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ARTICLE INFO ABSTRACT

Keywords: Background: Biological systems are often perceived as independent and consequently analyzed individually. In
Multilayer graphs the field of omics, multiple disciplines target the study of specific types of molecules, such as genomics. The
Omics data

support of more data sources in these analyses is becoming more crucial for understanding the interplay of
biological systems. However, this requires integration of heterogeneous knowledge, which is considered highly
challenging in bioinformatics and biomedicine. Therefore, the R package Multipath was developed to model
biological pathways as multilayered graphs and integrate influencing knowledge including proteins and drugs. In
its previous form, Multipath generated multilayer models of BioPAX-encoded pathways and included features to
integrate drug and protein information from DrugBank and UniProtKB respectively. Although the model showed
remarkable utility, including further data sources ensures enriching and expanding its capabilities.

Results: In this paper, a new version Multipath 2.0 is presented. The update additionally supports the two da-
tabases KEGG Genes and OMIM, which serve as the source for gene and disease entries and interactions. In-
formation on the interactions between the previously and newly added nodes are extracted and integrated. The
Multipath 2.0 offers features to update the original multilayer model and integrate the corresponding nodes and
edges into two additional layers referring to KEGG Genes and OMIM. Furthermore, the embedded nodes are
inter- and intra-connected using interactions from the original and newly supported data sources.

Conclusion: The R Package Multipath is presented with the main functions that are newly developed to support
the integration of the databases KEGG Genes and OMIM. The model comprises multiple information relevant to
the analysis of pathway data, and offers a reproducible and simplified view of complex, intertwined systems.
Through the application of such highly integrated models the inference of new knowledge becomes easier and
contributes to many fields such as drug repurposing and biomarker discovery.

Data integration
Biological pathways
Reproducibility
Visualization

Background Introduction

In this manuscript, we present a newer version of our tool Multipath,
which integrates multi-omics knowledge related to BioPAX encoded
pathways in a multilayer model. Beside DrugBank and UniProtKB, this
version supports two additional databases, KEGG Genes and OMIM. The
model which is generated from a Reactome pathway now accommodates
information on proteins, genes, diseases, and drugs. This is a great step
that would lead to innovative research in many fields, including network
biology, drug repurposing and pathway analysis.
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Over the past decades, omics research has made significant progress,
in particular through the development of high-throughput technologies.
These technologies allow to generate large amounts of data which are
referred to as omics data. Omics data include among others genomics,
transcriptomics, proteomics, and metabolomics. Specifically, these may
include whole-genome sequencing data or genome-wide expression
profiling on a microarray basis. They provide detailed information about
biological systems at various levels. Omics data analysis can provide
new insights into the molecular basis of disease, drug development and
personalized therapies [1].
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For this, the development of analysis tools, new models and pro-
cedures is essential. Since omics data is available in large quantities,
integrating and analyzing it is a conceptual challenge. The extremely
complex omics data comprise large amounts of information that should
be examined simultaneously to identify relevant biological patterns and
relationships. This requires powerful and efficient tools and models. If
several omics data sets are used at the same time, one speaks of multi-
omics data. The analysis of these represents a further challenge. Here,
different omics levels are connected and influence each other [2].

Databases like The Cancer Genome Atlas (TCGA), Clinical Proteomic
Tumor Analysis Consortium (CPTAC) or International Cancer Genomics
Consortium (ICGC) contain publicly available multi-omics data sets of
patients. With the help of newly developed tools for the analysis of
multi-omics data, certain biological questions can be addressed and
eventually answered. This includes subtyping and classifying diseases,
predicting biomarkers for various applications, including diagnostics
and driver genes for diseases, and deriving insights into disease biology
[3].

The analysis of various omics layers often requires data integration,
which aims to extract biological knowledge from multiple datasets. All
omics data sets are analyzed simultaneously, and a common model is
created comprising all data sets at the same time. Different sizes, for-
mats, and dimensionalities of the data in question pose a challenge. In
addition, the data is very complex, can be noisy and has a high infor-
mation content. Gligorijevi¢ and Przulj summarize the strategies for data
integration into the categories of early, late and intermediate data
integration. In the early data integration, the data model is built on a
combination of the different input data sets. In contrast, with late data
integration, models are first created for each individual data set, which
are then combined into a unified model. Intermediate data integration
infers a common model and then combines the data [4].

