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ABSTRACT OF THE DISSERTATION

Reproducible Analysis of Complex Data & Prediction of Bioactive Natural Compounds

by

Le Zhang

Doctor of Philosophy, Graduate Program in Genetics, Genomics & Bioinformatics
University of California, Riverside, June 2023

Dr. Thomas Girke, Chairperson

This dissertation presents three projects that are described in individual chapters.

The first two projects are about software development for reproducible research involving

big data, and the third project is about large-scale discovery of drug-like natural compounds.

The following briefly summarizes each chapter.

Chapter 1 introduces the general research area of each project. These introduc-

tions focus on the status of the field, current challenges and future needs. At the end of

each project introduction, an overview is given about the specific solutions proposed and

implemented by the research of this dissertation.

Chapter 2 describes the design and development of systemPipeR. This generic soft-

ware environment provides flexible utilities for designing, building and running automated

end-to-end analysis workflows for a wide range of research applications. Important func-

tionalities include a uniform workflow interface across different data analysis applications,

automated report generation, and support for running both R and command-line software,

such as big data analysis tools, on personal computers, HPC clusters, and cloud systems.
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The third chapter introduces systemPipeShiny. This web system extends the sys-

temPipeR workflow environment with a versatile graphical user interface provided by a

Shiny App. It allows non-R users to run many of systemPipeR’s workflow design, control,

and visualization functionalities interactively without requiring command-line knowledge.

It also integrates highly interactive visualization functionalities and a graphics workbench.

Chapter 4 is a large-scale discovery project of bioactive natural compounds. First,

the known structures and annotations of about 0.5 million natural compounds and about

4,000 known drugs were organized in a rational database. Second, the assembled database

was used for virtual screening, where a series of supervised and non-supervised machine

learning methods was applied to predict drug-like natural product candidates. This also

identified drugs that have natural compound alternatives with identical structures and vice

versa. Third, known drug-target annotations were used to systematically identify which

molecular mechanisms and disease processes are perturbable by bioactive natural com-

pounds. This study identified a large panel of new bioactive natural compounds with

interesting applications in human health, including healthy aging and anticancer.
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Chapter 1

Introduction

1.1 Data Analysis Workflows

Data analysis workflows include several computing steps that are chained together

to process the input data in an orderly fashion. Usually, the output of a previous workflow

step becomes the input for the next step. Several data pre- and post-processing steps, as

well as statistical and visualization routines are used in many steps. A typical data analysis

workflow can be summarized by the following general steps (Scott Long, 2009):

1. Assembly and cleaning of data

2. Organization in efficient data structures

3. One or more data processing steps

4. Statistical tests

5. Data visualization

6. Report generation

Data analysis workflows in biology and biomedical sciences often process assay

data collected from high-throughput instruments such as next-generation sequencers, mass
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spectroscopy, cell sorters or plate readers. The initial steps in an analysis workflow in-

volve pre-processing and quality control of the raw data. Next, quantitative and semi-

quantitative analysis steps are performed that determine abundance differences or profiling

of biomolecules (e.g. transcripts, proteins, metabolites). Alternatively, presence or absence

of biological features can be identified in discovery approaches involving genetic variants,

structural changes or other features. Omics studies often aim to assemble complete or partial

genomes, transcriptomes or proteomes. Downstream of these assay-specific analysis steps,

various annotation and enrichment steps are applied that incorporate information from ex-

isting biological databases. To interpret the results, visualization techniques are used for

different workflow steps. Widely used scientific visualization routines include scatter, bar

and box plots, Venn diagrams, volcano plots, heatmaps or genome graphics. Finally, the

results are assembled in scientific reports.

1.2 Workflow Environments

Data analysis workflow environments refer to integrated systems or frameworks

that facilitate the seamless execution of data analysis tasks and provide a structured ap-

proach to handling and processing data (Oinn et al., 2006). These environments typically

serve as control systems of a combination of tools, libraries, and frameworks that are used

in various stages of the data analysis process. Namely, a single workflow is the management

of different data process steps, but a workflow environment is a control system of differ-

ent workflows. The relationship between the workflow environment, workflow, and data
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process step can be understood in the following diagram (Fig. 1.1). Therefore, workflow

environments are high-level management tools built on top of data analysis workflows.

Figure 1.1: Relationship between workflow environment, workflow, and data process step

Data analysis workflow environments are essential because they provide a struc-

tured and organized approach to data analysis. They ensure reproducibility, facilitate col-

laboration, improve efficiency, and address scalability challenges. Researchers can define

a logical and reproducible sequence of tasks through workflow environments, promoting

transparency and enhancing the credibility of scientific findings. Workflow environments

also foster collaboration and knowledge sharing among researchers, enabling simultaneous

work and sharing of workflows, code, and data.

1.2.1 Feature Requirements of Analysis Workflow Environments

Typical bioinformatic workflow environments need to satisfy the following features

(Wratten et al., 2021).
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(1) Automation. Automating data analysis workflows is crucial for efficiency, consistency,

and collaboration. It saves time and effort by standardizing analysis processes and au-

tomating repetitive tasks. This ensures that operations are consistently applied, enhancing

reproducibility and promoting transparency. Automation also enables scalability through

parallel processing and distributed storage for large datasets. Additionally, it reduces the

risk of human error and fosters collaboration and replication by allowing the sharing of

automated workflows, facilitating knowledge exchange and cross-validation of results.

(2) Resource management. To gain meaningful insights from a variety of sources, it is crucial

to analyze different types of data from different data structures in a data analysis workflow.

Researchers can capture various dimensions of information by including numerical, categor-

ical, textual, or temporal data. Different data structures, such as tabular data, hierarchical

data, graphs, or unstructured formats, provide unique representations of information and

require specific analysis techniques. By incorporating these diverse data types and struc-

tures in the workflow environment, researchers can use appropriate analytical methods,

tools, and algorithms to uncover patterns, trends, correlations, and anomalies. Analyzing

different types of data within a data analysis workflow environment enhances the depth and

breadth of insights, enabling researchers to address complex research questions effectively.

(3) Scalability. When it comes to analyzing data, scalability is key. It allows for the handling

of large datasets and resource-intensive analyses. As data continues to grow at an expo-

nential rate, researchers require scalable solutions that can efficiently process and analyze

massive amounts of information. Scalability ensures that the workflow adapts to increasing

data sizes, computational complexity, and user demands, all while maintaining performance
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and accuracy. Utilizing distributed computing, parallel processing, and effective resource

allocation, a scalable workflow environment can tackle the challenges posed by big data.

This empowers researchers to explore complex patterns, derive meaningful insights, and

make data-driven decisions on a larger scale.

(4) Reproducibility. Ensuring reproducibility is crucial in data analysis workflow environ-

ments, especially in scientific research, as it establishes the credibility and dependability of

research findings. Reproducible results allow for independent verification and validation of

analyses, which strengthens the scientific method and maintains the integrity of research

outcomes. By providing a transparent and documented record of data, methodologies, and

analysis workflows, reproducibility allows other researchers to replicate and build upon pre-

vious work, encouraging collaboration and cumulative scientific progress. Reproducibility

also simplifies peer review, allowing experts to evaluate and scrutinize methods and results.

1.2.2 systemPipe Workflow Tools

To address the need for workflow environments that satisfy the requirements listed

above, a set bioinformatic workflow environment software, systemPipe workflow tools, is

implemented in this dissertation. systemPipe workflow tools provide flexible utilities for de-

signing, building, and running automated end-to-end analysis workflows for a wide range of

research applications. The biggest feature of systemPipe tools is its integration of command-

line software with the R/Bioconductor ecosystem in a centralized control system. Other

key features include but are not limited to the reusable/extendable workflow design, re-

producible analysis with parallelization support, and a highly customizable graphical user

interface. Details of this tool are further discussed in Chapter 2 and Chapter 3.
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1.2.3 Comparison of Workflow Environments

Besides the systemPipe workflow tools, other similar works are briefly introduced

here (Table. 1.1). Some famous examples include, Galaxy, an web-based open-source plat-

form for analyzing and visualizing large amounts of biological data, Snakemake, a Python-

based open-source platform for creating and executing reproducible bioinformatics work-

flows, Nextflow, a platform for creating and executing scalable and reproducible bioin-

formatics workflows, and Common Workflow Language (CWL), an open-source language

framework for creating and executing workflows in a portable and scalable manner.

Table 1.1: Comparison of design principles of different workflow management tools

Workflow Environment Design Principles

SystemPipe Integration of code, data, and analysis documenta-
tion. Emphasis on reproducibility and integration to
R ecosystem.

Snakemake Simplicity, scalability, and reproducibility through ex-
plicit rules and dependencies.

Nextflow Scalability, portability, and reproducibility with sup-
port for diverse computing environments.

Galaxy Ease of use, emphasis on its graphical interface, and
comprehensive capturing of analysis processes.

CWL Portability, standardization, and reproducibility
through a platform-agnostic syntax.

1.3 Command-Line Interface

Most workflow management environments are developed with the command-line

interface (CLI). The CLI is a text-based interface that allows users to interact with a

computer program or operating system by typing commands into a terminal or command

prompt. It provides a way to execute commands, run programs, and perform various
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tasks using a series of text-based instructions. To initiate specific actions or operations,

one typically types commands with specific syntax and parameters. CLI is widely used in

software development, system administration, and data analysis workflows, as it provides a

powerful and flexible means of interacting with computer systems and applications through

a textual interface.

1.4 Other Interface Options

While CLI provides a systematic way for users to automate the workflow, however,

operating such tools requires some terminal operation knowledge. Not all researchers have

coding experience. On the other hand, software with a graphic user interface (GUI) is

usually easier to use. GUIs also provide graphical representations of data and results,

making it easier to understand and interpret results. In addition, setting or changing

parameters on a GUI can be as simple as a few mouse clicks, which makes it easier to

control the behavior of the tool. Last but not least, today’s GUIs are usually web-based

applications, which are convenient for multiple users to collaborate on analysis, as users can

simplify communication and sharing of results through the internet.

Therefore, designing a GUI for the workflow manager is necessary to benefit a

broader range of researchers. For the workflow managers mentioned above (Table 1.1), only

Galaxy (Jalili et al., 2020) has native GUI support (GUI developed by the same group that

developed the command-line interface), but does not have native command-line support.

For other platforms, the GUI comes from a third-party developer, such as DolphinNext for

Nextflow (Yukselen et al., 2019), and Sequanix for Snakemake (Desvillechabrol et al., 2018).
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1.5 Features of GUI

Well-designed GUIs are essential for non-expert users. They improve user expe-

rience, increase productivity, and knowledge extraction from data (Fleming, 1998; Bødker,

2021; Tidwell, 2010). To achieve this, they should include the following features. 1) Intu-

itive design: A good GUI should have an intuitive and straightforward design that makes it

easy for users to navigate and find what they need. This includes using clear and consistent

visual elements and using common design patterns and conventions. 2) Ease of use: The

GUI should be easy to use and require minimal training. Users should be able to complete

tasks quickly and efficiently without needing to consult manual or online resources. For

example, To enhance user experience, it is advisable to incorporate frequently used widgets

and styles from popular websites into the new GUI. This will enable users to navigate and

adapt to the new interface easily. 3) Feedback: The GUI should provide users with clear

and meaningful feedback on their actions. This includes visual alerts, error messages, and

confirmation pop-ups that help users understand the outcome of their actions. For example,

if some processes take a long time to complete, suitable messages and progress bars should

inform the user about what to expect. When exceptions happen, users should be informed

of the error message, e.g. in pop-up windows or operation logs. 4)Accessibility: Designers

should also consider the user’s physical abilities or disabilities. This includes ensuring that

the interface is usable with keyboard-only navigation, providing alternative text for images,

and using high-contrast color schemes. 5) Reproducibility: GUIs for data-centric applica-

tions often run heavy data analyses in the background. These applications require multiple

steps and may require long computing time. In order for users to resume an analysis session
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later, repeat certain processes, or transfer results to another platform. It is important that

the GUI supports these reproducible data process features.

1.6 Computational Drug Discovery

Computer-assisted drug discovery (CADD) is one of the essential methods for drug

discovery today. By using the computing power from massive high-performance computing

(HPC) clusters, it has become an effective way to accelerate and economize drug filtering

and discovery (Ou-Yang et al., 2012).

Common use cases of CADD include (Sliwoski et al., 2014; Ou-Yang et al., 2012):

(1) Filter large compound databases to find smaller sets that can be further tested experi-

mentally; (2) Guide the optimization of compounds by calculating properties such as affinity,

metabolism, and kinetics; (3) Designing new compounds; (4) Identification of targets. With

trained models and statistical methods, the protein binding sets are predictable.

1.6.1 Represent Compounds Computationally

Simplified Molecular Input Line System (SMILES, Wiswesser, 1985) is a line no-

tation representation of molecular structure in the form of a string of characters. It is used

to encode the molecular structure of a chemical compound in a machine-readable format.

SMILES provides a way to represent the molecular structure of a compound, in-

cluding its atoms, bonds, and stereochemistry. The representation is based on a set of simple

rules and uses ASCII characters to encode the molecular structure, and it is computer-

readable. The SMILES string for a molecule can be easily translated into a graphical
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representation of its structure, making it a useful tool for chemical informatics and compu-

tational chemistry. However, the way to convert compounds to SMILES varies depending

on the algorithm and version used. For example, some versions ignore the stereochemistry

while others do not. It results in different representations of the same compound in different

databases, which makes it difficult to search across sources.

Later, The International Chemical Identifier (InChI) was introduced (Heller et al.,

2015). InChI describes molecules in terms of the compound layer structure in computer-

readable format– atoms and connected bonds, charge, isotopes, and stereochemistry infor-

mation are described layer by layer. Unlike other formats, InChI provides a unique and

consistent identifier for a chemical compound, regardless of its source or representation,

and can be used for chemical database searching and data exchange.

When a compound is searched in the database, one wants to input as little in-

formation as possible to identify the compound without ambiguity. SMILES can be short,

but it is not unique. InChI provides a unique identifier, but as the complexity of the com-

pound increases, the length of InChI grows rapidly. For example, the InChI for benzene

is “InChI=1S/C6H6/c1-2-4-6-5-3-1/h1-6H”, with 34 characters, but with one carboxylic

group attached to the ring (benzoic acid), the InChI becomes “InChI=1S/C7H6O2/c8-

7(9)6-4-2-1-3-5-6/h1-5H,(H,8,9)”, with 50 characters. One can expect the length of large

molecules can be problematic as search keywords. For example, the InChI for insulin has

2655 characters which is unusable for a database as the index.

Commonly, the hashed version of InChI is used as a database index. It is also

called the InChIKey. It has a fixed length of 27 characters, no matter how complex
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the molecule is. For instance, the InChIKeys for benzene, benzoic acid, and insulin are:

“UHOVQNZJYSORNB-UHFFFAOYSA-N”, “WPYMKLBDIGXBTP-UHFFFAOYSA-N”,

“PBGKTOXHQIOBKM-FHFVDXKLSA-N” respectively. This format is human-unreadable

but friendly to computers due to the fixed length. Unlike InChI, the hashed InChIKey is

not unique, and it has about a 0.014% chance of collision (Pletnev et al. 2012). Overall,

the chance is low, and it is generally safe to use InChIkey as the search keyword. Some

occasional collisions can be manually filtered.

1.6.2 Common Methods to Find Compound Similarity

Compound similarity measures how closely related two chemical compounds are

in terms of their molecular structure and properties. Before any similarity calculation is

applied, compounds need to be standardized to computer-readable formats, such as numeric

numbers. Two major standardization methods that are highly related to this thesis are

discussed below.

The first method is molecular fingerprints (FPs). FP is a binary representation (0,

and 1) of the molecular structure of a chemical compound. Each bit represents a specific

feature of the molecule. For example, FP can be used to describe if a certain substructure

is present in a compound (Fig. 1.2). If it does, the number of that bit is recorded as 1,

otherwise 0. The choice of features to include in a molecular fingerprint will depend on the

specific requirements of the research project and the nature of the data being analyzed. For

example, the substructure key-based fingerprints are used in Molecular ACCess Systems

keys fingerprint (MACCS) and PubChem (PubChemFP), whereas topological path-based

fingerprints are used AtomPairs2DFingerprint (APFP) (Seo et al., 2020).
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Figure 1.2: Example of substructure-based FP conversion. The blues circles indicate a
substructure that can be transformed into FP features. Each row of the table indicates the
FP of each compound.
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To calculate the similarity of FPs, Tanimoto Similarity (TS) is often used (Bajusz

et al., 2015). It describes the ratio of the number of features common to both molecules to

the total number of features.

