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DEDICATION

To my loved ones.

”If we are going to live so intimately with these chemicals
eating and drinking them,

taking them into the very marrow of our bones -
we had better know something about their nature and their power.”

- Rachel Carson, Silent Spring

ii
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ABSTRACT OF THE DISSERTATION

Computational Models to Assess the Role of Environmental Exposures During
Development

By

Ashley Valentina Schwartz

Doctor of Philosophy in Computational Science

University of California, Irvine, 2025

Associate Professor Uduak George (SDSU), Chair

Environmental exposures during critical periods of development pose significant public health

challenges, yet traditional toxicological assessments often fall short in capturing the multi-

faceted nature of developmental toxicity. In this dissertation, I present an integrative suite of

computational models that harness diverse high-throughput data, from zebrafish transcrip-

tomics to population-level birth records, to predict and elucidate the mechanisms underlying

environmentally induced developmental toxicity.

At the molecular level, I developed a custom Python package, danRerLib, to analyze zebrafish

transcriptomics data and improve developmental toxicity insights. Addressing limited ze-

brafish gene annotation, danRerLib uses orthology mapping to link zebrafish genes to human

counterparts, enabling robust functional enrichment analysis with Gene Ontology and the

Kyoto Encyclopedia of Genes and Genomes.

Expanding on these molecular insights, I applied network modeling and machine learning

techniques to whole-embryo zebrafish transcriptomic datasets to extract organ-specific bioac-

tivity profiles in the pancreas following exposure to a wide set of chemicals. This combined

approach identified key driver genes and potential biomarkers of toxicity in the pancreas,

demonstrating that whole-embryo datasets can be repurposed to gain insights into specific

xvi



organ responses to chemical exposures.

At the population level, I integrated environmental, demographic, and clinical data such as

pregnancy, labor and delivery complications using multilayer network modeling and machine

learning to unravel the complex interactions contributing to birth defect outcomes. By

integrating these data layers, the models provide a more comprehensive understanding of how

various risk factors, including environmental exposures and social determinants of health,

interact to influence developmental toxicity.

Collectively, this work advances predictive toxicology by bridging molecular and population-

level analyses to better understand environmentally induced developmental disorders. By

leveraging network modeling and machine learning, these models identify key molecular

drivers of developmental toxicity and uncover environmental and clinical factors contributing

to birth defect risk.
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Chapter 1

Introduction

Environmental exposures during critical periods of development are increasingly recognized

as major determinants of lifelong health, yet understanding the complex interplay between

exposure and adverse developmental outcomes remains a significant challenge. While tra-

ditional toxicological approaches have provided valuable insights, they often fall short in

capturing the multifaceted nature of developmental toxicity, failing to fully account for the

combined influence of chemical, biological, and social factors. This dissertation addresses

this critical gap by developing a suite of integrative computational models that leverage di-

verse, high-throughput data sources, ranging from zebrafish transcriptomics to population-

level birth records, to elucidate and predict the consequences of environmental exposures

during development. Specifically, this work advances computational modeling strategies,

integrating network modeling, multilayer network analysis, and machine learning, to build

a predictive toxicological framework. This framework aims to not only identify key molec-

ular mechanisms of toxicity in zebrafish but also assess the risk of birth defects in human

populations, considering the influence of real-world environmental and social factors. This

chapter provides a comprehensive introduction to the challenges facing the field of develop-

mental toxicology, reviews the current landscape of modeling approaches, and outlines how
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this research addresses existing gaps through targeted research aims.

1.1 Background

Developmental toxicity, adverse effects on the developing organism resulting from environ-

mental exposures, is a critical public health concern. Environmental pollutants, such as

pesticides, endocrine disruptors, and other emerging contaminants, have been linked to an

increased risk of birth defects, reproductive disorders, and various other adverse health out-

comes [3, 4, 5, 6, 7]. In severe cases, these abnormalities may result in preterm birth, sponta-

neous abortion, or infant mortality. Because developmental processes are highly sensitive to

perturbation, even low-level exposures during critical periods can have lifelong consequences

[8, 9, 10]. Because these issues may persistent or even manifest throughout the lifecourse,

the economic and health burden on individuals can be quite high. Understanding the com-

plex interplay between environmental exposures and developmental outcomes is crucial for

effective prevention and intervention.

Studying the effects of environmental contaminants on human embryonic development is

challenging due to both practical and ethical constraints. Historically, developmental tox-

icology has relied on model organisms—such as rodents or other mammals—to assess the

impact of chemical exposures. However, there has been a strong desire to reduce the use

of these models, which are hindered by longer gestational periods, higher costs, and dif-

ficulties in dynamically monitoring in utero development [11, 12]. While in vitro assays,

such as those used in the EPA’s ToxCast program, offer a higher-throughput approach, they

struggle to predict complex in vivo outcomes, particularly in the context of developmental

toxicity where multiple multiple cell networks, organ systems and developmental processes

are involved [13].
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To address these limitations, the field of developmental toxicology is increasingly leveraging

alternative approaches, including public repositories for zebrafish and human population

studies [14, 15]. Zebrafish (Danio rerio) have emerged as a valuable alternative model for

developmental toxicology [16, 11]. Their genetic similarity to humans, rapid embryonic

development, and transparent embryos that allow real-time observation of developmental

processes make them ideal for high-throughput toxicological screening [17]. The availability

of extensive zebrafish transcriptomic data, often deposited in public repositories like National

Center for Biotechnology Information’s (NCBI) Gene Expression Omnibus (GEO) database,

provides a rich resource for investigating the molecular pathways perturbed by environmental

contaminants [18]. However, interpreting zebrafish transcriptomic data remains a significant

challenge. Incomplete pathway annotations and gaps in mechanistic understanding can

hinder the full biological interpretation of these data. Moreover, while zebrafish offer a

valuable model for studying molecular mechanisms, they cannot fully replicate the complex

environmental and social factors that influence human development.

