
display options and navigate between different clusters via the selection box.
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A

B

Global network of co-expression cluster 1
Clustend % select and highlight
module 1 using
@ dropdown menu
@) Ear @) Edit
<
/
=
Subnetwork of each individual module Pathway enrichment of each individual module
Cluster1_Module3 2
Clusteri_Module3: 21 Constituent Genes =
REACTOME_TOLL_RECEPTOR_CASCADES - _
REACTOME_INNATE_IMMUNE_SYSTEM - _
REACTOME_DEGRADATION_OF_THE_EXTRACELLULAR_MAT - _
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°
e
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Figure 6: PPI network analysis results reported by JUMPN.
The global inter-module network is shown (A), followed by a subnetwork of individual

modules (B) and its significantly enriched pathways (C). Users may select various display
options and navigate between different clusters and modules via the selection box.
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Table 1.
Simulation studies of co-expression cluster detection.

Conditions with optimal performance are highlighted in red.

% top proteins for analysis ~ # simulated modules  # detected modules recaptured modulesl precision2 recal|3
Highly dynamic proteome (e.g., during T cell activation): 6 simulated modules from 50% proteome

2 6 2 2 1 0.33

5 6 2 2 1 0.33
10 6 3 3 1 0.5
20 6 4 4 1 0.67
50 6 6 6 1 1
100 6 8 5 0.63 0.83

Relatively stable proteome (e.qg., during pathogenesis of AD): 3 simulated modules from 2% proteome

1 3 1 1 1 0.33

2 3 3 3 1 1

5 3 8 3 0.38 1
10 3 13 3 0.23 1
20 3 19 3 0.16 1
50 3 71 2 0.03 0.67
100 3 169 2 0.01 0.67

'ZA recaptured module is a detected module whose eigengene highly correlates (Pearson R > 0.95) with one of the simulated eigengenes.

Zprecision = # recaptured modules / # detected modules

3 .
recall = # recaptured modules / # simulated modules
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Table 2.
Statistics of human protein-protein interaction (PPI) networks.

PPI networks are filtered by edge score to ensure high quality, with the score cutoff determined by best fitting
the scale free criteria.

PPI networks No. of Nodes  No. of Edges
BioPlex 3.0 combined (293T+HCT116) 14,551 167,399
InBio_Map_core_2016_09_12 17,429 608,166
STRING (v11.0) 18,954 587,482
Composite PPI network 20,485 1,152,607
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