The calculation can be done as follow:

TA,B =
A ∩B

A+B −A ∩B
(1.1)

Where TA,B is the TS between compound A and B, A and B are the number of features in

each compound respectively.

The second method is physiochemical properties (PPs). PPs are numerical values

that describe the molecular properties of a compound, such as its molecular weight, number

of hydrogen bond donors, and polar surface area (Table. 1.2). The similarity calculation

can be done on the matrix-like data structure, where compounds are represented by rows

and PPs are presented as columns.

Table 1.2: Example of a PP matrix

ID
Molecular

Weight

Polarity

Index

Surface

Area

Property

XXX

cmp1 150 5 202 . . .

cmp2 233 −2 345 . . .

cmp . . . . . . . . . . . . . . .

The simplest way to obtain similarities of PPs between two compounds is by

calculating the Euclidean Similarity (ES) (Liberti et al., 2014).

ESA,B =
1

1 +
√∑n

i=1(Ai −Bi)2
(1.2)
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Where ESA,B is the ES between compound A and B,
√∑n

i=1(Ai −Bi)2 is distance between

A and B given n properties.

1.7 Natural Products

Natural products (NPs) are substances produced by living organisms, including

plants, animals, fungi, and bacteria. NPs have a wide range of chemical structures, from

simple compounds like sugars and amino acids to complex compounds like alkaloids and

polyketides (Harvey, 2008). In addition, NPs have been used for centuries as traditional

medicines (Che et al., 2016), and they continue to be important sources for developing new

drugs for treating a variety of diseases. NPs are highly related to the food and agriculture

industries. For example, spices, essential oils, flavors, and pigments extracted from plants

can be used as food additives (González-Manzano and Dueñas, 2021). Pesticides and herbi-

cides derived from NPs are often considered safer and more environmentally friendly than

synthetic alternatives (Yan et al., 2018).

When a subset of NPs exhibit specific biological activities or pharmacological

effects, they become bioactive natural products (BNPs). These compounds can interact

with various biological targets in the human body, such as proteins, enzymes, receptors, or

DNA, and modify their function. Similar to NPs, BNPs have a broad range of therapeutic

properties (Colegate and Molyneux, 2007).
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1.7.1 Opportunities Provided by BNPs

First, nature has carefully chosen BNPs through evolutionary processes to interact

with biological targets and modify particular pathways or processes. Consequently, they

usually have strong and specific activity against their intended targets, making BNPs de-

sirable starting points for drug discovery initiatives (Berdy and Kertesz, 1989). BNPs also

offer the potential for identifying new therapeutic targets and mechanism of action (MOA),

thereby expanding the options for drug development and improving treatment strategies

(Li and Lou, 2018). In fact, BNPs are a major source for today’s drug selection. BNPs

and BNP derivatives made up most of the drugs approved by the U.S. Food and Drug

Administration (FDA) before 2000 (Sneader 1997).

Next, BNPs can be used for healthy diet guidance, including their incorporation

as dietary supplements. Valuable essential nutrients, including vitamins, minerals, and

other bioactive compounds, are enriched in BNP-containing sources. Consuming diets or

food supplements enriched with BNPs instead of generic NPs, we can target specific health

concerns and optimize the nutritional value of our diets for certain health concerns or

medical condition treatments more easily (Weymouth-Wilson, 1997).

Moreover, BNPs are often safer options for long-term use in disease prevention

strategies compared to many synthetic compounds. They have evolved in natural systems

and tend to have lower toxicity levels (Qian et al., 2010), which makes them well-tolerated

by the human body and reduces the risk of adverse effects. This property makes BNPs

the great generally favorable for chronic disease prevention, such as neurological diseases or

cardiovascular diseases.
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1.7.2 Major Natural Product Databases

There are many NP databases available. Some of them are open-access, and some

of them are commercially available. Famous open-access NP databases are Super Natural II

(Banerjee et al., 2014), ChEBI (Wohlgemuth et al., 2010), and 3DMET (Maeda and Kondo,

2013). Examples of commercial databases are Chemical Abstracts Service (Gabrielson,

2018), Berdy’s Bioactive Natural Products Database (Berdy and Kertesz, 1989), and Reaxys

(Reaxys, 2023). In recent years some aggregation databases (super collections of other

databases together) have been created, such as COCONUT (Sorokina and Steinbeck, 2020)

and Natural Products Atlas 2.0 (van Santen et al., 2022).

1.7.3 Challenges of Analyzing BNPs

Despite the many opportunities and resources available for NPs and BNPs, this

field still has challenges. One of the biggest challenges is the low annotation rate. While

many NP databases have well-characterized NPs’ chemical and structural properties, few

describe the bioactivities of BNPs, including protein targets, MOAs, pathways, and more

(Lachance et al., 2012). Identifying specific biological activities requires extensive experi-

mental validation and the integration of data from a variety of sources.

One of the good approaches to utilizing low-annotated NPs in drug discovery is to

search for NPs that are similar to existing drugs. Some researchers have already conducted

studies on this. For example, some researchers compared natural products with existing

drugs iin vitro to identify potential antibacterial drugs and anti-mitotic drugs (Ayon, 2023;
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Mazzio et al., 2014), while others screened for anticancer drugs from NPs in in silico (van

Leeuwen et al., 2022).

However, a major drawback of these studies is that they often focus on specific

areas, leaving many potential therapeutic areas unexplored. This limited scope makes it dif-

ficult to analyze and identify BNPs that could be drug-linked candidates comprehensively.

Additionally, the absence of a centralized and comprehensive database hinders researchers

from accessing relevant information, comparing results, and identifying potential leads for

drug development. To address this issue, there is a need for collaborative efforts to estab-

lish large-scale screening initiatives and comprehensive databases that encompass a wider

range of therapeutic areas, facilitating the discovery of novel drug alternatives from natural

products. Such initiatives would provide valuable insights and accelerate the identification

of promising candidates for various diseases and conditions. Other insights into challenges

are discussed in Chapter 4.

1.7.4 Objectives

Considering the opportunities and challenges NP presents, Chapter 4 presents a

comprehensive analysis of NPs through machine learning-based approaches. The aim is to

identify potential drug-like BNP candidates. The specific objectives are outlined below.

1. Conduct computational screening of large-scale drug alternative BNP candidates.

2. Utilize more robust and reasonable methods, such as machine-learning-based algo-

rithms, to screen potential BNP candidates instead of using a fixed threshold.
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3. Investigate the reasons why some of the drugs can be found with drug-like BNP

candidates while some others cannot. Explore the functional and structural differences

between these compounds.

4. Establish connections between drugs and their corresponding BNP candidates to elu-

cidate the unknown bioactivities of BNPs, including their biological functions, path-

ways, and protein targets.

5. Demonstrate the value of the annotated BNP candidate set through various biomedical

and drug discovery applications. Examples include providing dietary recommenda-

tions for longevity-promoting diets and identifying potential BNP-containing organ-

isms for screening alternative anticancer drugs.

1.8 Organization of Dissertation

The following chapters present the research projects of this dissertation. The

first project is about the development of a generic data analysis workflow environment

for reproducible research. The second project extends the workflow environment with an

interactive GUI. The third project is a large-scale discovery study of drug-like natural

compounds.
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Chapter 2

systemPipeR: Workflow and

Visualization Toolkit

2.1 Abstract

The systemPipeR software, developed by this project, establishes a versatile en-

vironment for designing, building and running end-to-end analysis workflows on local ma-

chines, HPC clusters, and cloud systems while generating at the same time publication

quality analysis reports. Pre-configured workflow templates are provided for a wide range

of omics applications. The package offers sufficient flexibility to choose for each step in a

workflow the optimal R or command-line software, customize workflows and design entirely

new ones while taking advantage of community S4 classes of the Bioconductor ecosystem.

Thus, it serves as a federation hub for integrating both R and command-line based software,

that makes efficient use of existing software without limiting users to tools from a single
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community project. It has been designed to improve the reproducibility of large-scale data

analysis projects, while substantially reducing the time it takes to analyze complex omics

data sets. Recently developed improvements include the following enhancement. First,

the Common Workflow Language (CWL) has been integrated for defining and executing

workflows. Second, a graphical workflow management interface has been added allowing

users to visualize workflow designs in different graphical layouts, and to monitor their run

status while tracking all metadata associated with a project. Third, detailed scientific and

technical reports are now automatically generated during workflow runs. Fourth, a work-

flow control class (S4) has been added allowing users to execute single or any number of

complex workflow steps with a single command. Fifth, a Shiny interface has been created

to support interactive graphics in workflow reports.

2.2 Introduction

Rapid technological advances have led to large-scale and high-throughput data

generation, transforming biological science research. These phenomena associated with

the heterogeneous and complex nature of biological data require the development of an

extensive ecosystem of specialized applications (Goodwin et al. 2016). Frequently, multiple

single applications are required to be combined in multi-steps analysis to extract meaningful

knowledge from the data. The integration of multi-steps, combining various applications

with a specific set of configurations, is usually called computational workflows or pipelines.

Typically, each step requires one or more command-line tools, a set of specific inputs, and
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outfiles definition, which can be used in the downstream analysis stage, besides particular

configurations settings and/or computing resources for each step.

Low-level details in computational biology, such as raw data, algorithms, scripts,

and parameters used, associated with the description of the procedures, are essential to

inspect any research’s findings. Reproducibility, which allows finding the same results given

the same initial data set and parameters configurations (Wratten et al. 2021), is crucial to

improving research reliability and promoting scientific advancement. For example, sharing

the methodology description associated with raw data is not sufficient to make the repro-

ducible research (Hothorn and Leisch, 2011) because a minor modification in the software

or reference annotation version, or a different set of parameters can alter the results signif-

icantly. Therefore, the computational protocols should be easy to access, not demand high

programming skills, and in a readable format, improving access to the intermediate and

final results for any researcher. To promote reproducible research is necessary to deliver

the software environment, computing code, and data with the publication to allow others

to recreate the study and achieve the same conclusions (Hicks and Peng, 2019).

To address the requirement of design and creation, data management (input and

outfiles), and environment execution of the multi-step, many workflow management systems

(WMS) have been developed. For example, applications like Taverna (Wolstencroft et al.,

2013), Pegasus (Deelman et al., 2015), and Galaxy (Afgan et al., 2018) offer integration of

web services and local resources to create, manage, and execution of workflows. In addition,

domain-specific languages like Nextflow (Di Tommaso et al., 2017) (written in Groovy - a

scripting language for the Java Virtual Machine), Snakemake (Köster and Rahmann, 2012
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(Python), Workflow Description Language (WDL) (www.openwdl.org/), Common Work-

flow Language (CWL) Amstutz et al. 2016) (YAML and/or JSON) aim to simplify the

creating of complex and common analysis pipelines and present specific strengths and ben-

efits for particulars goal or individual preferences (Reiter et al., 2021). Each system differs in

the implementation, target audience, and learning curve but ultimately attempts to simplify

standard bioinformatics analyses.

While many workflow management resources exist for various data analysis pro-

gramming languages, only insufficient general-purpose workflow solutions are currently

available for the popular R programming language. R and the affiliated Bioconductor

environment provide many widely used tools with a large user base in this area (Huber

et al., 2015a). Thus, a workflow framework for generic applications from within R will

benefit experimental and computational scientists using R for omics data analysis.

Previously, an early version of systemPipeR was presented for building and run-

ning workflows focused on NGS applications with support for integrating a wide array of

command-line and R/Bioconductor software. Previous versions implemented an ad-hoc so-

lution for the command-line software by adding the arguments settings in a tabular param

file (H Backman and Girke, 2016a). This implementation had several limitations that were

addressed in the new development, for example: (i) using a domain-specific language for

describing the command-line tools/software; (ii) workflow execution monitoring; (iii) a web

interface to support non-expert users who are not familiar with data analysis programming

environments like R. This chapter presents the new infrastructure of systemPipeR, high-
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lighting the new developments for modular design, building, execution of the workflows,

and features of reusability and reproducibility of data analysis.

2.3 Methods

2.3.1 Overview

The software systemPipeR is implemented as an open-source Bioconductor (Gen-

tleman et al., 2004; Huber et al., 2015a) package, using R’s programming language (R Core

Team, 2021). Its integration with the Bioconductor project promotes the re-usability of

genomics software components efficiently using many of the existing packages that are well

tested and widely used by the community. systemPipeR new workflow management control

allows integrating individual command-line tools and R-based code in a unique instance,

connecting the data analysis steps, and coordinating the input and expected outfiles for

each step in a robust and efficient manner (Fig. 2.1A-B).

The associate data package provides direct access to the pre-configurated workflow

and demo data sets to test all the available features quickly. All the packages and templates

are available for all the common operating systems, followed by complete documentation

and template examples. Third-party command-line software can be used in any workflow

analysis, and therefore, if the software is operating system-specific, the workflow execution

may be limited.

To support long-term reproducibility of analysis outcomes, systemPipeR is also

distributed as Docker and Singularity image. Docker and Singularity containers provide an

efficient solution for packaging complex software together with all its system dependencies
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Figure 2.1: Overview of systemPipeR workflows management instances. A) A typical analy-
sis workflow requires multiple single software (red), as well the description of the input data
(green), and the expected outfiles and reports analysis (purple). B) systemPipeR provides
multiple utilities to design and build a workflow, allowing multi-instance, integration of R
code and command-line software, a simple and efficient annotation system, that allows au-
tomatic control of the input and output data, and multiple resources to manage the entire
workflow. c) The execution of the analysis is independent of the design and build, enabling
portability and more meaningful code sharing. systemPipeR provides options to execute a
single step or multi-steps in a compute session environment, enabling scalability, resources
to re-run one or multi-steps, checkpoints, and generation of execution reports that can track
parameters and versions, providing transparency and data provenance.

to ensure it will run the same in the future across different environments, including various

operating systems and cloud-based solutions.

2.3.2 Workflow Design Structure Using SYSargsList

SYSargsList enables easy integration with the Bioconductor ecosystem, which pro-

vides access to a large and diverse number of analysis tools. Furthermore, the S4 class al-

lows interoperability between many different ecosystem tools, presenting several advantages.

First, the usage of generic workflow environment objects and class advances reproducibil-

ity for the users, allowing the integration with the existing R/Bioconductor ecosystem and
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external (third party software/tools). Also, it improves maintainability since it is a formal

object-oriented system with a strict structure, avoiding code duplication and promoting

reusability.

SYSargsList is an S4 class list-like container where each instance stores all the

input/output paths and parameter components required for a particular data analysis

step. SYSargsList instances are generated by two-parameter files for command-line steps

or R code for R-base steps. The connectivity among all workflow steps is achieved by the

SYSargsList workflow control class (Fig. 2.1).

When running pre-configured workflows, the only input the user needs to provide

is the initial targets file containing the paths to the input files (which can be optional) along

with unique sample labels. Subsequent targets instances are created automatically. The

CWL description files provide the parameters required for running command-line software.

SYSargsList class provides a sophisticated container for workflow infrastructure to

design, build, run, monitor, and share workflow analysis. The flexibility of systemPipeR’s

new interface workflow control class is the driving factor behind the use of as many steps

necessary for the analysis, as well as the connection between command-line- or R-based

software. The connectivity among all workflow steps is achieved by the SYSargsList work-

flow control class. This S4 class is a list-like container where each instance stores all the

input/output paths and parameter components required for a particular data analysis step.

SYSargsList instances are generated using as data input targets or yaml files as well as two

cwl parameter files. When running pre-configured workflows, the only input the user needs

25



to provide is the initial target file containing the paths to the input files along with unique

sample labels. Subsequent target instances are created automatically (Fig. 2.2).

A specific analysis in the workflow may involve many tools to achieve one final

result. Therefore, those tools need to be grouped in sub-steps or a nested workflow. system-

PipeR facilitates the designer of those sub-steps, promoting reusability and reproducibility

of workflows (Fig. 2.2A).

systemPipeR design layer is an interoperable software library and is organized in

layers. The first layer (step- layer gray) corresponds to the original tool or R code-based

step. It provides the module with a well-defined interface for input, output, configuration,

and provenance. It performs internally the necessary format conversions at input and output

and storage all the code to be executed. The second one, the workflow layer, provides s a

uniform and stable interface, allowing to plug the components into interoperable workflows.