Complementing these experimental models, human population studies offer invaluable real-

world data on exposure and health outcomes. Datasets from California state agencies, such

as the California Department of Public Health’s Birth Defects Monitoring Program and the

California Office of Environmental Health Hazard Assessment’s (OEHHA) CalEnviroScreen

program, provide historical data on birth defects and environmental pollutants, respectively,

incorporating information on the physical and social environment. These data offer the

opportunity to investigate how factors such as socioeconomic status, environmental pollution

levels, maternal pregnancy complications, and access to healthcare may contribute to the

incidence of birth defects [19].

Despite the richness of these data sources, significant challenges remain in integrating them

and realizing their full potential. Human population studies, while robust in real-world expo-

sure information, are inherently complex. Multifactorial influences, including socioeconomic
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status, demographic variability, and maternal health factors, can confound the analysis of

environmental effects. To date, the analysis of these datasets has been limited to simplis-

tic probabilistic or linear regression methods that are limited in their ability to capture

the complex, multidimensional nature of these datasets and the interplay between health,

environmental, and social factors [20, 21, 22, 23, 19]. This underscores the need for integra-

tive and predictive computational approaches that can bridge the divide between controlled

experimental models and the multifaceted reality of human health outcomes.

Recent advances in systems modeling, machine learning, and artificial intelligence offer pow-

erful tools for dissecting the complex interplay of factors contributing to developmental

toxicity [24, 25, 26, 27, 28, 29, 30]. However, several key challenges persist. For example,

many functional enrichment analysis tools lack comprehensive gene annotations in zebrafish,

which can hinder the full interpretation of transcriptomic data, potentially leading to biased

or incomplete insights into the biological mechanisms affected by toxic exposures. Addition-

ally, integrating whole-embryo datasets optimized for high-throughput toxicity testing into

targeted-organ analyses remains difficult, as does synthesizing disparate data from multiple

sources [31]. Addressing these limitations is critical for developing robust predictive mod-

els that can effectively inform environmental contaminant relationships to adverse health

outcomes.

1.1.1 Research Goal

This dissertation is driven by three overarching research questions aimed at advancing our

understanding of developmental toxicity through integrative computational modeling. First,

can improved gene annotation pipelines for zebrafish, employing techniques like human or-

thology mapping, enhance our biological understanding of how environmental contaminants

affect molecular pathways? Second, can publicly available whole-embryo zebrafish tran-
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scriptomic data be leveraged to assess target-organ toxicity through an integrated modeling

approach that combines network analysis and machine learning? Third, what environmental

and social factors are most associated with birth defect outcomes, and can a novel modeling

strategy that integrates disparate data sources elucidate these complex inter-relationships?

In addressing these questions, this work develops scalable computational tools that bridge

molecular insights with population-level analyses, ultimately advancing predictive toxicology.

1.2 Research Overview

This dissertation focuses on developing and utilizing computational models to understand

how environmental contaminants affect embryonic development. Each computational ap-

proach and modeling strategy presented here is motivated by current gaps in the literature,

with the goal of establishing a foundation for future work and creating a scalable resource

as the volume of data in developmental toxicity continues to grow. The following chapters

directly address the limitations identified in the previous section, representing three indepen-

dent research projects that have culminated in three distinct research projects. While each

chapter is freestanding, they build upon the computational approaches and insights devel-

oped in the preceding chapters, creating a cohesive and progressive narrative. An overview

of the dissertation is provided in Figure 1.1, highlighting the connectivity and progression

of each chapter.

Chapter 2 addresses the critical limitation of incomplete gene annotations in zebrafish, which

hinders the accurate interpretation of transcriptomic data following exposure to environmen-

tal contaminants. Many functional enrichment analysis tools rely on comprehensive gene an-

notations, but zebrafish pathways are often incompletely annotated, potentially leading to

biased or incomplete insights into the biological mechanisms affected by toxic exposures. To

overcome this challenge, Chapter 2 introduces danRerLib, a novel Python package designed
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Figure 1.1: Overview of the dissertation.
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to enhance functional enrichment analysis of zebrafish transcriptomic data. danRerLib lever-

ages human orthology mapping to bridge the annotation gap, enabling researchers to access

a more complete set of gene annotations and gain a more comprehensive understanding of

the biological pathways impacted by environmental exposures. This chapter details the de-

velopment and implementation of danRerLib, demonstrating its utility through a case study

and comparative analyses.

Chapter 3 builds upon the functional enrichment capabilities developed in Chapter 2 and

tackles the challenge of understanding molecular organ-specific developmental toxicity in ze-

brafish. Although whole-organism transcriptomic studies are optimized for high-throughput

screening, they have traditionally been used to assess global effects of chemical exposures

rather than the specific responses of individual organs. Chapter 3 addresses this limitation

by developing an integrative computational framework that combines network analysis and

machine learning to investigate organ-specific toxicity. Using pancreatic toxicity as a model,

this chapter demonstrates how this framework can uncover relationships between chemical

exposures and disrupted developmental pathways within a specific organ, identifying poten-

tial biomarkers and mechanistic insights. This work leverages publicly available zebrafish

transcriptomic data, demonstrating the potential for in silico toxicology to reduce reliance

on animal studies while still extracting valuable biological information.

Chapter 4 extends the computational framework developed in Chapter 3 to address the

complex interplay of factors influencing birth defect outcomes in human populations. Human

studies often analyze environmental exposures and clinical outcomes in isolation, neglecting

the crucial interactions among health, environmental, and socioeconomic variables. Chapter

4 tackles this limitation by applying multilayer network modeling and machine learning to

a large dataset of births in California. This approach allows for the integration of diverse

data types, including environmental exposures, socioeconomic factors, and pregnancy, labor,

and delivery complications, to investigate the complex interplay of factors influencing birth
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defect outcomes. By constructing multilayer networks, this chapter aims to identify key

predictors of birth defects and provide a scalable model for birth defect investigations.