Not only the omics data sets are heterogeneous, but also the results in
the multi-omics area are difficult to reproduce due to the use of different
data analysis methods, tools and statistical processing. The research
community is therefore striving to meet the standards of discoverability,
accessibility, interoperability, and reusability and to take advantage of
advances in data sharing and environmental replication [5].

Integration of drug information to biological pathways has contrib-
uted to different disciplines such as drug repurposing [6]. Extending
such models with additional knowledge, specifically disease and gene
data, can show huge potentials in inferring new interactions, enriching
current perspectives of biological pathways, as well as improvement of
the comprehension of the dynamics of the different components, indi-
vidually and collectively.

Implementation

According to Hammoud and Kramer [7], Multipath is an R package
that creates reproducible pathway models by transforming BioPAX [8]
encoded pathways into multilayered graphs using the R packages mully
[9] and rBiopaxParser [10]. The nodes representing the elements of
pathways are classified into groups based on their biological types, and
each group is embedded into one layer of the graph. The edges con-
necting the nodes are the interactions extracted from the BioPAX file.
The generated mully graph is modifiable and retraceable, and modifi-
cations can be tracked using the track and undo feature. A mully object
contains nodes, layers and edges, and their corresponding attributes. It
also contains metadata on the content such as the name of the graph,
edges directions (direct or indirect) and layers’ information. Addition-
ally, Multipath offers data integration functions to extract additional
information from DrugBank [11] and UniProt [12]. A separate layer is
created and added to the graph to accommodate the retrieved infor-
mation on drugs and their interactions.

To generate the integrated pathway model using Multipath, the user
starts by choosing a pathway from the Reactome database [13], where
pathways can be downloaded as BioPAX encoded files (level 2 and 3).
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The Reactome ID of the pathway along the BioPAX level should be
provided to download the pathway in question, parse the corresponding
file, and transform it into a multilayer mully graph with the various
layers. Relevant data from UniProt and DrugBank can then be added to
the model, and modifications can be made and retraced using provided
functions.

In this version, the workflow was updated to support two additional
knowledge databases, in order to elevate the pathway multilayer model
with the diseases and genes’ layers. This adjustment was done by
implementing the two main functions addGenesLayer() and addDisea-
sesLayer(). This enables the user to automate genes and diseases’ map-
ping from the databases KEGG Genes [14] and OMIM [15] respectively.
With the help of Multipath 2.0 and the newly implemented functions,
additional nodes are added to the model, and the relevant interactions
are extracted from various databases and integrated as edges in the
mully graph.

The contribution of several R Packages allows the release of this
Multipath adjustment. The packages were utilized for implementing the
main wrapper functions addGenesLayer() and addDiseaseLayer(), and
further required ones. In the initial release, the package rBiopaxParser
was used to parse BioPAX encoded files, and the packages queryup [16]
and dbparser [17] to acquire information respectively on proteins from
UniProtKB and drugs from DrugBank. Further additional packages are
added to the list of dependencies in this version. The R packages
KEGGRest [18] and romim [19] were used to query the databases KEGG
Genes and OMIM respectively. Furthermore, KEGGGraph [20] was used
to map gene IDs to KEGG IDs, and XML [21], XML2R [22], and xm]2
[23] to parse the returned result of the query to the OMIM database.

For the scope of this article, the Wnt Signaling pathway is used to
demonstrate the abilities of the Multipath R Package. The Wnt signaling
pathway is an ancient and evolutionarily conserved pathway that reg-
ulates crucial aspects of cell fate determination, cell migration, cell
polarity, neural patterning, and organogenesis during embryonic
development [24]. The multilayered model of the Signaling by Wnt
pathway (BioPAX level 3) [25] from the Reactome Database was again
used in this version of the package to demonstrate its usage.

Results
KEGG genes

KEGG is a database that combines genomic knowledge with higher-
order functional information. It involves linking genes in the genome to
a network of interacting molecules in the cell. KEGG comprises a set of
databases with several focuses, one of which is called KEGG Genes.
KEGG Genes is a database that provides information on the functions
and pathways of genes from various organisms, which can be useful for
understanding biological processes and diseases [14]. For the scope of
this article, KEGG Genes database is used as the main source of infor-
mation on genes.