This layer controls the integration between the steps, as the interdependencies and status

of each step. The configuration allows integration with HPC systems. Also, it enables the

location of each final outputs and the reports (Fig. 2.1C).

2.3.3 Command-Line Software Support

systemPipeR adopted the widely used community standard Common Workflow

Language (CWL) (Amstutz et al., 2016) for describing command-line tools and workflows

in a declarative, generic, and reproducible manner. CWL specifications are text-based files

and can be structured using YAML (https://yaml.org/) syntax. Therefore, the description

files can be easily accessed and are readable. The significant advantage of adopting CWL

as a standard description of command-line tools within systemPipeR is the flexibility of
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Figure 2.2: Example of “Hello World” message using CWL syntax and demonstrating the
connectivity with systemPipeR. (A) This file describes the command-line tool, here using
’echo’ command. (B) This file describes all the parameters variables connected with the tool
specification file. Here the reference value of the input parameter can be specific or can be
filled dynamically, adding a variable that connects with the targets files from systemPipeR.
(C) SYSargsList function provides the ’inputvars’ arguments to build the connectivity be-
tween the CWL description of parameters and the targets files. The argument requires a
named vector where each vector element is required to be defined in the CWL description of
parameters file (B), and the names of the elements are needed to match the column names
defined in the targets file (D).

workflow reusability for different computing environments and workflow frameworks in the

community, improving reproducibility, portability, and shareability between collaborators

and community.

Following the CWL Command Line Tool Description Specification, the basic el-

ements of the CWL tool description are defined in two files. Figure 2.2A-B illustrate the

“hello world” example. The main file contains all the information necessary to build the

command-line that will be executed, specifying the input, expected output files, and argu-

ments for the command-line (Figure 2.2A). The second file is optional yet provides flexibility
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to assign values to parameters required to make the input or output objects when building

the command-line.

2.3.4 Workflow Modularity

systemPipeR presets a modular system, enabling reusability of the entire workflow

for a different data set, and also the reusability of some steps a modular design might be

useful; for example, some command- line tools could be reused in multiple workflows.

2.3.5 Annotation System

Metadata are the descriptions of sampling sites and habitats that provide the con-

text for sequence information. Metadata is of great importance for metagenomic sequence

data for two reasons. First, only by fully describing the samples from which metagenomics

sequences have been obtained can one have any possibility of replicating a study. Samples

from environmental or biological sources can never be fully replicated, but it is impor-

tant that samples be sufficiently well described for an independent researcher to have the

possibility of re-sampling. Second, metadata is essential for the analysis of metagenomic

sequence data. Metagenomic sequence data that lack an environmental context have no

value. Also, systemPipeR makes use of the Bioconductor ecosystem, integrating the target

files with SummarizedExperiment (Morgan et al. 2021). This integration allows efficient

and fast conversion to a SummarizedExperiment object.
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2.3.6 Reports Generation

systemPipeR generates automated analysis reports with Rmarkdown. These mod-

ern reporting environments integrate R code with LaTeX or Markdown. During the evalua-

tion of the R code, reports are dynamically generated in PDF or HTML format. A caching

system allows to re-execute selected workflow reporting steps without repeating unneces-

sary components. This way one can generate reports that resemble a research paper where

user-generated text is combined with analysis results. This includes support for citations,

auto-generated bibliographies, code chunks with syntax highlighting, and inline evaluation

of variables to update text content. Data components in a report such as tables and fig-

ures are updated automatically when rebuilding the document and/or rerunning workflows

partially or entire.

2.3.7 Command-Line Software Support

systemPipeR adopted the widely used community standard Common Workflow

Language (CWL) (Amstutz et al. 2016) for describing parameters analysis workflows in a

generic and reproducible manner. Using this community standard in systemPipeR has many

advantages. For instance, the integration of CWL allows running systemPipeR workflows

from a single specification instance either entirely from within R, from various command-line

wrappers (e.g., cwl-runner) or from other languages (e.g., Bash or Python). systemPipeR

includes support for both command-line and R/Bioconductor software as well as resources

for containerization, parallel evaluations on computer clusters along with the automated

generation of interactive analysis reports. systemPipeR also provides several convenience

29



functions that are useful for designing and debugging workflows, such as a command-line

rendering function to retrieve the exact command-line strings for each data set and pro-

cessing step prior to running a command-line.

2.3.8 Visualization

systemPipeShiny package has been added that allows users to design workflows in

an interactive graphical user interface (GUI). This allows non-R users, such as experimental-

ists, to run many systemPipeR’s workflow designs, control, and visualization functionalities

interactively without requiring knowledge of R. Most importantly, systemPipeShiny has

been designed as a general purpose framework for interacting with other R packages in

an intuitive manner. Like most Shiny Apps, systemPipeShiny can be used on both local

computers as well as centralized server-based deployments that can be accessed remotely

as a public web service for using systemPipeR’s functionalities with community and/or

private data. The framework can integrate many core packages from the R/Bioconductor

ecosystem.

2.4 Discussion

The flexibility of systemPipeR’s new interface workflow control class is the driving

factor behind the use of as many steps necessary for the analysis, as well as the connection

between command-line- or R-based software. The core approach for any workflow manage-

ment is organization and effective management of the data, tools, and configuration settings.

systemPipeR controls the workflow through an S4 class called SYSargsList (Fig.2.1).
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Table 2.1: Selected functions categories. The table lists a subset of over 50 methods and
functions defined by systemPipeR. Usage instructions are provided in the corresponding
help pages and vignettes of the package.

Utilities Description

Build Functions to generate templates, build the directory structure and build
SYSargsList workflow control module instances

Execution Executes command-line software and R-code specified in SYSargsList
instances

Visualization Plot visual workflow designs and topologies with different graphical lay-
outs

Report Render Scientific and Technical report based on RMarkdown
Print
Instances

Several functions to return the overview of the workflow control in-
stances, print specific aspects of the workflow components, like the work-
flow steps computational status

Replacement
Methods

Replacement methods of the workflow control instances, replacing spe-
cific aspects of the workflow components and parameters

Export Export a workflow to bash script or RMarkdown file

systemPipeR package offers a series of features to design, build, run, monitor, and

share workflow analysis within R programming and command-line environments. In ad-

dition, the systemPipeR package provides the computational infrastructure to standardize

and streamline data analyses. Key features of systemPipeR include: (i) the workflow man-

agement system provided by the SYSargsList class, an S4 class; (ii) integration with R

code-based and command-line software, using a community standard to describe the work-

flows; (iii) annotation system, with tracking provenance between the multi-steps analysis

and the downstream metadata is automatically controlled by the workflow container; (iv)

extensive visualization capabilities, and integration with shiny apps; and (v) generation of

scientific and technical reports.

Omics data analysis has become more complex, as a result of advantages in se-

quencing technologies, imposing challenges for all the professionals required to analyze the

data. Or that need quick and efficient results to decide the next step in the lab, quick as-

31



sessment of the data, of the research outcome. These scenarios impose a challenge because

the user is required to connect multiple steps, with a large number of samples, replicates,

and in some cases integrate multiple types of data.

The FAIR principles (Wilkinson et al. 2016) establish a guide to enhance the

reusability and support easy access to the data, algorithms, and workflows. systemPipeR

follows the guidelines providing the distribution of the software through the Bioconductor

ecosystem, with the source code and documentation available in GitHub and with a central

landing website. The software is open and broadly accessible from various sources, including

Docker and Singularity containers.

2.5 Conclusion

systemPipeR provides a solution for developing and running dynamic and com-

plex workflow analysis through a flexible framework interface suitable for experimentalist

researchers. The conceptual continuity between the features provided by the systemPipeR

brings different aspects of a single long-term goal, data analysis reproducibility, combined

with easy integration of relevant software analysis from diverse languages and execution in

different sources, leveraging it towards the extraction of knowledge of complex biological

data.
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Chapter 3

systemPipeShiny: Interactive

Framework for Workflow

Management and Data

Visualization

3.1 Abstract

Data analysis has become extremely complex in life sciences, making it increasingly

challenging for non-experts to analyze their data in a competent and time-efficient way while

maintaining sufficient reproducibility. Effective visualization for identifying patterns in large

data sets is another challenge. To address these needs, I introduce systemPipeShiny (SPS )
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as an easy to use and extendable environment for intuitive large-scale data analysis and

visual knowledge discovery.

SPS enables non-expert users to design, customize and execute data analysis work-

flows with intuitive to use drag-and-drop operations. It integrates extensive visualization

functionalities where users can interactively arrange composite figures on a graphics work-

bench. To maximize reproducibility, one can access and record the code used during an

analysis, and auto-generate publication quality reports. I have implemented SPS as a Shiny

app users can run on local systems, cloud services and web servers. To simplify future work-

flow development, I have developed several modularized Shiny extensions for SPS.

3.2 Introduction

The rise of large-scale profiling technologies in life and biomedical sciences has

resulted in the development of a wide range of software tools for analyzing the acquired big

data, including ‌omics data (Lightbody et al., 2019). Efficient analysis of these data requires

assembling a series of software tools into a data analysis workflow comprising various data

processing steps that are executed in a coordinated manner. Assembling and running data

analysis workflows is essential for today’s high throughput data analysis (Stoudt et al., 2021;

Fjukstad and Bongo, 2017) to assure results can be auto-generated fast and are reproducible.

Several workflow management environments are available in most programming languages

commonly used for data analysis (Wratten et al., 2021). Many of them make use of language

agnostic workflow specification standards, such as the Common Workflow Language CWL

(Crusoe et al., 2021) and the Workflow Description Language WDL (Voss et al., 2017), that
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formalize rules for defining workflows. With the resulting higher level of abstraction, one

can separate workflow specification from execution, which boosts workflow portability. Most

workflow management environments use command-line interfaces (CLI) that require some

level of scripting experience. This creates a barrier for non-experts to use these workflows.

Graphical user interfaces (GUIs) eliminate this barrier for non-expert users. Examples of

workflow systems with a GUI include Rabix, Galaxy, and DolphinNext (Kaushik et al.,

2017; Jalili et al., 2020; Yukselen et al., 2019). While these tools are easy to use, they often

lack sufficient flexibility in customizing analysis steps and visualizing results.

In life and biomedical data science areas, the most widely used programming lan-

guages are R, Python, Bash and Java (Russell et al., 2018). Several workflow management

tools implemented in these languages use CWL or WDL to specify workflows. I have devel-

oped the workflow environment systemPipeR (SPR; H Backman and Girke, 2016b) that is

implemented in R and uses CWL for specifying workflows. As a generic and highly flexible

workflow environment, it addresses the analysis needs of life scientists working with large-

scale data. Initially, SPR focused mainly on the analysis of next-generation sequencing

(NGS) data. In recent upgrades, I have extended its usability to a powerful data analysis

workflow and report generation environment suitable for nearly any data type, including

small- and large-scale omics data. Although the new version of SPR is‌ versatile for ana-

lyzing data from a broad range of scientific areas, workflow management in SPR requires

basic command-line and R knowledge. Thus, the addition of a GUI will simplify its usage

for users with limited or no programming experience.
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Several R packages provide GUIs implemented within a web framework, including

Shiny (Chang et al., 2021), Dash (dash.plotly.com), and more recently, Voila

(voila.readthedocs.io). The most widely used web framework for R is Shiny (Jia et al.,

2021). Examples of R applications, including a Shiny-based GUI are START, DEBrowser

and POMAShiny (Nelson et al., 2017; Kucukural et al., 2019; Castellano-Escuder et al.,

2021). Although powerful, native Shiny has various apparent drawbacks. First, Shiny

does not easily scale to larger applications. As a result, they can quickly become complex

and difficult to maintain. Second, for sensitive data, Shiny lacks native functionalities for

administering authentication and security. Third, standard Shiny apps hide the analysis

source code from users, hampering the required transparency to understand the details

of an analysis and reproduce the results. Fourth, modifications to the source code of an

application, no matter how trivial they are, require redeployment of the entire Shiny app,

which can be disruptive and time-consuming.

To address the need of extending SPR with a versatile GUI and overcome short-

comings observed in other Shiny-based applications, I have developed the systemPipeShiny

(SPS ) framework. SPS is a user-friendly web application for managing data analysis work-

flows, visualizing downstream results, and processing figures to generate publication quality

graphs within the same application. SPS is a one-stop solution for workflow design and

execution, and visualization (Fig. 3.1). I accomplished this by developing a series of Shiny

extensions that enhance both user experience and maintainability of SPS.
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Figure 3.1: SPS Design Overview. (A). Module categories in SPS, including workflow
management, data visualization and image processing. (B) Customization features allowing
users to personalize content, appearance, and other components. (C) Extensions to Shiny to
improve user experience and software management. (D) Functionalities to export data. (E)
Add-on packages published on CRAN providing visualization tools and supporting future
SPS development.

3.3 Materials and Methods

3.3.1 Overview

I implemented SPS mainly in R with JavaScript and SQL extensions (Fig. 3.10).

The software is available as a free open-source package on Bioconductor (Huber et al.,

2015b). Throughout the environment, I have applied modular design principles. This com-

prises Functional Modules accessible via the user interface (UI) and the use of the Shiny

Module system on the backend. This modularity makes the software highly customizable

and extendable. The following describes the three main Functional Modules of SPS in-

cluding workflow, data visualization, and image processing modules. Users can access the

individual Functional Modules via dedicated dashboard tabs (Fig. 3.5B). For clarity, I
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structured the content of the individual dashboard tabs consistently, including expandable

help sections, images and links to other resources, followed by an interactive step-by-step

guide.

3.3.2 Workflow Module

The Workflow Module extends SPR’s command-line interface with a GUI. It en-

ables users to design, run and visualize data analysis workflows interactively. Step-by-step

instructions guide users through six configuration steps where each has its own sub-page

(3.2). Throughout the process, the environment displays the analysis options and execution

status of each step with illustrations and color codes, respectively. The following outlines

each step.

1. Setup. Users have three options to initialize workflows. First, they can select pre-

configured NGS workflow templates, including variant detection (Var-Seq), transcriptional

profiling (RNA-Seq), ribosome profiling (Ribo-Seq), and chromatin immunoprecipitation

(ChIP-Seq). Second, they can upload custom workflow templates. Third, they can generate

workflows from scratch using SPS. After making a selection, SPS creates a workflow project

environment, where it stores all subsequent data and result files.

2. Metadata. Users can specify information about samples, experimental design and file

locations in a targets table (Fig. 3.2.2) that corresponds to the sample and metadata slots

of Bioconductor’s widely used SummarizedExperiments object. SPS allows to upload the

targets table from a file, or to create it interactively in an online table editor. SPS validates

the format of the targets table and points to potential errors.
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Figure 3.2: Workflow Module. It comprises six steps for configuring, running, and monitor-
ing workflows. Steps 1-2 are for choosing workflows, and configuring samples and metadata.
Step 3 provides access to an interactive viewing and editing tool for workflows where topolo-
gies can be changed by intuitive drag-and-drop actions. Step 4 is optional, allowing expert
users to work with CWL configuration files directly. Step 5 is for initializing workflow runs
or porting them to other systems. Step 6 provides an array of workflow monitoring func-
tionalities. Solid and dashed lines indicate mandatory and optional actions, respectively, as
well as connectivity to other modules.
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3. Topology. A workflow design tool is available for viewing and modifying workflows

interactively (Fig. 3.2.3). This functionality allows users to add, change and delete steps,

or change their order. New steps can be defined by completing a configuration form. New

workflow steps can contain pure R code or steps invoking command-line software. For

pure R steps, SPS provides a code editor, and for command-line steps users can choose

from a collection of pre-configured CWL templates. Interactive modifications to existing

workflow steps are also supported. Common modifications include changes to names of

steps or command-line tools, dependencies, or sample information. To test compatibility,

SPS offers a dry-run option where problems are indicated visually. All topological changes

to a workflow are displayed on the same page in a high-level workflow graph in real-time.

4. CWL. This configuration step is for expert users to modify or create new CWL templates

and test their functionality (Fig. 3.2.4). A CWL template comprises metadata, input and

configuration files. The page has an upload and edit utility for these files. A dry-run option

is available to test and render the corresponding software’s command-line calls.