1.3 Summary and Significance

In summary, this dissertation leverages advanced computational modeling techniques to ad-

dress the complex challenge of understanding and predicting developmental toxicity resulting

from environmental exposures. By integrating enhanced transcriptomic analysis, network

modeling, and machine learning, this work provides a multi-scale framework that spans from

molecular mechanisms in zebrafish to epidemiological outcomes in human populations. The

innovative approaches presented here not only fill critical gaps in current modeling strategies

but also offer scalable tools for future research in developmental toxicology and risk assess-

ment. The findings of this study have significant implications for public health, potentially

guiding interventions, regulatory policies, and the identification of emerging environmental

threats.
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Chapter 2

danRerLib: a Python Package for

Zebrafish Transcriptomics

The motivation for Chapter 2 stems from my experiences as a zebrafish researcher confronted

with the challenge of performing functional analysis in a species with incomplete pathway

annotations. Existing bioinformatics tools, largely designed for more popular organisms such

as rodents or humans, do not fully address the unique needs of zebrafish transcriptomics

researchers. In response, we developed danRerLib, a Python package tailored specifically for

zebrafish functional enrichment analysis. This tool not only underpins the research presented

in this dissertation, including further investigations in Chapter 3, but also serves as a resource

for the broader zebrafish research community. The work detailed in this chapter, which has

been published in Bioinformatics Advances [1], outlines the design, implementation, and

evaluation of danRerLib.

Understanding the pathways and biological processes underlying differential gene expression

is fundamental for characterizing gene expression changes in response to an experimental

condition. Zebrafish, with a transcriptome closely mirroring that of humans, are frequently
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utilized as a model for human development and disease. However, a challenge arises due

to the incomplete annotations of zebrafish pathways and biological processes, with more

comprehensive annotations existing in humans. This incompleteness may result in biased

functional enrichment findings and loss of knowledge. danRerLib, a versatile Python package

for zebrafish transcriptomics researchers, overcomes this challenge and provides a suite of

tools to be executed in Python including gene ID mapping, orthology mapping for the ze-

brafish and human taxonomy, and functional enrichment analysis utilizing the latest updated

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) databases.

danRerLib enables functional enrichment analysis for GO and KEGG pathways, even when

they lack direct zebrafish annotations through the orthology of human-annotated functional

annotations. This approach enables researchers to extend their analysis to a wider range of

pathways, elucidating additional mechanisms of interest and greater insight into experimen-

tal results.

danRerLib, along with comprehensive documentation and tutorials, is freely available. The

source code is available at https://github.com/sdsucomptox/danrerlib/ with associated

documentation and tutorials at https://sdsucomptox.github.io/danrerlib/. The pack-

age has been developed with Python 3.9 and is available for installation on the package

management systems PIP (https://pypi.org/project/danrerlib/) and Conda (https:

//anaconda.org/sdsu_comptox/danrerlib) with additional installation instructions on the

documentation website.

2.1 Introduction

Transcriptomics is a widely used methodology for assessing gene expression changes in re-

sponse to experimental conditions and plays a pivotal role in understanding the molecular

mechanisms governing biological processes and disease. RNA-sequencing is the most common
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form of investigating differential gene expression changes that gives an unbiased snapshot

of the transcriptome [32]. The zebrafish (Danio rerio) is an established vertebrate model

for human development and disease, especially in embryonic toxicity studies and develop-

mental biology [14, 33, 16]. With a transcriptome that closely mimics that of humans [34],

zebrafish offer a unique opportunity to investigate the effects of experimental conditions on

gene expression.

The quantification and interpretation of gene expression changes often involve performing

functional enrichment analysis to discern the under- or over-expression of specific biologi-

cal processes or pathways [35]. For example, pharmacologists and toxicologists commonly

conduct functional enrichment analyses to assess the molecular impact of exposures or treat-

ments. Through the analysis, researchers are able to identify key up and downregulated

pathways following exposure [36, 37, 38]. However, existing tools frequently lack tailored

support for zebrafish researchers, and updates to databases like Kyoto Encyclopedia of Genes

and Genomes (KEGG) [39] or Gene Ontology (GO) [40] are not always readily available.

An additional challenge is the fact that many pathways and biological processes, which are

known to also occur in zebrafish, remain unannotated for zebrafish with more comprehen-

sive annotations existing in humans. For instance, KEGG Release 109.1 (Mar 2024) lists

179 pathways for zebrafish and a total of 357 annotated for human. It is important to note

that the KEGG Disease database is only designed for humans, which poses a challenge for

researchers who want to utilize zebrafish as a model for relevant human diseases. The cur-

rent limitations of existing tools may lead to incomplete, outdated, and biased functional

annotation results, which in turn may hinder the interpretation of experimental outcomes.

To address these limitations, we introduce Danio rerio Library, danRerLib, a specialized

Python package for zebrafish researchers utilizing transcriptomics in their research. Uniquely

designed to support the latest genome and annotation builds for KEGG and GO, danRerLib

extends conventional gene tools by providing dedicated gene conversion and functional en-
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richment tools tailored explicitly for zebrafish studies. A primary contribution is the incor-

poration of orthology-based functional enrichment analysis, enabling the study and testing

of pathways and biological processes not currently annotated for zebrafish.

2.2 Materials and Methods

The Python package danRerLib is divided into five key modules: the mapping module, the

KEGG module, the GO module, enrichment module, and the enrichplots module. The func-

tionality and purpose of each of the included modules are described below and highlighted

in Figure 2.1A.

Mapping Module. The mapping module has been designed to convert Gene IDs from different

databases and gene nomenclatures, including National Center for Biotechnology Information

(NCBI) Entrez Gene IDs [41], Ensembl Gene IDs [42], Zebrafish Information Network (ZFIN)

IDs [43], and official Gene Symbols [43]. In addition, the mapping module facilitates orthol-

ogy mapping between human and zebrafish taxonomy, using orthologous genes defined and

managed by ZFIN [43].