The genes that are translated to the proteins in the original pathway
model are identified after creating the mully graph. To do so, a series of
functions must be executed (Fig. 1). The external IDs of the proteins on
the protein layer are extracted using the function getExternalIDs() which
was integrated in the main function getRelatedGenes() for this specific
action. The latter also calls the function getUPKBInfo() to find the KEGG
genes that are present as a cross reference for the protein IDs in the
UniProtKB database. Afterwards, we incorporated the retrieved genes
into the function getKEGGtoDatabase() to verify if the genes in the KEGG
Genes database have references to UniProtKB. Then, we compared the
two obtained dataframes and merged them together using the new
function getKEGGUPKBRelations().

A dataframe is an R data structure format used to store data of any
type in a tabular two-dimensional manner. After establishing the data-
frame containing all proteins and genes of interest, we proceeded by
adding a new gene layer called “KEGGGENES” containing the gene
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Step 1: Add KEGGGENES Layer

I\/IF addGeneslayer (g,biopax)

Add a KEGGGENES layer to an existing mully
graph. A pathway mully graph is required to apply
the following functions and should contain a
protein layer. The user can download a BioPAX file
from Reactome and transform it to a mully graph.
The function uses the following function to fetch
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Step 2: Get genes-proteins relations

P/IP getKeggUpkbRelations(g,biopax)

Get the relation between the entries from the
databases UniProtkB and KEGG Genes. This is
performed in two steps, namely by getting the
mappings from KEGG to UniProt and vice-verca.
Only entries found in both are merged. A
dataframe is returned.

the needed information to build the layer, then
adds it alongside the nodes and edges to the
returned mully graph..

Step 4:Get Mappings from KEGG Genes to UniProtkB

—IVIF getKEGGtoDATABASE(" UniProt” geneList)

Get mappings of genes to UniProt protein entries
from the database KEGG Genes. This function
calls 3 functions to retrieve gene entries from
KEGG Genes, their interactions then filters the
protein-gene ones. A dataframe is returned.

4.1 +]\’IF

Query the KEGG Database to fetch all related
information concerning a list of genes of interest.
A dataframe genesKegg is returned.

Getall ross-references [ 42 ->]VIP

Query the KEGG database to fetch all cross-
reference of the genes in the dataframe
genesKegg to all external databases. A
dataframe interactions s returned.

43 ,I\/[ﬁ

Simplify the returned dataframe interactions to a
one that contains four columns: gene KEGG ID,
external DB ID, external DB name, and organism.
A new dataframe sInteractions is returned.

Retrieve gene entries

from KEGG Genes getKeggGene(genelist)

interactionkegg(geneskegg)

Simplify nteractions simplifylnteractionsfinteractions)

Step 3: Get Related Genes

Get all gene entries that are translated to the
proteins present on the protein layer of a mully

graph from UniProtKB. A dataframe is returned.
To perform this, two functions are called.

31 +l\fIF

Retrieve External IDs of the list of proteins.
External IDs are the IDs used in a given database
DB, e.g. Q9BQB4 in UniProtkB. Internal IDs are
used in a biopax object to index entities, e.g.
protein1, protein2, ...

getRelatedGenes(g,biopax)

Retrieve the

e getExternallDs{biopax,proteins)

Map proteins to 3.2»1"[9 getUPKBInfo{up,extiDs, "xref_kegg")
Cross-reference the external IDs of the proteins
o UniProtkB to retrieve the available mappings
to KEGG Genes.

Fig. 1. KEGG Genes Workflow Diagram. The Diagram shows the steps to fetch information on genes from KEGG Genes using Multipath and the R Package
KEGGREST with the help of the R Package queryup. The diagram also shows how each wrapper function works and what the needed arguments are.

information retrieved, which we were able to identify through the
protein IDs present in the protein layer. Afterwards, we added each gene
ID as a node on the KEGGGENES layer. Finally, the edges which connect
the gene with its respective protein were then added one at a time
(Fig. 1).

To perform this and benefit from all the aforementioned functions, it
is essential to provide the function addGenesLayer() with a heretofore
parsed BioPAX object and its corresponding graph g, containing a pro-
tein layer.

Get Corresponding Diseases

I"IF getUPKBRelatedDiseases (g,biopax)

OMIM

The N Mendelian Inheritance in Man (OMIM) database is a
comprehensive and authoritative compendium of human genes and
genetic disorders. OMIM provides detailed information on genes, ge-
netic disorders, and their phenotypic manifestations, as well as links to
relevant literature and other resources [15]. The OMIM database is used
as the main source for diseases that could be potentially related to genes
and proteins.