5. Initialize Run or Download. At this step, users can initialize workflow runs directly from

SPS ’s UI (Fig. 3.2.5). Alternatively, one can download fully pre-configured workflows to

run them later, or port them to other systems, such as local computers, high-performance

clusters, or cloud services (Fig. 1D), and then run them there.

6. Workflow Monitoring. When SPS executes a workflow (Fig. 3.2.6), the UI monitors

the run by displaying detailed information including R and command-line code, locations

of output files such as tables and graphics. In addition, SPS automatically collects run logs

and updates them in short intervals.
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Figure 3.3: Visualization Module of SPS. (A) Display of tabular data. (B) Plot window
with RNA-seq data as an example. (C) Quick ggplot interface. Step-wise illustration
of a common use case: (1) Workflow results are uploaded for visualization. If needed,
common data pre-processing and filtering routines can be applied. (2) Upon confirming the
dataset, different plotting options are available. (3) Most plots are interactive, e.g. mousing
hovering displays values. (4) Numerous customization options are provided, such as styling
of graphical components. (5) The code for generating a plot can be accessed and saved for
reproducibility. (6) Any plot instance can be sent to the Canvas workbench or saved to a
file.

3.3.3 Data Visualization Module

The Data Visualization Module is composed of general plotting utilities. As under

the Workflow Module, this module guides users through three major steps. First, a data

preparation step uploads, displays and filters the data (Fig. 3.3A). Second, users can

visualize their data with multiple types of plots. Examples are given in Fig. 3.6.3-4 and
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Figure 3.4: Canvas Module of SPS. The Canvas Module has two main parts: (1) the
workbench and (2) the image browser. (3) After dragging one or more plot thumbnails to
the Canvas workbench, users can rearrange and edit them as needed. (4) Image annotations
can be added via a text panel. (5) Images can also be imported from local files. (6) Several
menu options are available to change general settings, such as export options, help, and
keyboard shortcuts. (7) Extended image editing options are provided, such as layer opacity.

Fig. 3.7.3. Third, the resulting plots can be fully customized in an interactive refinement

window (Fig. 3.3B-C). If needed, users can choose from a wide range of data transformation

utilities (e.g. normalization) to pre-process their data prior to plotting properly. Several

data validation steps are included to identify a suitable data transformation solution and

avoid the usage of incompatible or incorrectly formatted data. These data validations are

discussed in more detail under the ’Use Case’ section.
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3.3.4 Image Processing Module (Canvas)

The image processing module, or Canvas, is an interactive workbench for arranging

and post-processing one or many plots generated by a workflow in multi-component plots

(Fig. 3.4). There are numerous steps in SPS where users can send their plots to the

Canvas (Fig. 3.3B.6 and 3.3C.6). The resulting snapshots are visible in an image browser

from where they can be dragged to the Canvas workbench. After this, users can organize

their plots in a single view and edit them. Supported image processing operations include

resizing, rotations, and various other editing routines (Fig 3.4.3). Keyboard shortcuts and

grid lines are supported to accelerate these operations and to make them more precise,

respectively (Fig 3.4.3 and 3.4.6). Custom images can also be imported and edited via an

upload functionality (Fig. 3.4.5). Supported image formats include but are not limited to

png, jpg and svg.

3.3.5 Advanced Features

I have developed several administrative features for controlling the general be-

havior of the environment. Developing these functionalities by this project was necessary

because they are not readily available in Shiny. The modular design of SPS makes devel-

oping such custom features relatively straightforward (Table. 3.1).

43



Table 3.1: Important Configuration Options of SPS. The table lists the most important
configuration options of SPS installs. They control the general behavior and visual design
of a deployment.

Option Description Default Value Other
Value

mode running mode “local” “server”

title app title “systemPipeShiny” any
string

title logo app logo to display on browser tab “img/sps small.png” any
path

warning toast show security warnings? TRUE FALSE

login screen add login screen? TRUE FALSE

login theme login screen theme “random” see
manu-
als

use crayon colorful console message? TRUE FALSE

verbose more details for SPS functions? FALSE TRUE

admin page enable admin page? FALSE TRUE

admin url admin page query URL “admin”, any
string

warning toast for internal tests only TRUE FALSE

module wf load workflow module? TRUE FALSE

module rnaseq load RNAseq module? TRUE FALSE

module ggplot load quick ggplot module? TRUE FALSE

tab welcome load welcome tab? TRUE FALSE

tab vs main load custom visualization main tab? TRUE FALSE

tab canvas load Canvas tab? TRUE FALSE

tab about load about tab? TRUE FALSE

note url SPS notification remote URL see manuals any
URL

is demo useful if deploy the app as a demo FALSE TRUE

welcome guide enable the welcome guide? TRUE FALSE

app path hidden, automatically added N.A. N.A.

Install and Validation

During the installation of SPS, several automated validation steps examine the

integrity of the deployment (Fig. 3.9). This includes the availability of dependencies,

proper parameter settings, and functionality of the application database. Problems are
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saved via a dual-logging mechanism and reported to the user along with instructions on

how to correct them, or reset to the default settings. Users can modulate the verbosity

of the install messages. Traditional Shiny applications lack these advanced deployment

features.

Administration

Server-based deployments of Shiny applications allow many users to access the

same web instance. Standard deployments of the free Shiny software lack built-in authen-

tication support. The commercial version supports this feature, but is cost prohibitive for

academic users. Advanced security features for protecting sensitive data are also not avail-

able in the free version. I have developed these essential features in SPS. After activating

them in an administrator console (Fig. 3.8), users are required to log in prior to using a

protected web instance of SPS (Fig 3.8.C-D). The usernames and passwords are encrypted,

and stored in a secure database. An analytics tool (Fig 3.8.A) allows administrators to

access and plot basic statistics about the deployment, such as usage of CPU, RAM, and

storage.

Additional Developer Tools

When the content of a Shiny application changes, a running web instance needs to

be restarted in order to make those changes life for users. To assure timely deployment of

ongoing development or broadcasting documentation changes, a human-readable YAML file

can be used. Any modification made to this file immediately takes effect when re-visiting

SPS without redeployment on the server-side.
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For future development, the environment is structured into four packages, includ-

ing the SPS core package, and three development packages hosted on CRAN: spsComps,

drawer and spsUtil. spsComps is a collection of UI components and server enhancement

utilities for Shiny development. The drawer package is the development platform for SPS ’s

Canvas module. It is a front-end image editing tool that can be used, apart from Shiny,

in static webpage rendering environments, such as Rmarkdown, Bookdown, or Blogdown.

General R utility functions are provided by spsUtil.

3.4 Results and Discussion

3.4.1 Novel Features

SPS provides a user-friendly GUI for designing and running data analysis work-

flows integrated with rich visualization and reporting functionalities (Fig. 3.1A). Users

can control all analysis steps with intuitive mouse actions without requiring knowledge of

command-line syntax (Fig. 3.5B). An important design feature is a tight integration with

systemPipeR as a generic workflow environment. This architecture enhances SPS ’s usability

for a wide range of data analysis areas. Users can choose from pre-configured workflows, edit

them, upload or design new ones. Most other web environments in this area are typically

limited to processing specific data with predefined methods, and are not easily extend-

able to other data types or analysis tools. They lack many important functionalities that

are essential for processing complex data by providing efficient functionalities for workflow

automation, reporting, visualization and re-usability. In SPS, automation saves time and

enhances reproducibility by running complex multi-step analyses from start to finish with-
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out human intervention. Reporting functionalities generate publication-quality documents

containing detailed and reproducible analysis results. Visualization is important for inter-

pretation to translate analysis results into novel findings. Re-usability provides flexibility

to utilize the environment for many different data analysis tasks. While addressing these

user-facing requirements, SPS also provides a series of important features for developers.

This includes robust APIs for most modules, add-on packages for developers, and debug-

ging functionalities. Customization of SPS deployments is possible via an administrative

console. Combined, these advanced features make the environment highly expandable and

maintainable.

3.4.2 Reproducibility

Reproducible data analysis is critical for all scientific areas. I have implemented in

SPS a series of mechanisms to address this need. The most important data reproducibility

features are outlined here. First, the usage of a workflow environment, such as systemPipeR

combined with CWL, supports standardization and automation of complex data analysis

routines. Second, SPS ’s workflow module allows to download fully configured workflows as

an SPR data analysis project (see 5 in Fig. 3.2.5). It contains all relevant analysis code, and

input and output data needed to reproduce a data analysis workflow. If needed, users can

exclude protected data by restricting the download to analysis code. Third, when generating

plots interactively, SPS updates the corresponding R code in the background in real-time,

and users can reveal and download the code upon request. Fourth, similar export and

import options exist for composite plots generated with the Canvas module. Here users can

export composite plots to files in different image formats (Fig. 3.4.6), and if needed reimport
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them back into the main workbench (Fig. 3.4.5). Fifth, exchange routines of complex data

sets with other software are supported by using in SPS widely used data structures of the

Bioconductor ecosystem, such as the Summarized Experiment class (Morgan et al., 2021).

3.4.3 Use Case Examples

Automated Workflow Runs

A typical analysis project in SPS starts with initializing a workflow project and

validating its input data and parameters. These steps are completed interactively under

Steps 1-5 of the Workflow Module (Fig. 3.2). Next, an initialized and validated workflow

can be run from start to finish fully automatically. After successful completion, the results

can be accessed in a project’s result directory or downloaded from an online SPS instance

including a detailed workflow report, as well as raw and processed result and image files.

The Visualization and Canvas Modules can be used to visualize the results interactively

(see below). Warnings and errors are reported on the individual workflow pages and written

to downloadable log files. If an error occurred, users can restart the workflow at the affected

step after addressing the reported problem without repeating successfully completed steps.

A major advantage of running workflows in a Shiny app is the reactivity of the environment.

With this analysis results are not just static snapshots of predefined parameter combina-

tions. Rather they remain modifiable where users can continue to adjust parameters as

needed and update the corresponding tables and plots in real-time without rerunning the

upstream analysis steps or an entire workflow.
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Step-Wise Workflow Runs

If preferred users can run each step of a workflow one by one. Online dialog

instructions provided under each step guide users through this process. The initialization

process of a workflow project is the same as under the automated option above. This

step-by-step mode provides the most control when running workflows for the first time or

optimizing parameters.

Visualizing Workflow Results

The Visualization Module allows users to plot intermediate or final results with a

wide range data visualization routines. Some are mainly useful for certain assay technolo-

gies, while others are applicable to a wide range of data types. For instance, quantitative

assay data from various omics experiments, can be visualized by principal components anal-

ysis (PCA), t-distributed stochastic neighbor embedding (t-SNE), heatmaps, volcano plots,

and more (Fig. 3.6.3-4). Both the underlying data and the resulting plots can be down-

loaded in widely used community data structures and file formats. Moreover, the code for

data processing and generating the plots can be inspected online. If additional plotting and

data visualization utilities are needed, users can take advantage of the quick ggplot func-

tionality included in SPS. It adapts ggplot2, one of the most popular graphic systems in R

(Wickham, 2016), that helps users to generate widely applicable plot types. For example,

this includes generic scatter plots, bar plots, pie charts, and many more (Fig. 3.7). The in-

put for quick ggplot is also generic. Most widely used tabular file types are supported, such

as csv and tsv. An intuitive drag-and-drop interface simplifies common mapping routines
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of data, symbols, colors, font and line types (Fig. 3.7.2). The plotting type is automatically

chosen for the user based on the input data provided, or users can manually choose one

(Fig. 3.7.3). Lastly, users can download the plots in different image formats as well as the

underlying code required to fully reproduce the plots within or outside of SPS (Fig. 3.7.4).

Composite Plots

After generating individual plots with the visualization module, a common need is

to arrange multiple plots in a single view. This can be important for comparing similar plots

or assembling a series of plots to composite images for slide presentations or publication

purposes. The Canvas Module is designed to accomplish this in SPS in an efficient and

user-friendly manner (Fig. 3.4). If any of the individual plots requires revision, one can

update them as needed by revisiting the corresponding workflow step (Fig. 3.5A).

Domain Specific Example: RNA-Seq Data Analysis

This section illustrates the analysis of domain-specific data with SPS, where RNA-

Seq has been chosen as a workflow example. RNA-Seq is an NGS-based omics technology

for profiling mRNA abundance levels in cells, tissues, or entire organisms on a genome-

wide level. It is widely used in many areas of biology, genetics, and biomedical sciences

(Barrett et al., 2013). Due to the complexity and inherent noise of RNA-Seq data, their

analysis can be challenging for non-experts. In SPS, I have made the analysis of RNA-Seq

data straightforward. Only the most important workflow steps are highlighted in this use

case example. A typical RNA-seq analysis workflow includes multiple QC and analysis

steps. This includes the alignment of NGS sequences (reads), read counting, analysis of
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differentially expressed genes (DEGs), and functional enrichment analysis (FEA). The first

two steps involve relatively large data files of NGS reads and alignments, whereas the

resulting read count table is much smaller in size, often by more than two magnitudes. If

a read count table is available, then users can use it directly and skip the alignment and

read counting steps. The alignments can be generated with an RNA-Seq aligner specified

by the user in the workflow and installed on the system running SPS. In this step the user

has to provide the sample names and file paths of the RNA-Seq data, the corresponding

reference genome sequence and annotation. Subsequently, the reads overlapping with gene

regions are quantified with a read counter. After normalizing the RNA-Seq read counts,

DEGs can be identified with statistical methods such as DESeq2 or edgeR. To functionally

interpret the results, the DEG lists are used for FEA. When starting from a pre-generated

read count table, SPS automatically validates the required metadata and raw counts and

then continues with the subsequent steps including normalization and DEG analysis (Fig.

3.6.1-2). After completing the basic steps of an RNA-Seq analysis, users can visualize the

results with a suite of plotting tools useful for RNA-Seq analysis (Fig. 3.6) including PCA,

t-SNE, volcano plots of DEG data, heatmaps of hierarchical clustering results, and more

(Fig. 3.6.3-4). All result files including tables and plots can be exported to the project

directory along with the corresponding analysis code.

Working With Other Community or Custom Workflows

Users can work with custom data analysis workflows designed by themselves or

downloaded from community repositories. For example, if one has used has SPR/SPS data

analysis projects before, workflow templates are included. These templates can be shared

51



with collaborators and the community. Following some simple instructions in the Workflow

module, one can easily load custom workflows back to SPS (Fig. 3.2.1, Fig. 3.11). For

experienced users, setting up an “Empty” workflow allows them to fully customize the

analysis workflow from scratch (Fig. 3.11).