KEGG Module. The KEGG module contains tools for the investigation of genes within a

KEGG pathway or KEGG disease. The KEGG pathway database contains pathway maps

that encapsulate our knowledge of cellular and organism-level functions, categorized into

metabolism, genetic information processing, environmental information processing, cellular

processes, organismal systems, and human diseases [39]. The KEGG disease database de-

scribes molecular networks caused by perturbants including gene variants, viruses and other

pathogens, and various environmental factors [44]. One can download a list of genes given a

KEGG pathway or disease ID in any supported Gene ID format.

GO Module. The GO module contains tools to probe information from the Gene Ontol-
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ogy databases including GO Biological Processes (GO BP), GO Molecular Functions (GO

MF), and GO Cellular Components (GO CC). Gene Ontology categorizes gene products

into structured ontologies, providing valuable insights into their biological roles, molecular

activities, and cellular compositions [45]. The GO module allows for the exploration of these

ontologies, allowing users to query ontologies by GO ID and analyze genes based on their

involvement in biological processes, molecular functions, and cellular components. One can

download a list of genes given a GO ID in any supported Gene ID format.

Enrichment Module. The enrichment module is equipped with tools designed for conducting

functional enrichment analysis of gene sets within KEGG pathways, KEGG diseases, and

Gene Ontology (GO) ontologies. Users gain the capability to assess the degree of enrichment

for gene sets based on their datasets of gene expression, determining the overrepresentation

or underrepresentation of genes within specific gene sets. The enrichment module allows

for flexibility to conduct a global analysis across all gene sets or focus on specific IDs or

subsets. Users will receive a detailed data table containing all IDs of gene sets significantly

enriched, depleted, upregulated, or downregulated depending on whether a directional test

is chosen. Two methods of functional enrichment analysis are currently supported including

overrepresentation analysis by Fisher’s Exact Test and the logistic regression method [46, 47].

The p-value of Fisher’s Exact Test is computed utilizing the hypergeometric distribution as

shown in Equation 2.2.

p =

(
a+b
a

)(
c+d
d

)(
N
a+c

) (2.1)

In Equation (1), a is the number of genes in the gene set and significantly expressed, b is

the number of genes not in the gene set that are significantly expressed, c is the number of

genes in the gene set and nor significantly expressed, d is the number of genes neither in the

gene set nor significantly expressed, and N is the total number of genes in the background.
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The logistic regression model can be described using Equation 2.2.

log

(
p

1− p

)
= α + βx (2.2)

Where the explanatory variable x is defined as the negative log of the pvalues for differential

expression, −log(p-value), p is the probability of a gene belonging to a gene set, α is the

intercept and β is the slope parameter. The Wald test is then utilized to assess the evidence

that β is significantly different from zero following a χ2 distribution with one degree of

freedom and is defined in Equation 2.3.

W =

(
β̂

sβ̂

)
(2.3)

The slope parameter β corresponds to the log odds of belonging to a gene set and when

β > 0 the gene set is considered to be enriched [47].

Enrichplots Module. The enrichplots module complements the enrichment module, providing

users with powerful visualization tools to effectively interpret and communicate the results

obtained from functional enrichment analyses. With the enrichplots module, users can cre-

ate a variety of plots, including bar charts, volcano plots, and dot plots. Bar charts can

show the distribution of enriched, depleted, upregulated, or downregulated gene sets across

different categories. Volcano plots help users understand the relationship between statistical

significance and fold change, offering a comprehensive view of significantly altered pathways.

Dot plots offer an alternative visualization method, portraying key enrichment metrics such

as the odds ratio, the significance of the enrichment of the pathway, and the percentage of

significant genes within the pathway. A dot plot example is shown in Figure 2.1 with the

remaining options illustrated in Figure A.1. These visualization tools enable users to extract

meaningful insights and communicate the biological relevance of significantly altered gene

sets more effectively.
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The databases used for the described modules have been built using the latest genome

builds and nomenclature from ZFIN (release Mar 18, 2024), NCBI (FTP release Mar 18

2024), KEGG, and GO at the time of development in March 2024 September 2023 from the

respective databases. The KEGG data is accessed through web API to ensure the latest

online data is being utilized (Release 109.1 API Mar 1, 2024). Database updates will be

updated quarterly. If a user wishes to update to the latest database build, each database can

be rebuilt using the building functions within the modules to ensure the latest information

is being utilized.

2.3 Results

A primary contribution of danRerLib is the ability to streamline functional enrichment anal-

ysis for pathways and gene sets not annotated for zebrafish through orthology. To illustrate

this contribution, we analyzed our previously published RNA-sequencing data of 4 days post

fertilization whole embryo zebrafish following exposure to the environmental contaminant

tris(4-chlorophenyl)methanol (TCPMOH) [37]. In [37], we performed functional enrichment

analysis using LR Path [47], which relies solely on zebrafish annotations. In the current

study, we performed functional enrichment analysis using danRerLib’s cut-off free logistic

regression method and compared the findings using zebrafish annotations alone to those

incorporating additional pathways via orthology. This approach showcases the enhanced

capabilities of danRerLib in expanding the scope of functional enrichment analysis beyond

zebrafish annotated pathways.
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Figure 2.1: Overview of danRerLib modules, capabilities, and pathway enrichment results.
(A) Diagram illustrating the core modules and key functionalities of the danRerLib software
package designed for zebrafish pathway analysis. (B) Visualization of the top 10 upregu-
lated and top 10 downregulated KEGG pathways identified using zebrafish-specific pathway
annotations. (C) Visualization of the top 10 upregulated and top 10 downregulated KEGG
pathways obtained by integrating zebrafish annotations with human pathway annotations
via orthology. In panel (C), pathways that are uniquely discovered through orthology map-
ping are highlighted in yellow. In panels (B) and (C), the dot color indicates the statistical
significance of the regulation (up or down), while the dot size represents the percentage of
significant genes within each pathway.
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2.3.1 Orthology-Based Enrichment Analysis and Expanded Path-

way Identification

Our analysis revealed a significant increase in the number of identified KEGG pathways

when incorporating orthology. We identified 55 significantly upregulated/downregulated