Two different approaches exist that allow the identification of

From UniProtkB, get all OMIM entries which are
associated with proteins present on the protein
layer of the given mully graph. A dataframe is

returned.

mully Graph with an Existing Proteins Layer

Get Genes and Diseases’ Interactions

Starting with a mully graph, protein IDs of P’Iﬁ
nodes present on the protein layer are
extracted and used to retrieve gene and

disease mappings. entries found in both.

Get Corresponding Genes

getlayer(g,"KEGGGenes")Sid Mﬁ

getKeggOmimRelation (g,biopax)

Get the interactions between genes and diseases from KEGG Genes and OMIM. Two functions are called that
return dataframes with unidirectional mappings (OMIM to KEGG and vice-versa). A dataframe is returned with

Map OMIM IDs to KEGG Genes Entries

MP addDiseaselayer (g biopax)

Add a disease layer “OMIM” to a
mully graph. A new layer is added
with the mapped OMIM entries as
nodes, their relations to the
proteins on the protein layer or
genes on the gene layer as edges,

Add Disease Layer, Nodes and Edges

getkEGGoOMIM (geneList)

Extract gene ID list from the existing
gene layer in the given mully graph.
Map KEGG Genes IDs to OMIM Entries

P’IF getOMIMTOKEGG (OMIMids)

Get all genes entries that are associated with the
given list of OMIM disease entries from the

Get all OMIM disease entries that are associated
with the given list of gene entries from KEGG
Genes. A dataframe is returned, from which the
OMIM IDs are extracted.

Merge Mappings
Both returned dataframes are then

merged to obtain relationships from
both databases.

and further information as
attributes.

OMIM database. A dataframe is returned.

Fig. 2. OMIM Workflow Diagram. The Diagram shows the steps to fetch information on diseases from OMIM using Multipath and the R Package romim with the
help of other packages including queryup, KEGGRest and KEGGgraph. The diagram shows the two possible approaches, approach 1 following the blue arrows, and
approach 2 following the green arrows. The green arrow follows the function getKeggOmimRelation() with its underlying sub-functions.
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diseases associated with a pathway of interest, namely through the
proteins or the genes that are involved in this pathway. The first method
is to directly find the diseases that are associated with the proteins,
whereas the second method would be to find the diseases that are
directly related to genes (Fig. 2).

First approach

To identify the diseases that are known to be associated with pro-
teins, all proteins were extracted from the mully graph. This was done by
calling the function getUPKBRelatedDiseases() which extracts the
external IDs of the proteins from the protein layer and feeds the entries
as a list into the function getUPKBInfo(), returning a dataframe con-
taining OMIM IDs that are related to proteins. These OMIM IDs represent
diseases that are available in the OMIM database. Then, a new disease
layer called “OMIM” is added to the existing mully graph, to which each
OMIM ID is added as a node.

Second approach

Moreover, finding diseases could also be accomplished when a gene
layer exists on the mully graph using the function getKeggOmimRelation
Q. Firstly, gene IDs are extracted from the pathway mully graph as a list
by calling the function getLayer(g,"KEGGGenes")$id. The gene list is
passed to the function getKEGGtoOMIM() which queries the KEGG
Genes database to identify genes that have a cross reference to OMIM
and returns a dataframe. The returned OMIM IDs are then passed to the
function getOMIMtoKEGG() which returns a dataframe containing
OMIM and KEGGGENE IDs. Both returned dataframe are then joined and
merged into one. Finally, we add the diseases’ layer called “OMIM” and
all the OMIM IDs as nodes into this layer (Fig. 2).

Discussion
The new Wnt signaling pathway model

In the previous release of Multipath, we used the Wnt signaling
pathway to demonstrate the usage of the package. We decided to reuse
the same pathway also in this paper to showcase the differences and
updates to the model. To create the model, the same code from our last
paper was used and updated to add the two additional layers to the
graph using the newly implemented functions.

The following script (Fig. 3) was used to create the new Signaling by
Wnt multilayer model. the script from the original release can also be
used to add a drug layer.