3.5 Conclusions

SPS allows to design and execute data analysis workflows within an intuitive-to-

use GUI. As an extension of the generic SPR workflow management tool, SPS is highly

extensible and flexible for analyzing a wide range of data types with existing or novel meth-

ods. Reproducibility of the data analysis results is enhanced by the usage of automated

workflow concepts that are based on community standards combined with extensive re-

porting functionalities. Rich data visualization functionalities are integrated to help users

interpret results and extract knowledge.
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3.6 Additional Figures

Figure 3.5: SPS Usage Paradigm. (A) Data analysis steps in SPS. A typical data analysis
starts with the Workflow Module where users can design, edit and run workflows. When
using a pre-configured workflow, the design and editing steps are optional. The Visualization
and Image Processing Modules can be used to plot the results and to assemble composite
images, respectively. If needed, users can revise the results by repeating the previous steps.
Source code, image and tabular data are downloadable as individual files or batch archives.
(B) Most functionalities can be accessed by selecting the corresponding icons on SPS’s
welcome page.
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Figure 3.6: RNA-Seq Utilities. (1) When starting from a read count table, the corresponding
tabular file and a sample annotation (targets) information need to be provided as input.
(2) After validating the input, the raw read counts are normalized, and (3) differentially
expressed genes (DEGs) identified. (4) The results can be visualized with different plotting
routines. Subsequently, multiple plots can be post-processed, and a detailed analysis report
generated. Dashed lines indicate optional actions.
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Figure 3.7: Quick ggplot Utility. (1) Uploaded tabular data can be displayed, filtered, and
validated. (2) Table columns to include in a plot can be selected under the first two rows.
(3) The plot type can be chosen from a large collection. (4) Plotting styles can be revised
at the bottom, including legends, shapes, symbols, font size, line width, and color palettes.
The “To canvas” button on the top sends the current plot to SPS’ Canvas module.
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Figure 3.8: Administration & Security Management. (A) Activated analytics features can
be inspected on SPS’ administrator page. (B) If needed, user authentication can be activated
by the administrator of an SPS deployment. When turned on, users are required to provide
their access credentials (username and password) to access a protected SPS instance. (D)
Accessing these features requires administrative permissions.
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Figure 3.9: Flowchart of SPS deployment. During an SPS deployment, a hidden environ-
ment is created that stores configuration information, data, and other components. Default
or custom configuration options are validated. After this, the process split into UI- and
server-specific steps. Next, the different components are assembled into a ready-to-be-
launched Shiny instance.
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Figure 3.10: SPS Architecture. The connectivity of the SPS components is illustrated in a
network diagram. Components that always need to be loaded are indicated by solid lines.
Dashed lines indicate optional components that can be disabled.
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Figure 3.11: Run custom workflows. (1) The existing option on the workflow setup page
allows users to load custom workflows. (2) Path of workflow templates and targets are
required for custom workflows.
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Chapter 4

Large-Scale Prediction of Natural

Product Alternatives for Known

Drugs

4.1 Abstract

Natural products (NPs) have been recognized for their potential to elicit biological

activities upon consumption. This has led to their extensive use in medicinal therapy

development, new drug exploration, and dietary supplement production. Despite their

widespread applications, the majority of NPs still require further research to understand

their properties and effects fully. To bridge this gap, mystudy utilized both supervised

and unsupervised machine learning techniques to establish an association linkage between

approved drugs and large-scale NPs. My screening process analyzed 433,420 NPs against
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3,590 approved drugs and identified 8,480 high-confidence bioactive NP (BNP) alternatives

across 2,228 drugs. These drugs are classified as BNP-substitutable drugs (BSDs). For the

remaining drugs that failed to detect BNPs, I classify them as BNP-unsubstitutable drugs

(BUDs). I explored the chemical and structural characteristics of BUDs and found out

amine groups played an important role in distinguishing BUDs, BSDs, and NPs. It then

led to the construction of high-accurate prediction models to classify the compound type.

Further annotations of the BNPs with functional, safety, source, and dietary supplement

product information were also carried out. To demonstrate the use cases of my selected

BNPs, I focused on their application in the longevity and anticancer categories. Through

alternative sources, I illustrated how my findings could be helpful in identifying potential

longevity-promoting and anticancer organisms, diets, and dietary supplements. I firmly

believe that the information provided in this research can be incredibly beneficial in terms

of providing valuable health recommendations for longevity and aiding in the discovery of

vital anticancer drugs. Overall, my study yields valuable information on the potential for

NPs to elicit biological effects, paving the way for their application in medicinal therapy

development and new drug discovery. The annotated information derived from this study

stands as a valuable resource for future research in this area.

4.2 Introdcution

Natural products (NPs) are compounds produced by living organisms. When some

of NPs exhibit specific biological activities, they are classified as bioactive NPs (BNPs).

There are various applications of BNPs (Sorokina and Steinbeck 2020). One direct applica-
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tion is to apply NPs as medicine through topical or oral use. Another primary application

of NPs is new drug discovery. NPs or NP derivatives made up more than 80% of all drugs

approved by the U.S. Food and Drug Administration (FDA) before 2000 (Sneader 1997)

and currently make up more than 50% of the approved drugs on the market (Kingston

2011). However, using NPs as putative therapies is not limited to drug screening. NPs may

have biological effects if consumed from dietary sources and researching the value of daily

consumption of NPs in diet is of great interest (Atanasov et al. 2015).

Using NPs for medicinal purposes has a long history, starting with Traditional

Chinese Medicine (TCM) and Indian Ayurveda (Patwardhan et al. 2005). Even though

there is limited scientific evidence supporting these practices, there is a large population of

people who use them as dietary guides to decipher the sources of NPs in order to obtain

a specific biological effect or treat various ailments(Normile 2003). For example, NPs in

garlic reduce the occurrence of cancer (Lau et al. 1990; Almatroodi et al. 2019; Dorant et al.

1993) while green tea not only decreases cancer prevalence but also (Yu et al. 1995; Zhong

et al. 2001) prevents a variety of health problems including stroke, promotes oral health

and reduces inflammation (Narotzki et al. 2012; Kokubo et al. 2013; Chan et al. 1997).

NPs discovered in many of these bioactive organisms can be purified for their therapeutic

benefit. Camptothecin, artemisinin, and ephedrine, for example, are naturally occurring

in Camptotheca acuminata, Artemisia annua, and Ephedra sinica respectively and can be

applied in treating anticancer, malaria, and hypotension (Efferth et al. 2007).

In addition, instead of directly taking NPs as medicines, NPs have come into sight

with another alternative form of dietary supplements in recent decades. A study in 2012
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suggests that more than half of the U.S. population uses some dietary supplement (Marik

and Flemmer 2012). The trend of consuming dietary supplements is growing. The global

dietary supplement market is expected to nearly double from 2016 to 2022 (Lam et al.

2022), whereas the global GDP only grew 12% from 2016-2021 (The World Bank 2022).

There are both advantages and disadvantages to purifying NPs for dietary sup-

plementation. While the isolation process removes compounds that may be important key

ingredients to promote overall health, purification may enhance the efficacy of the com-

pounds by increasing the concentration that can be consumed in a single dose (Ronis et al.

2018). Isolation also enables the study of the effects of specific NPs on the prevention and

treatment of various diseases (Harvey 2008; Kingston 2011; Shen 2015) (Atanasov et al.

2015). For example, Galanthamine, berberine, and mangiferin supplementation may be

beneficial for treating Alzheimer’s and Parkinson’s disease (Bui and Nguyen 2017; Marco

and Carreiras 2006; Ji and Shen 2011; Feng et al. 2019). Further, extraction of multiple

NPs from Chinese medicinal plants is used to treat and prevent osteoporosis, a long-term

progressive bone loss disorder (Che et al. 2016).

Considering the existing value of NP drugs and the urgent need for NPs in the food

supplement market, identifying drug alternative NPs could be a good direction. However,

even though numerous studies have endeavored to research NPs, such as evaluating the

value of NPs (Harvey 2008; Kingston 2011; Shen 2015), collecting available NP resources

as databases (Zeng et al. 2019; Sorokina and Steinbeck 2020; Gaulton et al. 2017; Banerjee

et al. 2014; The Metabolomics Innovation Centre n.d.), mapping one or limited BNPs

as alternatives of drug alternatives (Corrêa et al. 2020; Gonçalves and Romeiro 2019),
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few of these studies conducted a systematic analysis of potential drug alternatives from

widely available NP databases. Yet the connection between approved drugs and their NP

alternatives has not been established.

In order to elucidate the effects of specific NPs on human health, a broad catego-

rization of NPs is needed. First, approved drugs obtained from ChEMBL and DrugBank

(Gaulton et al. 2017; Wishart et al. 2018) were combined with NPs from CMAUP, FooDB,

and COCONUT into a comprehensive database (Zeng et al. 2019; The Metabolomics In-

novation Centre n.d.; Sorokina and Steinbeck 2020). To search for drug alternatives, some

NPs that are also approved drugs (approved NPs, ANPs), can be directly identified. For

the reminding drugs, machine-learning-based similarity searching using approved drugs as

queries were performed to identify NP alternatives. The search identified 8,480 drug-similar

NPs that were associated with 2,228 approved drugs and were classified as BNPs. Among

the BNPs, 7,422 are newly discovered BNPs, and 1,580 are BNPs that have been approved

as drugs (BNP drugs, or BNPDs). Throughout my approach, drugs that had BNP(s) suc-

cessfully identified, were classified as BNP-substitutable drugs (BSDs), otherwise, they were

BNP-unsubstitutable drugs (BUDs). Chemical properties and substructures were explored

to explain the difference between BUDs, BSDs, and NPs. Later, BNPs were annotated with

the mechanism of action (MOA) and Medical Subject Headings (MeSH) information in or-

der to determine which general pathways and diseases they may affect. A diverse variety of

organisms, food sources, and dietary supplement products containing these BNPs were also

identified. Finally, information about adverse side effects, drug interactions, and toxicity,

was compiled using existing data and/or predictions. Ultimately, this research systemati-
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cally explores the NP similarity to approved drugs to provide information on potential drug

NP alternatives to guide dietary supplement development and NP research.

4.3 Methods

4.3.1 Data Collection

Most NPs were collected from the COCONUT database (March 2021 version), an

aggregation collection of previously well-known NP databases, including SuperNatural II,

CMAUP, FooDB, ChEMBL Natural Product, and 49 other sources (Banerjee et al. 2014;

Zeng et al. 2019; The Metabolomics Innovation Centre n.d.; Gaulton et al. 2017). However,

some major sources included in COCONUT have been updated after this version. To obtain

the latest NP information relevant to human health and diet, I combined the latest CMAUP

(downloaded December 2021) and FooDB (April 2020 version) together.

Approved drugs’ molecular information and data were downloaded from ChEMBL

v29 and DrugBank v2022. Approved drugs that had withdrawn flags were excluded.

4.3.2 Compound Cleaning, Annotation, and Calculation

Compounds of NPs from different sources and approved drugs were combined to-

gether by InChIKey as the unique identifier. Other molecular information, like SMILE,

IUPAC name, common names, and other additional information, were annotated by ex-

tracting the information from the original database or by querying ChEMBL and PubChem

(Gaulton et al. 2017; Kim et al. 2021). Additional mapping information (identifier conver-
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sions between databases) of each molecule to other databases was added by querying the

Chemical Translation Service (CTS) API (Wohlgemuth et al. 2010).

Molecular structure files (SDF) were directly downloaded from ChEMBL or Pub-

Chem APIs by using InChIKeys as the identifier. Structure API-query-failed molecules

were later computed by OpenBabel v3.1.1 in R’s (v4.1.0) wrapper package ChemmineOB

v1.32.0 using InChI strings (O’Boyle et al. 2011; Kevin Horan 2022). In OpenBabel calcula-

tion, molecules with ambiguous structures that resulted in errors or warnings were removed

from all downstream structure-related computations. Also, at least four atoms (including

hydrogen) were required to proceed. For example, molecules with too simple structures,

like water, a single heavy metal atom, and simple salts, were excluded. The structure of

all passed molecules was then loaded in ChemmineR v3.46.0 to calculate atom pair (AP)

information (Carhart et al. 1985). APs were further standardized into fingerprints (FPs) in

1024bit. AP and FP validations were performed with ChemmineR. All invalid compounds

were excluded from the downstream clustering analyses.

Forty-seven different physicochemical properties (PPs) for each molecule were cal-

culated by CDK v2.3 in R’s wrapper package rcdk v3.6.0 by providing SMILEs as in-

put (Willighagen et al. 2017; Guha 2007). All downstream PP-based analyses excluded

molecules with invalid SMILEs or failed CDK computation.

During my cleaning, I found some NPs had high amino acid (AA) content in

substructures. NPs with large AA substructures are easier to be degraded in digestive

tracts (Ao and Li 2013) and lead to loss of bioactivity upon intake. This research is biased

toward drug alternative NPs that can be found in edible/dietary sources, so high AA fraction
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NPs are not ideal for this purpose. To remove these high AA NPs, AA weight was first

calculated in CDK, and then the AA fraction weight (AFW) was calculated by dividing

AA weight by the total molecular weight. To determine a reasonable threshold for AFW, I

extracted all molecules that were labeled with “Protein” from ChEMBL, calculated AFW

for them, and used AFW of these protein molecules as the reference. Here I set the low-

protein confidence level to be ≥ 0.99, which requires the AFW to be less than 1% quantile

of the reference. Then the AFW cutoff was determined as 0.01055. NPs with AFW higher

than this number were considered high AA-containing and removed from all downstream

analyses (Fig. 4.11).

Also, when I examined molecules from FooDB, there were too many structural

high-similar NPs, for example, long-chain lipid molecules that only have one or a few

carbons different at the tail or molecules that only have stereochemical differences. In

FooDB, all structurally identical molecule groups were identified to reduce the redundancy

of molecules. Only the first molecule in each group was retained; other molecules were

treated as duplicates and removed from the downstream analysis.

4.3.3 Similarity Computation

Two types of compound similarities were calculated, structural Tanimoto similarity

(STS), which was based on FPs, and property Euclidian similarity (PES) which was based

on PP values. The similarity values for STS and PES were calculated in ChemmineR and

rdist v0.05 packages in R, respectively.
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4.3.4 BNP ML Models

During the BNP searching stage, hieratical clustering (Hclust) models were built

using STS and PES as input separately by fastcluster package v1.2.3 (Müllner 2013). k-

means (Kmeans) models were trained using STS and PES as input separately by ClusterR

package v1.2.9 (Mouselimis n.d.). The random forest (RF) model and auto-trained stack

model were both trained and validated in the H2O framework with the h2o (v3.36) R

package (Ledell and Poirier n.d.). 5-fold cross-validation was performed.

Before applying ML methods, 429,602 FP-based molecules passed my initial clean-

ing. It was computationally too challenging to compute a 400k x 400k distance matrix. I

applied a prefiltering step here. In this step, a loose STS threshold at 0.75 was performed to

filter out NP molecules with a low chance of being clustered with drugs. This step resulted

in 32,477 NPs. Adding up the 3590 drugs, a much smaller distance matrix of 36,986 x

36,986 was generated for clustering.

The same loose threshold could not be applied to PES. Even if I set the threshold

to 0.99, there were still an excessive amount of NPs passed the filter. Instead, I sorted

NPs by the distance to each drug and took the top 20 closest NPs for each drug. In this

way, I were able to obtain a similar-sized candidate set for PES (39,395) compared to STS

(36,986), which made the clustering results more comparable later.

To train the RF model, compounds with valid PPs were categorized into two

classes: approved drugs and NPs. If an NP was also an approved drug, it was classified as

an approved drug. The goal was to develop a binary classification RF model to predict the

possibility of incoming new compounds being approved drugs. Initially, 3089 drugs with
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PPs passed the initial cleaning stage, whereas the number of NPs was over 400,000. This

resulted in an extremely unbalanced training set. To address this issue, I randomly selected

3,089 NPs, similar in number to the drugs, as the training data. As a result, the training

set consisted of 6,178 samples, with an equal number of drugs and NPs. Accuracy was the

performance metric used for selection, and the number of trees (K) in the RF model was

the optimization parameter.

4.3.5 BNP Validation/Use Case Set

Two drug lists were used to subset the entire approved drug list and the corre-

sponding subset of BNPs to validate and demonstrate the use cases of BNPs. The first set

was the DrugAge longevity-associated drug list (Barardo et al. 2017). Among all drugs in

DrugAge, only those approved and positively contributing to lifespan were selected. The

second set was a list of approved anticancer drugs (Sun et al. 2017).

The DrugAge list had 149 longevity drugs overlapping with my approved drug

list, and these drugs paired with 1,134 BNPs. I then searched these 149 drugs, these drugs

linked 1,134 BNPs, and another randomly selected 1,000 NPs (negative control) on PubMed

API with the keyword pattern “longevity + {compound name}” to collect the number of

scientific publications related to the compound in each group. A similar approach was used

on anticancer drugs. 125 anticancer drugs, these drugs linked 384 BNPs, and 1,000 random

NPs were searched with the pattern “anticancer + {compound name}”.
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4.3.6 Unsupervised Search

Unsupervised clustering methods, Hclust and Kmeans, were separately applied

on prefiltered STS and PES candidates (Fig. 4.4A.3, Additional File. 3-4). Rather than

using commonly used metrics like minimum variance or distance between clusters, my goal

in this stage was to obtain as many candidate clusters as possible, even if it increased

the false discovery rate (FDR). The FDR would later be controlled at the ML method

intersection stage (Fig. 4.4A.4). Therefore, the clustering optimization criteria were set

to find the maximum number of clusters that contains at least one drug and one NP. The

optimal number of clusters was K=4520 for STS and K=12350 for PES using Hclust (Fig.

4.12.A-B) and K=6900 for STS and K=8700 for PES using Kmeans (Fig. 4.12.C-D).