KEGG pathways based on zebrafish annotations alone (p-value < 0.05). The top 10 up and

top 10 downregulated pathways are shown in Figure 2.1B. After expanding the analysis to

include orthology and implementing danRerLib’s hybrid orthology enrichment, we identified

a total of 95 KEGG pathways that were significantly upregulated or downregulated with

the top 10 shown in Figure 2.1C. This is done by leveraging the 65% of human protein-

coding genes having at least one zebrafish ortholog (based on the latest human genome

v.GRC38), emphasizing the importance of orthology-based enrichment analysis in capturing

biologically relevant information that may not be evident in zebrafish annotations alone.

Out of the 55 pathways that were identified as significant using zebrafish annotations, 42

were also found to be present in the human annotation test. However, the identification

of 13 significant pathways exclusively through zebrafish annotations unveils the complex

relationship between human and zebrafish genomes and the need for a hybrid approach,

leveraging zebrafish annotations when available.

2.3.2 Comparison of danRerLib to Existing Tools

To further evaluate danRerLib, we compared its functionalities and results to those of other

prominent enrichment tools including DAVID [48, 49], gProfiler [50], FishEnrichr [51, 52],

GSEApy [53], LRPath [47], clusterProfiler [54, 55], and GOAtools [56]. Table 2.1 outlines

key differences, with danRerLib distinguished by three primary features: dedicated support

for Python workflows in zebrafish transcriptomics, the use of a cut-off-free logistic regression

method for enrichment analysis, and its hybrid orthology-based enrichment approach.
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Among the tools listed, only four, gProfiler, GSEApy, GOATools, and danRerLib, offer

Python support. Of these, danRerLib and gProfiler are the only tools regularly updated with

the latest functional annotation builds for KEGG and GO. However, gProfiler lacks support

for ZFIN gene IDs, requiring users to employ additional tools for zebrafish-specific analyses.

In contrast, danRerLib natively supports ZFIN gene IDs and Python-based workflows.

Using all tools listed in Table 2.1 that support KEGG pathway analysis, we performed

enrichment analysis and compared the total number of significant pathways identified at

p-value < 0.05 (Table 2.2). danRerLib’s orthology-based approach nearly doubled the num-

ber of tested pathways, from 179 to 357, substantially increasing the breadth of the analysis.

Additionally, danRerLib supports pathway depletion analysis, a feature shared only by gPro-

filer and LR Path.

2.3.3 Comprehensive Documentation of danRerLib for Effective

Use

In addition to its technical contributions, danRerLib’s comprehensive and user-friendly docu-

mentation website plays a crucial role in facilitating its adoption by the research community

2.2. The documentation was crafted to ensure accessibility for users with varying levels

of expertise in bioinformatics and zebrafish transcriptomics. It serves not only as a refer-

ence guide but also as an educational resource for understanding enrichment analysis and

orthology-based methods.

The website includes detailed tutorials, use case examples, and an API reference that covers

all core functions of danRerLib. Each tutorial walks users through key features such as data

preparation, running enrichment analyses, and interpreting results. The examples provided

are based on real-world datasets, including a replication of the results shown here, demon-

strating how danRerLib can be applied to different experimental designs. The API reference
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Figure 2.2: An illustration of the danRerLib documentation website, which provides com-
prehensive resources including installation instructions, tutorials, an API reference, and ad-
ditional guides to assist users in implementing danRerLib for zebrafish pathway enrichment
analyses. The webpage is accessible at: https://sdsucomptox.github.io/danrerlib/

index.html.

section of the documentation offers a detailed breakdown of each function, including input

requirements, output formats, and parameter descriptions. By providing this level of de-

tail, users can confidently integrate danRerLib into their existing workflows without needing

to decipher underlying code. Additionally, frequent updates to the documentation ensure

that it remains aligned with the latest version of the package, reflecting any new features or

improvements.

The website also highlights the community support facilitated by GitHub, where users can

report issues, request new features, and engage with other researchers using danRerLib. This
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collaborative approach fosters a growing community around zebrafish transcriptomics and

promotes continuous improvement of the tool.

2.4 Discussion

danRerLib provides a comprehensive solution for functional enrichment analysis in zebrafish

transcriptomics by expanding pathway coverage through orthology-based enrichment. In-

corporating orthology led to the identification of nearly twice as many significant pathways

compared to using zebrafish annotations alone. This finding underscores the importance of

including cross-species annotations to capture a broader range of biological processes and

potential disease mechanisms.

While KEGG lists 179 pathways for zebrafish, it includes 347 pathways for humans. By

enabling users to test these additional human pathways, danRerLib fills a critical gap in

zebrafish research. The ability to prioritize zebrafish-specific annotations while seamlessly

integrating human pathways when necessary ensures that the results remain biologically

relevant to the model organism. Unlike other tools that require manual mapping of zebrafish

genes to human orthologs, danRerLib automates this process, streamlining the workflow for

researchers.

One notable advantage of danRerLib over existing tools is its implementation of a cut-off-free

logistic regression method developed by [47]. This method eliminates the need for arbitrary

significance thresholds in defining differentially expressed genes, which can greatly influence

enrichment results [57]. By offering this cut-off-free approach alongside traditional methods

such as Fisher’s exact test, danRerLib provides flexibility for researchers to choose the most

appropriate method for their analysis. Additionally, because the logistic regression approach

relies on up-to-date annotation databases, danRerLib ensures that the results remain current
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and comprehensive.