The function pathway2Mully() transforms the pathway parsed in the
BioPAX object into mully graphs. The functions addGenesLayer() and

downloadPathway("R-HSA-195721" biopax=3)
wntBiopax=readBiopax("R-HSA-195721.owl")
pathwaylD=listPathways(wntBiopax)5id[ 1]
wntmully=pathway2Mully(wntBiopax,pathwayID)
romim::set_key('KEY")

wntmully=addGenesLayer(wntmully,wntBiopax)
wntmully=addDiseaseLayer(wntmully,wntBiopax)

plot3d(wntmully)

Fig. 3. Model creation script. The script to generate and plot the Signaling by
Wnt Pathway model with the genes and diseases layer.
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addDiseaseLayer() find the respective genes and diseases for the Wnt
Pathway and create the new layers. To plot the graph, we used the
function plot3d() from the mully package.

With the help of the new functions in Multipath 2.0, it becomes
possible to add the new genes and diseases’ layer and re-plot the mully
graph of the Signaling by Wnt pathway. The original model is seen in
Fig. 4(a), and the new in Fig. 4(b). Fig. 4(a) shows the initial model of
the given pathway using the functionalities of Multipath 1.0. The graph
contains 6 layers derived from the BioPAX level 3 file of the Signaling by
Wnt pathway. As shown in the script (Fig. 3), we used the newly
implemented functions addGenesLayer() and addDiseaseLayer() to add
two additional layers, namely the disease (OMIM Layer in green) and
genes’ (KEGGGenes Layer in purple) layers. In contrast to the first
model, the graph now contains 8 layers, 864 nodes and 1245 edges. The
additional nodes constitute the diseases and genes’ entries retrieved
from OMIM and KEGG Genes respectively. The interactions are subse-
quently retrieved jointly from UniProtKB, OMIM, KEGG Genes and the
parsed BioPAX information from Reactome. Hence, the model was
updated with additional 706 edges between the OMIM, KEGGGENES
and Protein layers, making a total of 1245 edges.

Multipath against existing tools

Pathway Commons is a web-based interface that offers a collection of
publicly available pathway data of various organisms. It focuses on
pathway data that is encoded in BioPAX and PSI-MI formats [26]. While
Pathway Commons is one of the widely-used resource to access pathway
information, it differs in its purpose from Multipath. Our package fo-
cuses on integrating multiple database resources that we believe to be
very essential in analysing pathway models. Comparing the Multipath
Signaling by wnt model to the one offered by pathway commons, the
first can include further information influencing the modelled pathway,
such as drug and disease information. This offers a wider coverage of
biological resources, and significantly expands the number of nodes and
edges included in the graph.

On the other hand, tools like Cytoscape [27] are also used by the
research community to model biological and biomedical knowledge.
However, Multipath offers multilayer and layer-based clustering fea-
tures that are currently not available elsewhere. Additionally, data
integration must be performed by the user before employing Cytoscape
to create the intended visualizations.

Advantages and limitations

In addition to the main function addGenesLayer(), users can utilize
several sub-functions that are combined together to create it. These
functions include but are not limited to getKEGGGene() and getKEGG-
toOMIM(), which return a dataframe containing the genes, their refer-
ence to another database (e.g. UniProt or OMIM), and primary
information about the genes that are also available in the KEGG Genes
database. More detailed information about the different sub-functions
and their usage can be found in the Vignette and Reference Manual of
the Multipath R Package as Additional File 1 and 2 respectively.

The two different approaches for mapping diseases to an existing
pathway provide users with full flexibility to decide on the best
approach that fits their needs. Hence, users can choose to map diseases
from either genes or proteins present in a multi-layered graph.

To deal with a multi-layered graph that already contains a protein
layer, users can call the function addDiseaseLayer(g, BioPAX), where g is
the multi-layered graph and BioPAX is a parsed BioPAX object, to add
diseases from proteins. To add diseases from both proteins and genes
simultaneously, we recommend calling the function addDiseaseLayer(g,
BioPAX, addGenesLayer=TRUE). This approach could yield faster re-
sults as it enables a one-time query from KEGG Genes and UniProtKB
databases to map genes and diseases in one step.
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Fig. 4. Updated Signaling by Wnt mully model. The model was built using the BioPAX level 3 Signaling by Wnt from Reactome. (a) The model had initially 6
layers, 311 nodes and 539 edges. (b) After adding the genes and diseases layers, the model reached 8 layers, 864 nodes and 1245 edges.