Supervised Search

The optimal RF model was obtained with the smallest possible K (trees) at 650

when the maximum accuracy was stabilized to prevent overfitting. I were able to train an

RF model with an accuracy of 0.929. To further evaluate the performance of this RF model,

I selected an independent validation set consisting of 2963 drugs from Phase 1 to Phase 4

that were either not approved or approved but later withdrawn from ChEMBL, along with

an equal number of random NPs not used in the training data. Furthermore, I compared this

manually optimized RF model with the best auto-optimized stack model (Fig. 4.13). The

RF model had a slightly lower performance (0.927) than the stack model (0.942, Additional

File. 4) in cross-validation (Fig. 4.13A). In the independent set accuracy test, my RF model

also had much higher accuracy than the stack model (0.899 vs. 0.834). As anticipated, the
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binary RF model worked well in distinguishing NPs and Phase 4 approved drugs, as it had

a higher error rate on Phase 1-3 drugs but a low error rate on NPs and Phase 4 drugs (Fig.

4.13B).

4.3.7 Downstream Annotations

Protein (gene) targets, MOA, MOA type, and MeSH terms annotations of drugs

were obtained from ChEMBL v28. Reactome pathway information was obtained from

Reactome v2022 (Gillespie et al. 2022). Food source information of NPs was obtained from

FooDB v2020. Organism source information of NPs was obtained from CMAUP v2021 and

COCONUT v2021. Drug interaction annotations were obtained from DrugBank v2022.

Drug adverse effects information was cleaned from the pAERS drug adverse event database

(Poleksic and Xie 2019).

Toxicity predictions for all compounds were done in Toxicity Estimation Software

Tool (TEST) v5.1 (Martin 2016). The LD50 was calculated with parameters “-m consensus

-endpoint LC50”.

4.3.8 Functional Enrichment Analysis

Reactome pathway functional enrichment analysis (PFEA) was performed with

ReactomePA package v1.42.0, and signatureSearch package v1.12.0 in R (Yu and He 2016;

Duan et al. 2020). p-value was adjusted with Benjamini-Hochberg (BH) method. The

adjusted p-value cutoff was set to 0.05. To prevent enriched terms from falling into too

small or too large pathways, parameters “minGSSize = 10, maxGSSize = 105” were used.
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4.3.9 Substructure Search & ML Models

Common compound substructures were collected from Global-Chem (Sharif et al.

2022). Substructures with empty or unmeaningful SMARTS were removed from the list.

In total 2,945 SMARTS strings were used to query whether the compound has certain

substructures. The query was performed in rdkit v2020.3 (Landrum et al. 2020) in Python

3.6.1, and the results were stored as binary numbers as 1 (present), and 0 (not present).

Substructure results, PPs, and the number of common organic compound elements

information were used as features to build 2 types of classification models in the H2O

framework. The first type was binary prediction models. All 1,335 unsubstitutable drugs

and the same amount of 1,335 randomly selected NPs were used in training. The prediction

outcome was the classification of NP or unsubstitutable drug. The second type was trinary

prediction models. All 1,335 unsubstitutable drugs, all 2,219 substitutable drugs, and 3,554

randomly selected NPs were used in training. The prediction outcome was the classification

of NP or substitutable drug, or unsubstitutable drug. 5-fold cross-validation was performed

in both types. Hyperparameters were auto-tuned by the framework. The best model was

selected with the best cross-validation accuracy.

4.3.10 Statistical Comparisons

Statistical comparisons between two groups were first performed on a Shapiro-

Wilk’s test to validate the normality (p-value > 0.05). If the normality was verified, a

Student’s t-test was performed. If not, the Mann-Whitney U Test was performed. For

variables containing with more than two categorical classes in each variable, Kruskal-Wallis
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test was used to test the difference. For all tests, the p-value cutoff was set to ≤ 0.05 to be

considered as statistically different.

4.3.11 Other Packages Used

Other major packages used in this study include, tidyverse v1.3.2 (Wickham et al.

2019), ggpubr v0.5.0 (Kassambara 2022), ggsignif v0.6.4 (Constantin and Patil 2021), and

ggbreak v0.1.1 (Xu et al. 2021).

4.3.12 Reproduce and Customize the Results

The methods and filters utilized in this study were based on the principles of

computational rationality. However, it should be acknowledged that these filters may not

always be applicable in practice. To account for the various need, the filters’ stringency

needs to be adjusted. In recognition of this, I have open-sourced the project and provided

instructions for others to reproduce the research. This allows users to customize different

intersection sets from Fig. 4.4B (i.e., picking a different set of BNPs) according to their

specific stringency requirements.

As demonstrated through the above examples, systematically subsetting the BNPs

is crucial. To facilitate this, I have organized all the results into an SQLite database which

includes 16 tables (Fig. 4.14, Additional File. 7). This database consists of complete

molecule information, BNP details, and a comprehensive collection of annotations employed

throughout the study.
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Figure 4.1: Overall Design of the Study. This study can be divided into three major sections.
First, NPs and approved drugs were collected from different sources. Annotations were
added and physicochemical properties were calculated. Second, drug alternative BNPs were
identified based on the intersection of structural similarity, physicochemical similarity, and
drug likelihood results. Third, identified BNPs were annotated with additional information,
such as source food, source organism, toxicity, pathways, diseases, and more.
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4.4 Results

4.4.1 Databases Cleaning and Overview

This study created a comprehensive collection of compounds obtained from ap-

proved drugs and natural products (NPs) by combining and cleaning data from ChEMBL,

DrugBank, CMAUP, FooDB, PubChem, and COCONUT databases (Gaulton et al. 2017;

Wishart et al. 2018; Zeng et al. 2019; The Metabolomics Innovation Centre n.d.; Sorokina

and Steinbeck 2020) for a total of 435,985 compounds. Additional molecular information,

compound annotations, and PPs were annotated or computed to form this comprehensive

dataset (Table. 4.1-4.5, Additional File. 1 & Fig. 4.1A).

Assembling this comprehensive molecular database enabled the utilization of var-

ious machine learning approaches, including distance-based clustering and unsupervised

drug likelihood assessments, to identify naturally occurring small molecules that have sim-

ilar therapeutic effects as their structurally similar approved drugs (Fig. 4.1B). Putatively

identified BNPs are assembled into a comprehensive database that can be used for down-

stream analysis, including computational validation, substructure exploration, pathway en-

richment, safety assessments, and (Fig. 4.1C). Later, the use cases of BNPs, including

dietary recommendations, organism source tracking and food supplement availability, were

demonstrated with longevity/anticancer drug-associated BNPs (Fig. 4.1D).

Although a low percentage of NPs had been previously annotated in public chemi-

cal databases such as PubChem (44.8%) and ChEMBL (7.4%), a large number of undiscov-

ered NPs with great research potential remained (Fig. 4.2A). While over half of the drugs
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Figure 4.2: Statistics of compounds. (A) Intersection table of NPs, drugs, and their source
databases. On each tile, the top number indicates the number of compounds shared (over-
lapping) between two data sources, and the bottom number indicates the shared identical
compound percentage between two data sources. (B) Intake method statistics of approved
drugs. (C) NP source organism statistics (N.A. values removed). (D) Top 20 NP source
food statistics.

(1,895, 53%) in the collection are predominantly administered orally or by injection (Fig.

4.2B), plants were the largest source of NPs, with only a small portion derived from marine,

fungi, bacteria, and other sources (Fig. 4.2C). Similarly, the top-ranking food types in the

collection are primarily plant-based, with herbs, fruits, and vegetables ranking the highest

(Fig. 4.2D).

4.4.2 Estimate Raw BNP Number

At the molecular level, the unique combination and arrangement of functional

groups on a compound create a structure-function relationship that dictates its molecular

targets, which determines how it affects cellular function. Identifying NP alternatives to
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Figure 4.3: History relationship between approved drugs and NPs. (A) Approved drug
numbers from 1940 to 2020. The total number of drugs approved yearly is marked in green
columns, and the green line represents the trend. Drugs that were identical to their NP form
(as-NP) were marked in red dots, and the red line represents the trend. Drugs that were
highly similar to NPs (high-similarity-to-NP) are marked in pink dots, and the pink line
represents the trend. Withdrawn drugs each year are represented as negative numbers, and
the brown line represents the trend. (B) The relative percentage of different types of drugs.
The as-NP drug is represented in red, and the approximate area is estimated under the red
line. The high-similarity-to-NP drugs are represented in pink. Low-similarity-to-NP drugs
are represented in gray color. The area of as-NP and high-similarity-to-NP drugs together
is estimated under the blue line.
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approved drugs requires a thorough understanding of the associations between drugs and

NPs. To compare the similarity between two compounds, in other studies, STS was often

used. As a common practice, an STS cutoff between 0.75-0.85 is usually applied ((Cramer

et al. 2002; Martin et al. 2002). However, it is hard to justify the reasons behind the choice.

Instead of using a fixed STS threshold, a more robust and unbiased process is required.

Meanwhile, estimating the number of BNP candidates generated from a fixed STS cutoff

could provide an important reference on the stringency level of my proposed new methods.

Therefore, I calculated the number of BNPs and number of BSDs using different

STS, ranging from 0.75-1 (Fig. 4.3), resulting in 36,986-5,549 BNP candidates for 3,013-

1,662 drugs. At STS=0.75, more than 90% of drugs are found with BNPs, and clearly, this

threshold is too relaxed. Considering the size of NPs gathered in this study, an elevated

threshold should be used. Hence, I slightly increased the estimation threshold range to

0.8-1.0 (blue regions in Fig. 4.3). This rangeis then used as my reference for stringency

examinations of more complex machine learning approaches. At STS = 0.8, 27,208 BNP

candidates were found, and this was used as the lower bound reference (LBR). At STS

= 1.0, 5,549 BNP candidates were found, and this was used as the lower bound reference

(LBR). A method with appropriate stringency should stay between LBR and UBR.

4.4.3 Search for Drug Alternative BNPs

An ML approach was conducted in this study to address this. To filter BNP

candidates, I used three ML methods - including two unsupervised (Hclust and Kmeans) and

one supervised (RF), that are commonly used in drug discovery (Lo et al. 2018; Vatansever
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Figure 4.4: Drug alternative NP search design and results. (A) Detailed design of ML
search for drug alternative NPs. (1) Structural FPs and PPs, were calculated separately
and later used as two types of inputs for the ML models. Invalid compounds were removed
in the reprocessing stage. (2) A relaxed filter was performed to reduce the FP and PP
inputs sample size to around 40,000 before applying ML methods. (3) STS distance matrix
and PES distance matrix each served as input for Hclust and Kmeans models separately.
PP values were also used to train a drug-likelihood assessment RF model. (4) Results from
all models were filtered in the intersection table. (B) The table displays one ML method
(X-axis) intersects with all other methods (Y-axis). Notation of axis labels: Hierarchical
clustering (HC). Kmeans (KM). results of STS models (STS HC, STS KM), results of
PES models (PES HC, PES KM), the union of PES/PES Hclust models (uHC), the union
of PES/PES Kmeans models (uKM), and the PP-based drug likelihood RF model (RF).
More complicated intersection notations are: intersection of uHC and uKM (uHCiuKM),
and the most strict set, the intersection of STS HC/Kmeans models intersecting with the
intersection of all PES HC/Kmeans models (iSTSiiPES). The three numbers on each tile
are: first row, the number of BNPs candidates (starting with “B”); second row, the number
of BSDs (starting with “D”); third row, the overlapping percentage between two methods.
The color code on each tile is based on stringency value reference LBR and UBR. The color
is red if the number is below LBR, blue if the number is above UBR, and green if the
number is in between. The final set for downstream analysis is marked in the black box.
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et al. 2021; Zhang et al. 2017; Lavecchia 2015). Unsupervised models were clustered on

structural- and PP-based similarities (STS and PES), where high structural/PP similar

candidates were selected without manually setting up a fixed threshold. Meanwhile, the

supervised RF model was trained on raw PP values as a classifier to predict the likelihood

of a given compound being approved drug. Together, incorporate a diverse set of chemical

characteristics across the three ML models (Fig. 4.4A). This enhanced the ability to identify

compounds that had not only high structural/physicochemical similarity to at least one drug

but also the likelihood of obtaining approval as a pharmaceutical agent.

However, I did not directly use the RF model to screen the remaining NPs for

drug alternative candidates. It would allow only a tiny fraction of NPs to pass the filter

as candidates due to its high accuracy. The max-accuracy threshold was too stringent.

Instead, I aimed to allow some “false positives” NP candidates to be marked as drugs by

loosening the threshold to increase the sensitivity. The specificity was controlled later in the

intersection step. The optimal accuracy probability threshold value was 0.51 in the training

dataset (Fig. 4.15A), but I chose 0.65 as the threshold for the RF model (Fig. 4.15B). This

value was within a balanced area of equalized error rate for both NPs, approved drugs, and

overall performance in the independent validation dataset. Using the RF model with a 0.65

threshold yielded 53,293 BNP candidates.

4.4.4 Combine Search Results

All ML search results were summarized in an intersection table (Fig. 4.4B). In

order to assess the stringency of my machine learning (ML) model, I compared the results

it yielded with hard STS cutoffs. The most stringent hard cutoff, which I refer to as the
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LBR, was obtained in a previous section by setting the STS ≥ 0.99. In contrast, the upper

bound reference (UBR) is typically a number between 0.75-0.85 in other studies ((Cramer

et al. 2002; Martin et al. 2002). However, due to the use of a massive number of NPs

in my research, even setting the UBR at 0.85 would still generate an excessive amount of

drug-bound NPs. Therefore, I increased the UBR to 0.9, yielding 35,953 BNP candidates

for 2,852 drugs (Fig. 4.4B). With the LBR and UBR values determined, I could then select

my final BNPs such that it fell between these two thresholds. If a set fell outside this range,

I considered it too loose or too tight in stringency.

The ML searching stage (Fig. 4.4A.3) was designed to be permissive, with the

inclusion of considerable false positives to increase sensitivity. In the intersection stage

(Fig. 4.4A.4), specificity was carefully controlled by intersecting different ML methods.

Ultimately, my final selection consisted of the union of all Hclust results intersecting with

the union of all Kmeans results and then intersecting with RF (Fig. 4.4B black box). This

process identified 8,480 BNPs (7,422 NPs and 1,058 NP-as-drug compounds) paired with

2,228 drugs (Table. 4.6-4.7). The rationales are:

1. It had suitable stringency, falling between LBR and UBR.

2. Taking the union inside each of Hclust/Kmeans considered structural- and PP-based

similarity.

3. Intersecting of Hclust and Kmeans results generated robust consensus clusters between

clustering methods and lowered the FDR.
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4. Intersecting with RF results further narrowed the candidates’ scope to those with a

high predicted potential to be later approved.

4.4.5 Functional Annotation of BNPs

In contrast to approved drugs, which have numerous studies and functional an-

notations as evidence, the molecular mechanisms of most natural products remain unclear

and unannotated. This poses a significant challenge for researchers, as experimental vali-

dation for a large number of compounds with unknown target information in this study is

unrealistic. Therefore, an alternative approach was necessary. One strategy for identifying

unknown targets of compounds is to predict their target sites. Many models have been

built using structural and PP similarities, such as SuperPred and LigTMap (Gallo et al.

2022; Shaikh et al. 2021), to achieve this goal. However, these methods have been shown

to have unstable accuracy between different datasets and questionable consistency between

methods (Mayr et al. 2018). In this study, my ML search had already utilized structural and

PP similarity information. Instead of applying another layer of prediction to complicate the

problem, and based on the evidence outlined above, I assumed that the functional targets

of drug alternative BNPs were the same as the paired drugs due to their high similarity.

This approach allowed us to effectively address the challenge posed by the large number of

compounds with unknown target information.
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Figure 4.5: Validation of BNPs. (A) BNP-drug pairs were matched to validate if they
have the same gene targets, MOA, MOA type, MeSH indications, and pathways. The
numbers on each bar are: the percentage of matching, the number of matching vs. the total
number of BNP-drug pairs found with available information. (B) DrugAge-associated BNP
compound names, DrugAge compound names, and the same number of random NP names
were searched separately on PubMed for publication records. The search keywords were
“longevity” + compound names. The number of publication found under each category
is displayed on a boxplot (C) Similar PubMed search was performed on anticancer drugs
and their associated BNPs, with the first keyword changing to “anticancer”. Notation for
p-value: *** ≤ 0.01.
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4.4.6 BNP Set Validation

I performed two validations to test if the assumption on inheriting functional

annotations from drugs to BNPs were valid. If there is molecular evidence to support the

possibility that a BNP may have a similar effect as its approved analog, and if there is

any biologically meaningful information that indicates if the BNP set may have similar

therapeutic efficacy as the original drug.