The hybrid orthology approach introduced by danRerLib is particularly valuable in ad-

dressing the incomplete functional annotations available for zebrafish. The divergence in

enrichment results between species is partly due to a whole genome duplication event in

teleost fish, leading to the absence of one-to-one orthology for many genes. Based on the

latest human genome build reported in NCBI (v.GRCh38) incorporated in the building of

danRerLib, there are 20,644 human protein-coding genes and 13,508 of these genes have at

least one zebrafish ortholog as reported in ZFIN; therefore, at least 65% of human genes

have at least one zebrafish ortholog. To tackle the complexity of cross-species gene relation-

ships, danRerLib offers a solution that allows users to selectively incorporate only human

annotations that lack counterparts in zebrafish. This approach makes use of zebrafish anno-

tations as the ground truth, enabling researchers to accurately interpret the significance of

pathways in the context of zebrafish-specific genomic intricacies. By selectively incorporat-

ing human annotations only when zebrafish-specific counterparts are unavailable, danRerLib

minimizes the risk of misinterpretation while maximizing pathway coverage. This approach

allows researchers to explore human disease pathways that may otherwise be overlooked in

zebrafish-only analyses.

One of the noteworthy aspects of the methodology proposed with danRerLib is the ex-

amination of pathways that are associated with human disease, given that KEGG disease

annotations are available only for humans. Using zebrafish annotations alone as shown in

Figure 2.1C, we discovered that KEGG metabolic pathways were considerably decreased.

This result is further confirmed in Figure 2.1C with the inclusion of human annotations.

However, by leveraging zebrafish annotations in KEGG and incorporating orthology, we

uncovered additional insights. Notably, inflammatory bowel disease emerged as a top signif-

icantly upregulated pathway. This finding via danRerLib explains the pathological observa-

tion of intestinal effusion in the microscopy images of the zebrafish in [37]. Thus, danRerLib
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provides valuable information about how TCPMOH may be linked to the underpinnings of

disease. These findings using the streamlined orthology based enrichment analysis highlight

the benefit of investigating both zebrafish and human annotations, a method often over-

looked and requiring extra steps in existing methods. Introducing significant pathways and

diseases can assist in comprehending complex disease manifestations that occur following

exposure to chemicals.

Comparison with existing tools further highlights the unique capabilities of danRerLib.

While several tools support KEGG pathway analysis, only danRerLib offers an orthology-

based approach combined with Python-native workflows and regular annotation updates.

Moreover, the inclusion of pathway depletion analysis ensures that researchers can compre-

hensively assess both upregulated and downregulated pathways, providing a balanced view

of transcriptomic changes.

danRerLib provides a tailored and streamlined approach to gene ID conversions, orthology

mapping, and functional enrichment analysis specifically for zebrafish researchers in Python.

The incorporation of orthology enables researchers to overcome the limitations of direct

zebrafish annotations, allowing for the exploration of pathways and biological processes not

previously annotated. Though not all human diseases necessarily occur in zebrafish, nor are

the same molecular processes necessarily conserved in disease progression between species,

identification of these additional pathways can provide keen in-sights into pathophysiology.

Given the growing popularity of Python among researchers, danRerLib provides a valuable

resource for zebrafish researchers to complement bioinformatics workflows in Python while

integrating multiple enrichment methodologies. Furthermore, danRerLib supports users of

all computational experiences, providing comprehensive tutorials that guide users through

the functionalities and maximize the package’s utility.
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Table 2.1: Comparative analysis of functional enrichment tools including danRerLib. Various
enrichment analysis methods, including danRerLib, based on the statistical tests employed,
frequency and scope of knowledgebase updates, and the extent of orthology support. Abbre-
viations used include: BH (Benjamini-Hochberg procedure for controlling the False Discovery
Rate (FDR)), LR (Logistic Regression), and Fisher’s (Fisher’s Exact Test). This compari-
son provides insights into the strengths and limitations of each tool for pathway enrichment
studies.

Enrich-
ment
Tool

Statis-
tical
Test

Web-
Based

Py-
thon
Pack-
age

R
Pack-
age

KEGG
Knowl-
edgebase
Update

GO
Knowl-
edgebase
Update

Adj
p-value
Method

Orth-
ology
Tool

Orth-
ology
Based
En-
rich-
ment
Anal-
ysis

Supports
ZFIN
IDs
for
En-
rich-
ment

DAVID Fishers Yes No No Updated
November
2023

Updated
May 2023

Bonferroni,
BH
FDR,
Two-
stage BH
FDR

Yes No Yes

gProfiler Fishers Yes Yes Yes Updated
01-22-2024

Updated
January
2024

g:SCS
thresh-
old,
Bonfer-
roni, BH
FDR

Yes No No

Fish-
Enrichr

Fishers Yes No Yes KEGG
2019

GO 2018 BH FDR Yes No No

GSEApy Fishers No Yes No KEGG
2019

GO 2018 BH FDR No No No

LRPath LR Yes No Yes Bioconductor
KEGG.db
(2011)

Bioconductor
KEGG.db
(2011)

FDR No No No

cluster-
Profiler

Fishers No No Yes Bioconductor
KEGG.db
(2011) or
option for
latest ver-
sion using
API

Bioconductor
KEGG.db
(2011)

BH FDR Yes No No

GOA-
tools

Fishers No Yes No No KEGG
support

Latest
Version
(updates
automati-
cally)

Bonferroni,
BH FDR

No No No

danRer-
Lib

Fishers
and
LR

No Yes No Latest
Version
(updates
automati-
cally)

Latest
Version
(updates
automati-
cally)

Bonferroni,
BH FDR

Yes Yes Yes
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Table 2.2: Comparison of KEGG pathway functional enrichment analysis results for various
enrichment methods including danRerLib. The number of included KEGG pathways is
the number of zebrafish annotated pathways available to test against while the danRerLib
orthology enrichment tool includes zebrafish annotated pathways when they exist and those
mapped to zebrafish from human annotated pathways.