External factors

In the first release of Multipath, protein information retrieval was
accomplished through the UniProt.ws R Package [28]. However, slow
responses from the UniProt server were encountered multiple times
during the process, with no detection of response speed patterns (i.e.
specific time of the day or the amount of information to be retrieved).
Moreover, this process does not require any memory space. The web
service also recommends querying by using a maximum number of 50
UniProt entries’ IDs in a single query. To address limitations in UniProt.
ws query speed and reliability, we subsitituted the usage of this package
with the queryup, an R package that queries the UniProtKB database
through its REST API. Additionally, we implemented parallel processing
using the future.apply [29] and future [30] R packages to reduce run-
time. UniProt.ws has proven so far slow response speeds, inconsistent or
incomplete responses especially upon high number of user requests, and
limited batch process with 50 IDs per query. Directly interacting with
the web service of UniProt and querying its database majorly solves
these issues. It is optimized for performance and can handle larger
datasets efficiently, querying up to 10,000 IDs at a time. The retrieved
set of results is also more reliable and consistent with the intended
purpose, and offers more flexibility for data format and processing such
as filtering.

Queries to the KEGG Genes database were handled via the R Package
KEGGREST [18]. Compared to UniProt.ws, the KEGGREST package
performed queries at a much faster pace, was however limited to 10
entries per query. To overcome KEGGREST’s 10-ID query limit, we split
input gene lists into chunks and processed them in parallel using
future_lapply(). It is important to mention that using the parallel pro-
cessing feature for smaller lists of genes is time-exhausting. However,
this function insures a smoother interaction with the KEGG server and
allows the user to specify specific chunk sizes. Another R Package called
KEGGgraph was utilized to translate GenelD to KEGGID using the
function getOmimToKEGG(). The OMIM database was queried using the
R Package romim, which provided a fast and direct usage of the OMIM
database API by returning an XML object for every query. To chunk and
extract the necessary information from this XML object, we used the R
packages XML, XML2R, and xml2. However, romim, similar to all other

packages dealing with the OMIM API, requires calling the function
romim::set_key("key’) before performing any disease mapping. This key
is provided exclusively by OMIM via its official website.

Data processing and API related information

The Signaling by Wnt pathway file (4.19 MB) is parsed in 13.11 s and
occupies ~5.01 MB of memory space. The transformation to a mully
graph is conducted in 12.07 s, and the resulted graph’s size is 118.9 KB.
Mapping the genes and creating the gene layer required an approximate
of 2 min and 28 s to finalize. Accordingly, the graph size increased from
121.744 KB to 180.1 KB. Whereas mapping the diseases and creating the
OMIM layer required almost 1 min and 32 s to finalize, taking into
consideration that the graph size increased from 121.744 KB to 179.5
KB. However, the speed might vary depending on several factors such as
the processing speed of the user’s CPU, the internet speed, and the speed
at which the API is returning information.

Future optimization

In general, introducing an internal database or a caching system to
store precomputed pathway graphs, or often request nodes’ information
would contribute to enhancing the performance of Multipath, and
overcoming many challenges such as server request errors, limitations in
the query size, and the response speed. We also plan to introduce more
efficient approaches to query OMIM information, especially using batch
processing.

Conclusions

The Multipath package, which utilizes BioPAX encoded pathway
information, is capable of producing customizable and trackable
multilayered models. Moreover, it can access various knowledge data-
bases such as UniProt, DrugBank, KEGG Genes, and OMIM to incorpo-
rate relevant information into the multilayered graph. This research
paper highlights the novel functionalities of Multipath, including its
ability to construct multilayered models from BioPAX files and integrate
diverse pathway knowledge. To illustrate its capabilities, we employed
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the Signaling by Wnt pathway as an example, added genes and diseases
layers that correspond to the protein entries in the pathway, and
demonstrated a 3D visualization of the pathway model. Furthermore,
the package has proven to be very effective in various fields of
biomedicine, including drug repurposing, and revealing potential ther-
apeutic targets for host-directed antileishmanial therapy [6]. Multipath
is an open-source software that can be downloaded from our GitHub
Repository [31]. The reference manual and the vignette of the package
were added as Additional Files, and the link to the GitHub repository is
provided in the Data Availability Statement.
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