The first validation involved comparing BNP targets, MOA, MOA type, MeSH

terms, and pathways to their paired drug. Since drugs with similar MOAs, targets, MeSH

terms, and target pathways elicit similar physiological effects, the similarity between a BNP

and its approved analog for these criteria is an indication that the two compounds may elicit

the same phenotypic outcome. Ordered from the target level to a broader pathway level, the

matching ratio elevated from 15.38% to 94.74% (Fig. 4.5A). This suggests that although

BNPs might not share the same molecular target as their paired drug, they might work on

proteins within the same pathways.

In addition to determining the potential biological similarity between paired BNPs

and drugs, a second validation method involving identifying the number of literature reports

on both drugs and BNPs within a specific area was performed. Theoretically, both BNPs

and their paired drugs should have substantially more scientific reports in the selected

research area than randomly selected compounds. In this study, I utilized the DrugAge

(longevity) drug list and anticancer drug list for this purpose. As anticipated, DrugAge

and anticancer drugs had the highest number of scientific publications on average in their

respective areas (Fig 5.B-C, Table. 4.8-4.9). DrugAge BNPs and anticancer BNPs did not
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have as many publications as the original drugs, but they still had significantly more liter-

ature reports (Mann-Whitney U test p-value ≤ 0.05) than random NPs (negative control).

This finding suggested that my ML search strategies indeed identified some functionally sim-

ilar and meaningful compounds to the original drugs in specific research areas. Thus, two

validations together have approved my assumption that inheriting functional annotations

from drugs to BNPs is valid.

4.4.7 Functional Enrichment

While annotating the BNPs, I noticed that some drugs have BNPs but some do

not. To understand the different characteristics, such as the targets, pathways, diseases,

between different drugs. They were divided into two categories. Drugs with at least one

BNP alternative were classified as BNP-substitutable drugs (BSDs), while drugs without

any BNP alternatives were classified as BNP-unsubstitutable drugs (BUDs). PFEA was

then applied to both BSDs and BUDs. Both categories were enriched with some common

pathways, but unique enriched pathways were also identified for each category (Fig. 4.6A).

Next, pathways were sorted by adjusted p-value and the top-ranking pathways from both

categories. BSDs were enriched in broad metabolism pathways, such as potassium channel

and various degradation pathways (Fig. 4.6B, Table. 4.7). Classic cancer pathways, in-

cluding p53 and S phase-expressed protein 1 (GTSE1), were also among the top enriched

pathways. Similar to BSDs, some other cancer target pathways, such as General Control

Nonderepressible 2 (GCN2) (Gold and Masson 2022), were enriched for BUDs. However,
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Figure 4.6: BSDs and BUDs. (A) Reactome enriched pathways overview firework plot
of substitutable and unsubstitutable drugs. (B) Top 20 Reactome enriched pathways of
substitutable (green) and unsubstitutable drugs (yellow). The order is sorted by adjusted
p-value in each category separately. The pathway ratio was calculated by using the number
of genes enriched divided by the total number of genes in the pathway. (C) (D) Approved
year difference with substitutable and unsubstitutable drugs.
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pathways exclusively enriched for BUDs are more related to antivirus, protein synthesis,

and neuron signaling.

Both BSDs and BUDs could be enriched on a range of pathways, indicating a

potential for treating various diseases (Fig. 4.6D, Table. 4.10). The little deviation between

the two categories became apparent when examining the disease terms. However, a more

interesting finding was discovered when comparing the dates of approval for BSDs versus

BUDs. Specifically, BUDs have significantly more recent approved dates than BSDs (2010s

vs. 1985s) (Mann-Whitney U test p-value ≤ 0.05) (Fig. 4.6C). Possible reasons could be

the plateau effect on using existing NPs as drug candidates (Fig. 4.2) and the advancement

in synthetic chemistry has allowed us to design drugs on previously impossible targets.

4.4.8 Explore BSDs and BUDs

In order to gain a better understanding of why certain drugs had no BNP partners,

I first compared MOAs of both BSDs and BUDs (Fig. 4.16). The majority of top-ranking

BUD-exclusive MOAs were kinase inhibitors (Fig. 4.16C), with a major pharmaceutical

application being anti-cancer treatment (Bhullar et al. 2018). For example, all drugs within

the top-ranking BUD-exclusive term “receptor protein-tyrosine kinase erbB-2 inhibitor”

were anticancer drugs (Fig. 4.17, first two rows), and other common BUD-exclusive drugs

typically had suffixes such as “-tant,” “-pant,” and “-sib,” and were also predominantly

anti-cancer drugs. (Fig. 4.17, last row). A clear pattern is that these drugs were found

to be enriched with nitrogen atoms. Therefore, one possible hypothesis was the number of

nitrogen atoms made the difference between BSDs and BUDs.
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Figure 4.7: Characteristics between BSDs, BUDS, and NPs. (A) Top 10 frequency different
substructures in BUDs vs. NPs. (B) Number of nitrogen atoms in different compound
groups. (C) tSNE plot of different compound groups.
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I then verified this hypothesis by comparing the nitrogen atoms to carbon atoms

ratio (N/C) in BSDs, BUDs, and NPs (Fig. 4.18). I observed an increasing trend of N/C

ratio moving from NPs to BSDs and finally to BUDs, and all pairwise comparisons were

found to be statistically significant (Mann Whitney U Test, p-value ≤ 0.05). However, I

could not conclusively determine whether nitrogen atoms were the major reason for the

observed difference. Atoms do not contribute to the molecule’s bioactivity alone. Interac-

tions between atoms, and the formation of substructures (functional groups) could provide

a better explanation for differences between NP, BSD, and BUD.

To discover the substructure difference in these three groups, I downloaded com-

mon substructure SMARTS strings from GlobalChem (Table. 4.11), and used rdkit to

match if BSDs, BUDs, and NPs contained these common substructures. The list was then

sorted by the frequency difference between BUDs and NPs (Fig. 4.7A, Table. 4.12-4.13).

The results confirmed my hypothesis. All top 10 substructures were amines and deriva-

tives of amine (nitrogen-containing functional groups). Likewise, the top 10 substructure

frequency differences between BUDs vs. BSDs and and BSDs vs. NPs were smaller, but

the majority of top-ranked substructures were still amines. (Fig. 4.19).

Next, it is critical to know how amine groups impact the bioactivity of drugs. One

easy way to solve the problem I used was running Kruskal–Wallis tests of all other compound

features against the compound classification (BSD, BUD, or NP). Other features included

PPs, the number of common elements found in organic matters (C, H, O, N, S, P), and

whether the compound had certain substructures. This would give us an approximation of

how important other features contribute to compound classification. The result was sorted
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by adjusted p-value (BH corrected), and I found that the most significant feature was

the property Petitjean Shape (Table. 4.14, “Petitjean number of a molecule”, “Petitjean

topo shape index”). This property describes the vertex eccentricity (Petitjean 1992). As

implied from other studies, the vertex eccentricity provides an important measurement of

the compound’s size, and shape. It is an essential property to predict bioactivity (Sharma

et al. 1997; Gupta et al. 2002). As above, I have shown that BUDs had a larger frequency of

containing amine groups, leading to a larger Petitjean number and bigger size than BSDs and

NPs. It could be the bigger size had created more reactive sites, which makes BUDs more

likely to participate in chemical reactions. Unfortunately, this could not be easily verified

in my study without experimental validations. Nevertheless, other research has suggested

replacing the carbon atoms with nitrogen atoms in the structure would dramatically increase

the pharmacological parameters up to 1,000 fold (Pennington and Moustakas 2017).

4.4.9 Predict BUDs

Through my investigations, I have found compelling evidence indicating that ni-

trogen, specifically amines, played a significant role in distinguishing the categories of NP,

BSD, and BUDs. Furthermore, various key features, such as substructures and PPs, played

a crucial part in creating recognizable patterns that set these categories apart. These signals

gave us the confidence to believe that creating a prediction model to classify these three

groups of compounds was a promising endeavor. Subsequently, I utilized t-Distributed

Stochastic Neighbor (tSNE) to gain a comprehensive overview of the pattern clearance be-

tween the groups (Fig. 4.7C). My analysis revealed that BUDs were concentrated mainly
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Figure 4.8: Model benchmarks for BUD prediction. First row (A-B), binary classification
models. Second row (C), trinary classification models. (A) ROC curve of different binary
models. The color code is displayed in (B) as row names. (B) Metrics of different binary
models, sorted by accuracy (C) Metrics of different trinary models, sorted by accuracy.
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in the isolated long tail, while the majority of BSDs held positions at the bottom of the

right shape. The higher concentration of NPs were situated at the top of the right shape.

However, in the middle of the right shape, compounds from all three groups were clumped

together. It is crucial to highlight that the tSNE plot was used to reduce the dimensions

to two for visualization purposes. It was expected that with more dimensions (features)

included, the boundary between the groups would become more distinguishable and evident

in the actual model.

Similar to the unsupervised model I built for drug likelihood classification, here,

I used the same H2O framework to auto-train models with various learning methods, in-

cluding but not limited to GLM, XGboost, RF, and other methods (Table. 4.15). Only the

best-performing stack model in terms of cross-validation accuracy was reported.

Initially, I trained my model to differentiate between NPs and BUDs by consider-

ing over 1800 features, including PPs, organic common elements, and substructures (Fig.

4.8A-B). My intuition was correct as this approach yielded a high accuracy of 0.973 (Addi-

tional File. 5), but the process was time-consuming and difficult for future researchers to

implement. Therefore, I aimed to develop a smaller model with fewer features that could

still deliver comparable accuracy. Through several other models, I discovered that a single

nitrogen count feature could give an accuracy level of 0.7, and by expanding the atom count

to include other common organic elements, the accuracy rose to 0.8. This suggests that by

knowing the chemical composition of a compound, it is possible to determine whether it is

an NP or BUD, indicating whether it occurs naturally or synthetically. I also developed a
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Figure 4.9: BNP toxicity and drug interactions. (A) Violin plot of mice LD50 toxicity
predictions calculated by TEST for different compound groups. The larger the value, the
more toxic it is. (B) Network plot example of drug interactions. The top 5 drugs with the
most BNP partners are selected in this example. Each blue dot connection to the red circle
indicates a BNP molecule association. The size of the red circles indicates the number of
drug interactions with other drugs (not shown on the plot). The gray lines indicate drug
interactions between these 5 drugs. p-value indication: ***, < 0.001.

properties model with 47 PP features, which achieved an accuracy level of 0.969, similar to

the all-features model with over 1800 features.

Subsequently, I tested my model on trinary classifications (NP, BSD, and BUD)

and found that their accuracy levels did not match those of the binary models. The highest

accuracy achieved among these models was 0.85 in the all-features model (Prop + Atoms

+ Sub top 1753) (Fig. 4.8C, Additional File. 6). Nevertheless, the properties model

outperformed the others by achieving 0.8 accuracy with only 47 features, making it the

most effective and efficient model among these trinary classifications.
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4.4.10 Safety of BNPs

Coming back to BNPs, the safety of compounds is a crucial concern in drug discov-

ery, encompassing toxicity, drug interactions, and adverse effects. In this study, I utilized

the TEST software to estimate the LD50 toxicity of all molecules (Fig. 4.9A, Table. 4.16),

and my selected BNP subset exhibited significantly lower toxicity compared to random NPs.

Furthermore, their DrugAge/Anticancer associated BNPs showed significantly lower toxic-

ity than the original drugs in these lists respectively. This highlights the potential of BNPs

in future drug discovery, especially in the search for alternatives to highly toxic anticancer

drugs (Remesh 2012).

While data on drug interactions and adverse effects are usually generated from

animal and cell culture studies, as well as patient reports, such research is costly and often

unavailable for BNPs. Nonetheless, since BNPs were selected based on their structural and

property similarity to drugs, and their biological functions have been similarly approved,

it is reasonable to assume that they would have similar drug interactions and adverse

effects. Thus, I extended drug interaction linkages between drugs and BNPs based on

information from DrugBank, and adverse effect information from pAERS (Table. 4.17-4.18).

An example of interaction linkage can be illustrated in Fig. 4.9B. Although it is difficult to

assess the safety of drug interactions and adverse effects in a generalized manner, as they

often depend on the treated symptoms, such information could be useful on a case-by-case

discussion.

One cannot be readily inferred from data obtained via pAERS whether a molecule’s

adverse effect safety is comparable to that of another molecule. This is due to the fact that
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the number of adverse effect records is skewed towards drugs well-studied and have long

history. For example, three of the most commonly reported drugs with the highest side

effect records in the database were Aspirin, Acetaminophen and Folic Acid (Table. 4.18).

The database does not provide usage statistics, which makes it impossible to normalize the

counts. Despite this limitation, the adverse effect annotations are valuable as explanatory

safety guidelines for drugs/BNPs.

4.4.11 Use Case of BNPs

With annotations of BNPs, some more practical questions could be addressed, for

instance, the source organisms, food, and dietary supplements that contain these BNPs.

Again, as illustrated above, the BNP set generated in this research can be used as drug

alternatives for a variety of symptoms and diseases. There’s no single panacea. The same

applies to BNPs. Therefore, one would always need to further subset the BNPs to a smaller

set that fits certain conditions. Here, I continued to use the longevity drug list and anti-

cancer drug list as examples to demonstrate the source tracking of BNPs.

With annotations of BNPs, some more practical questions could be addressed, for

instance, the source organisms, food, and dietary supplements that contain these BNPs.

Again, as illustrated above, the BNP set generated in this research can be used as drug

alternatives for a variety of symptoms and diseases. There’s no single panacea. The same

applies to BNPs. Therefore, one would always need to further subset the BNPs to a smaller

set that fits certain conditions. Here, I continued to use the longevity drug list and anti-

cancer drug list as examples to demonstrate the source tracking of BNPs.
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Figure 4.10: Source information of BNPs. (A) Top 10 food sources of all BNPs. (B) Top
10 food sources of longevity-associated drug BNPs. (C) Top 5 food sources of anticancer
drug BNPs. (D) Top 10 organism sources of all BNPs. (B) Top 10 organism sources
of longevity-associated drug BNPs. (A-E) were ranked by relative abundance. (F) The
number of dietary supplement products found for different categories of molecules. The two
numbers on each bar are: the raw numbers of compounds and the percentage of compounds
under each category found to have dietary supplement products.
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The original databases containing information about organisms and their food

sources were skewed toward those organisms that have received more research attention,

such as Arabidopsis (Table. 4.19). To rectify this bias and ensure a fairer assessment, I

conducted hyper-geometric enrichment on BNP source food terms and organism terms at

the genus level for DrugAge BNPs and anticancer BNPs respectively. The results were then

arranged based on the adjusted p-value (Fig. 4.10A-E, Table. 4.20). With the incorporation

of BNPs, a variety of practical questions pertaining to source organisms, food, and dietary

supplements that contain these compounds can be addressed. As mentioned earlier, the

BNP set derived from this research presents promising opportunities for the development

of drug alternatives targeting multiple symptoms and diseases. However, there is no single

panacea for all ailments, and the same applies to BNPs. Thus, it becomes necessary to

further categorize and subdivide the BNPs into a smaller set that specifically addresses

certain conditions. Source tracking of these smaller sets allows us to explore novel avenues

of research for the betterment of human health. To this end, here, I demonstrate the

source tracking of BNPs using the longevity drug list and anticancer drug list as examples.

By identifying the plethora of compounds in each category, I could better understand the

biological mechanisms of these drugs and the potential benefits of BNPs as drug alternatives.

The food source tracking indicated that general BNP-containing foods were largely

comprised of vegetables and fruits, with 7 out of 10 top enriched foods being vegetables and

the remaining 3 being fruits (Fig. 4.10A). However, when focusing on BNP-containing foods

related to longevity, the top 10 sources were more evenly distributed between vegetables,

grains, and fruits (4, 3, 3, Fig. 4.10B). According to the USDA dietary guidelines, a healthy
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diet should comprise grains, vegetables, fruits, proteins, and lipids (USDA n.d.). Such a

balanced diet has been proven to promote longevity (Lim 2018), particularly regarding

fruits and vegetables (Åhlberg 2021; Dossey 2002). While I were unable to identify any

significant enrichment of anticancer BNP in food sources, this outcome was not unexpected.

Anticancer drugs often have severe effects on dividing cells resulting in higher toxicity levels,

and therefore, the BNP forms of these drugs are typically not found in food.