Enrichment
Tool

Number of
Included
KEGG Path-
ways

Number of
Enriched
KEGG Path-
ways

Number of
Depleted
KEGG Path-
ways

Number of
Upregulated
KEGG Path-
ways

Number of
Downregu-
lated KEGG
Pathways

DAVID 178 10 N/A 1 15
gProfiler 179 7 0 1 6
FishEnrichr 151 14 N/A 5 14
GSEApy 151 14 N/A 5 14
clusterProfiler 179 17 N/A 7 20
LRPath 155 17 12 25 13
danRerLib
enrich fishers

179 17 3 7 20

danRerLib
enrich logistic

179 16 17 29 26

danRerLib
enrich fishers
orthology

357 26 14 17 27

danRerLib
enrich logistic
orthology

357 24 50 60 35
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Chapter 3

Integrating Network Analysis and

Machine Learning to Elucidate

Chemical-Induced Pancreatic Toxicity

in Zebrafish Embryos

The motivation for Chapter 3 arose from the plethora of publicly available data gene ex-

pression data following exposure to a wide array of environmental chemicals. With an

ever-increasing number of chemicals being identified, there is a unique need to support

their toxicological evaluation using high-throughput methodologies. In particular, zebrafish

whole-embryo datasets offer an attractive platform for high-throughput screening, and we

hypothesized that these datasets could be further probed to extract organ-specific bioactiv-

ity insights. To this end, we sought to integrate network modeling with machine learning to

predict the toxicity profile of chemicals on a target organ, specifically the pancreas, a well-

known target of chemical-induced toxicity. By re-analyzing each included dataset through a

uniform pipeline and applying danRerLib (developed in Chapter 2) for functional enrichment
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testing, we aimed to combine mechanistic insights from transcriptomic data with chemical

properties to predict organ-specific toxic effects. This approach not only lays the ground-

work for investigating other target organs in the future but also capitalizes on the growing

volume of zebrafish gene expression data. The results of this combined network and machine

learning analysis, which is currently published in Toxicological Sciences [2], are presented in

this chapter.

Zebrafish (Danio rerio) are a popular vertebrate model for high-throughput toxicity testing,

serving as a model for embryonic development and disease etiology. However, standardized

protocols using zebrafish tend to explore pathologies and behaviors at the organism level,

rather than at the organ-specific level. This study investigates the effects of chemical expo-

sures on pancreatic function in whole-embryo zebrafish by integrating network analysis and

machine learning, leveraging widely-available datasets to probe an organ-specific effect. We

compiled transcriptomics data for zebrafish exposed to 53 exposures from 25 unique chem-

icals, including halogenated organic compounds, pesticides/herbicides, endocrine-disrupting

chemicals, pharmaceuticals, parabens, and solvents. All raw sequencing data were processed

through a uniform bioinformatics pipeline for re-analysis and quality control, identifying

differentially expressed genes and altered pathways related to pancreatic function and de-

velopment. Clustering analysis revealed five distinct clusters of chemical exposures with

similar impacts on pancreatic pathways with gene co-expression network analysis identify-

ing key driver genes within these clusters, providing insights into potential biomarkers of

chemical-induced pancreatic toxicity. Machine learning was utilized to identify chemical

properties that influence pancreatic pathway response, including average mass, biodegrada-

tion half-life. The random forest model achieved robust performance (4-fold cross-validation

accuracy: 74%) over XGBoost, support vector machine, and multiclass logistic regression.

This integrative approach enhances our understanding of the relationships between chem-

ical properties and biological responses in a target organ, supporting the use of zebrafish

whole-embryos as a high-throughput vertebrate model. This computational workflow can be
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leveraged to investigate the complex effects of other exposures on organ-specific development.

3.1 Introduction

Environmental pollutants and pharmaceuticals pose significant health risks, potentially con-

tributing to various diseases and developmental disorders. With the continuous development

of new chemical compounds, there is a growing need for effective toxicological evaluation.

The EPA’s Toxicity Forecaster (ToxCast) program has been instrumental in evaluating a

diverse set of chemicals using in vitro assays and has included predictions for many non-

evaluated chemicals using computational (in silico) models [58, 59, 60]. Though modernized

approaches, including microphysiological systems and other new approach methodologies

(NAMs) have aided in the accuracy of these predictive models for in vivo extrapolation,

complex processes like embryonic development and other endocrine or multi-organ physio-

logical effects can be difficult to predict in vitro [61, 13].

The zebrafish (Danio rerio) is a popular high-throughput vertebrate model for developmental

toxicity studies, especially those utilizing non-targeted analysis for molecular and pathway

bioactivity [11, 16]. Zebrafish are an advantageous model for developmental toxicology, offer-

ing large clutches of embryos, external fertilization, quick embryogenesis (3 days vs. 3 weeks

in rodents) and similarity (>70%) to the human genome [34]. There is an ever-growing body

of literature from our group and others that investigates the impacts of chemical exposures

on embryonic development by assessing gene expression alterations following exposure using

RNA sequencing (RNA-Seq). In a typical zebrafish toxicity study, whole embryos are pooled

for RNA-Seq. This methodology is advantageous to support high-throughput screening, as

it does not require the dissection of targeted organs—which is particularly challenging in

zebrafish due to their small size. Additionally, exposures and embryo collection can be

automated, minimizing human intervention and improving experimental efficiency [62].
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However, one major limitation of this bulk RNA-Seq approach for zebrafish embryotoxicity

studies is the inability to probe tissue- or organ-specific effects of a chemical. Because samples

include a myriad of tissue and cell types at different states of differentiation, it can be difficult

to make conclusions about the impacts of the exposure on the organogenesis of a specific

tissue. In this way, zebrafish may yet be disadvantageous for organogenesis-stage studies

compared to other mammalian models. However, computational approaches that exploit

the known molecular pathways and responses of particular cells and tissues in zebrafish may

help to overcome these limitations.