As for the organisms that contain BNPs (Table. 4.21), as expected, most of them

were plants (Fig. 4.10C). Furthermore, when considering only longevity-associated BNPs

(Fig. 4.10D), the trend remained the same with the majority of the organisms. Inter-

estingly, all the top 10 source organisms identified were commonly known TCMs: Acacia

(wattles), Berberis (barberry), Crataegus (hawthorn), Citrus, Actinidia (kiwifruit), Cur-

cuma (turmeric), Coptis (Huang Lian), Onobrychis (sainfoin), Camellia, and Ilex (Dong

Qing). Previous studies have emphasized the positive effects of TCMs on longevity and

their potential role in enhancing life expectancy (Liu et al. 2017; Wang et al. 2022). More-

over, extracts of active ingredients from some of these top-listed genera, such as Acacia

(Abduljawad 2020), Berberis (Kalmarzi et al. 2019), and Citrus (Fernández-Bedmar et al.

2011) have been reported to promote longevity. With regards to the source organisms for

anticancer BNPs (Fig. 4.10E), some well-known anticancer genera such as Taxus (Malik

et al. 2011), Fritillaria (Al-Snafi 2019) and Camellia (Esghaei et al. 2018) were among the

top-enriched ones.

Lastly, I monitored the details of dietary supplement products containing longevity

drugs, longevity-associated BNPs, anticancer drugs, anticancer-associated BNPs, and BNPs
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in general using DSLD (Fig. 4.10F, Table. 4.22). Understandably, that is uncommon to di-

rectly add approved drugs, especially anticancer drugs as ingredients in dietary supplements.

However, using drug BNPs as search keywords, the discovery rate of longevity-associated

dietary supplement products increased from 45.6% to 74.7%, and from 0.7% to 6.4% for

anticancer-associated products. Therefore, my BNPs can serve as a link between drugs and

food supplements, enabling potential food supplement products to be annotated with drugs

that were originally lacking food supplement information.

Overall, my source tracking on food, organism, and dietary supplement not only

generated some sets of meaningful sets that can be used for future health and dietary

recommendations, but also, on the other hand, has proven that my initial selection of the

BNPs was reasonable.

4.5 Discussions

4.5.1 Extend the Use Cases

My approach has provided a novel way to link drugs with NPs. These drugs can

treat diverse symptoms/diseases which cover a wide range of research areas. One would

need to have a list of drugs or diseases in mind to subset BNPs into smaller research topics.

I used longevity and anticancer lists as examples, but this can be extended to other high-

demand topics, like neurological degenerative drugs, or cardiovascular drugs, .etc. In the

case where there are only a few drugs/diseases of interest. Analyzing data in greater depth

is required, which is also supported by my results. The BNP table could be used to query

specific BNPs, source foods, organisms, and dietary supplements.
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The approach I have developed offers a unique method for linking drugs with BNPs.

This innovation has tremendous potential in treating an array of diseases and symptoms

across multiple research areas. To begin, researchers may create a list of drugs or diseases in

mind and use the resulting information to subdivide the BNPs into smaller research topics.

I have provided examples using longevity and anticancer lists, but this technique could be

adapted to other high-demand topics, such as drugs to treat neurological degeneration and

cardiovascular disease. In some other cases, where the list of drugs of interest is small,

deeper data analysis is required, but still, such requirements can be supported with my

research findings.

For instance, exploring specific drugs from the DrugAge (longevity) list can provide

greater insights into their health benefits and alternative options. Here, I use two popular

diabetic drugs, metformin and acarbose, as an example. They have BNP annotations that

have been tracked from my results (Table. 4.13). The BNP-containing alternatives to these

drugs have been found in many food items commonly consumed in our daily diet, such

as pepper, berry, onion, and others. While some of these food ingredients might contain

sugar, it is reassuring to know that my BNP table provides 1,350 acarbose and 15 metformin

alternative BNP-containing dietary supplements choices for those who are concerned (Table.

4.13). Similarly, another longevity drug curcumin, known for its numerous health benefits,

has also been found in various food sources and dietary supplement products (Table. 4.13).

Previous studies have highlighted that the curcumin dosage for maximum benefits could be

as low as 80mg/day (Cox et al. 2015), equivalent to about 2-3g of turmeric powder. In fact,

turmeric, commonly used in Indian cuisine, has the highest recorded content of curcumin,
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with dry powder containing up to 3.14% (Tayyem et al. 2006). Thus, one can look up my

BNP source food tracking table and look for curcumin-containing food, such as different

types of curries. For groups such as Indians who regularly consume these types of spices,

they may be aware that additional curcumin drugs or supplements may not be necessary.

4.5.2 Limitations

One of the limitations of this study is the lack of knowledge concerning NPs, which

has resulted in a low NP annotation rate (Fig. 4.20A). This study sourced compounds from

various NP databases, so the source organisms for most NPs were identified (75%). There

is a dearth of knowledge on other annotations such as MOA, targets, adverse reports, and

interactions with other compounds, with levels close to 0%. While the study has enabled

drug-BNP linkage, the annotation levels remain low, as highlighted in (Fig. 4.20B). One

alternative method to annotate NPs is using other software to generate direct predictions

rather than relying on drug-BNP linkage. However, selecting an accurate and stable model

is one of the most significant challenges. As additional insights continue to emerge about

the characteristics of NPs, I believe that further promising findings will materialize, further

fueling the research on drug-BNP predictions.

4.5.3 Other Applications

The potential applications of my research findings are far-ranging and exciting.

One notable example is their use in medicinal research, where NPs are often paired with

metabolomes. The discovery of BNPs could help identify metabolome changes that may

have potential benefits and significant implications. On the drug discovery side, monitored

101



analysis of the metabolites present in BNPs could contribute to the development of new

drugs and therapies. Further down the road, a thorough examination of the metabolic path-

ways involved in the biosynthesis and degradation of natural products using metabolome

analysis on BNPs can inform the design of new biotechnological processes.

Moreover, my results can be employed as a valuable tool for maintaining a healthy

diet. By tracking symptoms and drugs, one can identify corresponding BNPs, food, and

food supplements. Conversely, by providing a list of foods, one could track the included

BNPs and trace them back to their associated diseases or drugs. This method enables

the evaluation of one’s diet for the presence of required BNPs, ensuring their intake for

particular medical purposes.

4.6 Conclusions

Through my work, I have achieved significant progress in identifying a set of BNPs

using advanced unsupervised and supervised methods. By focusing on structural and PP

similarities, I have established a large-scale connection between approved drugs and known

NPs, providing a valuable resource for researchers in various fields. For BUDs that failed to

link to any NP, I analyzed the reasons behind the chemical substructures, built prediction

models that can help researchers distinguish between NPs, BSDs, and BUDs. Thus, my

work not only expands the repertoire of known BNPs but also enables more accurate screen-

ing and selection of potentially useful compounds. Furthermore, I have annotated my BNP

set with additional information on their functions, safety, and sources. By tracing a few

examples of BNPs to specific organisms, foods, and supplements, I have demonstrated the
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power of source tracking and its potential applications in various fields. My annotations also

offer new insights into the properties and potential uses of individual compounds, enhancing

their value as resources for drug discovery, metabolic profiling, and healthy nutrition. Over-

all, my work represents a significant step forward in the identification and annotation of

BNPs, with many practical applications and potential benefits in diverse domains. By pro-

viding a valuable resource for scientists and researchers, I hope to facilitate further progress

in the field and contribute to the development of new and effective bioactive molecules.

4.7 Tables

Most tables and files in this study are too big to fit in a text document. For tables,

only the captions are listed in the dissertation. I have uploaded all the files to Synapse at

https://www.synapse.org/bioNPs. The content for tables and files is provided in the online

supplement, and please view them at Synapse.

Table 4.1: All compound metadata. This table includes some logical columns. “1” means
“Yes” or “Present”; “0” means “No” or “Unpresent”.

Table 4.2: All compound PPs. Values are calculated from JDK. SMILES invalid compounds
were removed. PP names are listed in abbreviation. Refer Table. 4.3 for the full names.

Table 4.3: Full PP descriptor names for columns in Table. 4.2.

Table 4.4: CTS mapping information. This table includes possible compound ID mappings
from this study to other databases.

Table 4.5: All compound KEGG mapping. Compound ID mappings from this study to
KEGG.
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Table 4.6: BNP metadata. General information of BNPs selected in this study, including
MOA, targets, disease, source, etc.

Table 4.7: BNP metadata use drug ID as primary key. This table is similar to Table. 4.6,
but instead of using BNP as the key, this table is summarized by drug IDs.

Table 4.8: DrugAge BNP PubMed validation. Number of publications search results using
DrugAge drugs and DrugAge-associated BNPs.

Table 4.9: Anticancer BNP PubMed validation. Number of publications search results using
anticancer drugs and anticancer-associated BNPs.

Table 4.10: BSD BUD pathway enrichment. Raw PFEA results for both BSDs and BUDs.

Table 4.11: Cleaned Global Chem SMARTS for common compounds. This table contains
common chemical structures as SMARTS, which are summarized from various studies by
Global Chem. Empty strings removed.

Table 4.12: Raw substructure search results. Substructure queries made in rdkit. If a
compound has a substructure, it records as “1”, otherwise “0”.

Table 4.13: Substructure frequency difference of NP BUD BSD. This table has substruc-
ture counting and substructure frequencies for NPs, BSDs, BUDs. It also has substructure
frequencies differences between groups, and the table is sorted based on substructure fre-
quencies between BUDs and NPs.

Table 4.14: Kruskal Wallis Test of the importance of features. This table records Kruskal
Wallis Test results using all other compound features to test against the type classification
column (BUD, BSD, NP).

Table 4.15: Best substructure binary stack model composition. Individual models and their
importance in the best-performing BUD-NP predicting stack model.

Table 4.16: LD50 Toxicity predictions by TEST for all compounds.
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Table 4.17: Drug interactions summarized from Drug Bank queries.

Table 4.18: Drug combination adverse effects cleaned from pAERS database.

Table 4.19: Raw compound food source mapping information for all compounds, cleaned
from FooDB.

Table 4.20: Food source enrichment for all BNPs, longevity BNPs, and anticancer BNPs.

Table 4.21: Source organism genus enrichment for all BNPs, longevity BNPs, and anticancer
BNPs.

Table 4.22: Food supplement product information. This table contains food supplement
product information for all compounds, fetched from DSLD database.
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4.8 Additional Figures

Figure 4.11: AA content in NPs. The AA percentage in NPs is compared to the percentage
of protein compounds in ChEMBL database. The solid line indicates the 1% quantile of
the reference content of proteins in ChEMBL database.
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Figure 4.12: Optimization of K for Hclust and Kmeans. The green lines indicate the number
of clusters obtained when K is increased. The red lines indicate when K is increased, the
trend of the number of clusters containing at least one drug and one NP (n). The optimal
K is obtained when the max n is reached for all 4 clusterings.

Figure 4.13: Performance of stack model and RF model for predicting drug likelihood. (A)
ROC curve of models. (B) Error rate of models predicting on independent test compound
set. This set contains NPs and drugs at clinical phases 1-4.
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Figure 4.14: Results in a Database. All results from this research are collected into an SQL
database. Tables generated from this research are located in the Primary Tables and Other
Internal Tables columns. The primary key of each table is in bold. Connections between
tables are marked in solid arrows. Connections to outside sources are marked in dashed
lines.
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Figure 4.15: Determination of the threshold of RF model. (A) The cross-validation error
rate on predicting drugs, NPs, and both on average. (B) The independent test dataset error
rate. The solid line indicates the optimal threshold for cross-validation. The dashed line
indicates the threshold selected in this study for downstream analysis.
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Figure 4.16: Top 10 MOA terms of BSDs (A), BUDs (B), and BUD exclusive terms (C).
The blue terms in (A) are top 10 BUD terms that do not exist in top BSD terms.
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Figure 4.17: Nine typical examples of BUD structures
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Figure 4.18: N/C ratio between NPs, BSDs (substitutable), and BUDs (substitutable).
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Figure 4.19: Top 10 frequency different substructures. (A) BUDs vs. BSDs. (A) BSDs vs.
NPs. Both plots are sorted by the substructure frequency difference from left to right (blue
column).
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Figure 4.20: Annotation rate of NPs. (A) Source annotate rate of NPs. (B) Functional
annotation rate of NPs.
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Chapter 5

Conclusions and Future Work

5.1 Conclusions

In this dissertation, the systemPipe workflow toolkits, including SPR, SPS, and

their supporting packages, are developed. The object-oriented methods in SPR provide a

new way to design, execute, visualize, and report end-to-end workflows systemically. The

functionalities of SPR create a robust environment for automated, reproducible, and scal-

able workflow analysis. Combining the GUI from SPS, a broad spectrum of researchers, even

those with no programming experience, can easily handle data analysis workflows. It is rea-

sonable to believe that systemPipe tools will gain ground in future biological/bioinformatic

research.

The large-scale prediction of drug alternative NPs is established in Chapter 4. It

allows me to obtain a list of drug alternatives from natural sources. Meanwhile, meaningful

annotations of NPs can be associated through the linkage, such as targets, pathways, and

diseases. All results are packaged into a rational database for future researchers to query.
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It is anticipated that this prediction can serve as guidance for future biological experiments

and drug discovery. The results can also be used as a healthy diet tool to query and evaluate

the bio-functionalities of given diets.

5.2 Future Work

As the advancements in sequencing, spectrometers, and other related technologies

in the biological/biomedical field, more data workflows will be developed. These workflow

templates will certainly be demanded in systemPipe toolkits. One direction is to provide

additional templates. A better choice is to continue developing the workflow template

creation functionalities, thereby providing a user-friendly interface to support new custom

templates.

Adding a GUI can be a good future direction for the drug discovery part, even

though I have summarized results in a concise format. Similar to the story of SPR and

SPS, one cannot require all users to be familiar with the command-line interface. In this

case, it is the knowledge to query an SQLite database. Similar databases that have been

mentioned in this dissertation, like PubChem, ChEMBL, and COCONUT, all have a web

interface. Developing a web-based GUI, therefore, will be a critical next step.
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Fernandes, M., Monteiro, P., Grum, T., Cordeiro, R., De-Souza, E. A., Budovsky, A.,
Araujo, N., Gruber, J., Petrascheck, M., Fraifeld, V. E., Zhavoronkov, A., Moskalev, A.
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Malik, S., Cusidó, R. M., Mirjalili, M. H., Moyano, E., Palazón, J. and Bonfill, M. 2011,
‘Production of the anticancer drug taxol in taxus baccata suspension cultures: A review’,
Process Biochem. 46(1), 23–34.

Marco, L. and Carreiras, M. C. 2006, ‘Galanthamine, a natural product for the treatment
of alzheimer’s disease’.

Marik, P. E. and Flemmer, M. 2012, ‘Do dietary supplements have beneficial health ef-

125



fects in industrialized nations: what is the evidence?’, JPEN J. Parenter. Enteral Nutr.
36(2), 159–168.

Martin, T. 2016, ‘Toxicity estimation software tool (TEST) U.S. environmental protection
agency’.

Martin, Y. C., Kofron, J. L. and Traphagen, L. M. 2002, ‘Do structurally similar molecules
have similar biological activity?’, J. Med. Chem. 45(19), 4350–4358.

Mayr, A., Klambauer, G., Unterthiner, T., Steijaert, M., Wegner, J. K., Ceulemans, H.,
Clevert, D.-A. and Hochreiter, S. 2018, ‘Large-scale comparison of machine learning meth-
ods for drug target prediction on ChEMBL’, Chem. Sci. 9(24), 5441–5451.

Mazzio, E., Badisa, R., Mack, N., Deiab, S. and Soliman, K. F. A. 2014, ‘High through-
put screening of natural products for anti-mitotic effects in MDA-MB-231 human breast
carcinoma cells’, Phytother. Res. 28(6), 856–867.

Meyer, F. and Perrier, V. 2021, ‘esquisse: Explore and visualize your data interactively’.

Morgan, M., Obenchain, V., Hester, J. and Pagès, H. 2021, ‘SummarizedExperiment: Sum-
marizedExperiment container’.

Mouselimis, L. n.d., ‘ClusterR: Gaussian mixture models, K-Means, Mini-Batch-Kmeans,
K-Medoids and affinity propagation clustering; 2019. R package version 1.2. 1’.
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