In this investigation, we utilize computational approaches to delve deeper into a wide set of

whole embryo transcriptomic datasets to assess organ-specific gene expression, namely in the

pancreas. The pancreas is a complex organ that governs metabolic functions and possesses

both endocrine and exocrine functions. Pancreatic organogenesis is a highly conserved pro-

cesses between vertebrates including zebrafish and humans [63] and has been shown to be

particularly sensitive to chemical exposure [64, 65, 66, 67, 68, 69, 70]. In addition to struc-

tural similarities, pancreas disease states, such as diabetes, are conserved between zebrafish

and humans [71, 72]. Given its importance and frequent involvement in toxicity responses,

the pancreas provides a compelling case study for our computational framework.

To investigate genes involved in pancreatic development and function, we leverage the func-

tional annotation databases Kyoto Encyclopedia of Genes and Genomes (KEGG) [39] and

Gene Ontology (GO) Biological Processes (BP), Cellular Components (CC), and Molecu-

lar Functions (MF) [40]. By utilizing these classifications, we can efficiently analyze the

vast amount of gene expression data generated from zebrafish exposed to a wide range of

chemicals. Traditional computational analyses compare control and exposed groups to iden-

tify expression changes, using statistical techniques to identify specific genes and pathways

affected by chemical exposure. However, these methods are limited for larger datasets.

To address this limitation, we propose a novel approach integrating network analysis and

28



machine learning. Gene co-expression networks have emerged as powerful methodologies

for investigating complex gene expression correlations between chemical exposures [18, 73].

These networks, where nodes represent genes and links depict relationships, are particularly

useful as gene interactions are crucial for understanding biological functions and disease.

Network analysis, which can depict the complex interactions between entities, is widely used

to investigate biological systems [74, 75]. These networks can reveal key driver genes involved

in responses to chemical exposure. Additionally, supervised machine learning algorithms

trained on labeled data can predict chemical toxicity based on chemical properties [76, 28].

To our knowledge, no study has yet integrated network analysis and machine learning to

identify chemical properties influencing observed gene expression changes in zebrafish. We

hypothesize such analysis can provide a comprehensive understanding of the relationship

between chemical properties and the resulting biological response. Therefore, the primary

goal of this study is to aggregate publicly available chemical exposure embryonic toxic-

ity datasets and determine the relationships between chemical properties and pancreatic

gene expression changes using network analysis and machine learning. This approach of-

fers valuable insights into mechanisms underlying chemical-induced developmental toxicity

and establishes a framework for future investigations utilizing zebrafish for comprehensive

toxicological screening.

3.2 Materials and Methods

3.2.1 Data Acquisition and Study Inclusion Criteria

Transcriptomic datasets from zebrafish embryos exposed to environmental pollutants and

pharmaceuticals were obtained from the Gene Expression Omnibus (GEO) [77], a publicly

accessible repository maintained by the US National Center for Biotechnology Information
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(NCBI) that hosts a diverse collection of high-throughput sequencing datasets. To ensure

dataset relevance and comparability across studies for downstream analysis, certain criteria

were established. Inclusion criteria encompassed (1) the availability of raw transcriptomic

RNA sequencing data in GEO, (2) RNA-Seq sourced from pooled whole zebrafish embryos

between 4- and 7-days post-fertilization (dpf), (3) exposure to environmental stimuli, (4)

exposure occurred during development, and (5) exposure administered through the aquatic

environment. Studies that did not meet these inclusion criteria were excluded from further

analysis. To ensure a systematic selection process, we applied both automated and man-

ual exclusion steps. Automated exclusion removed studies that did not contain relevant

keywords related to development (e.g. development, larval), or exposure (e.g. chemical, ex-

posed, treated). Manual exclusion was performed by reviewing study meta-data and full-text

and removing those that sequenced isolated tissues instead of whole embryos, collected em-

bryos outside the 4-7 dpf window, or used an invalid exposure type, such parental or dietary

exposures, as well as those examining chemical mixtures rather than individual chemical

effects. A detailed breakdown of the selection process is provided in Figure 3.1. From the

21 datasets meeting inclusion criteria in GEO, we retrieved 26 unique chemicals and 53

distinct chemical exposures, as shown in Table 3.1. Here, “unique chemicals” refer to indi-

vidual chemical compounds included in the dataset, whereas “distinct chemical exposures”

account for multiple experimental conditions per chemical, such as different concentrations

and exposure durations. Each chemical exposure was categorized into one of the following

groups: Halogenated Organic Compounds (HOCs), Pesticides/Herbicides, Endocrine Dis-

rupting Chemicals, Pharmaceuticals/Drugs, Parabens, and Solvents/Others.

Upon identification of relevant datasets meeting the criteria, a thorough screening process

was conducted to ensure data quality and consistency for subsequent differential expression

analysis. This screening process aimed to mitigate potential biases arising from technical

variability and study-specific factors which have been shown to impact meta-analysis of

zebrafish transcriptomic studies [78].
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Figure 3.1: PRISMA flow diagram of GEO dataset screening and selection. The systematic
process used to screen and select datasets from the Gene Expression Omnibus (GEO). After
applying predefined inclusion and exclusion criteria, a final set of 21 GEO datasets was
retained, representing 26 unique chemicals and 53 distinct chemical exposures.
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Chemical properties for each chemical exposure were obtained from the Environmental Pro-

tection Agency CompTox Dashboard [79, 80]. Properties retrieved from the dashboard

include the average mass, monoisotopic mass, physiochemical properties, and environmental

fate and transport. The full list of chemical properties is provided in Tables B.1 and B.2.

For each chemical property, the reported predicted median was used for chemical property

analysis.

Table 3.1: Summary of chemical exposures curated from the Gene Expression Omnibus
(GEO). The dataset comprising of 53 distinct chemical exposures from 21 GEO datasets,
representing 26 unique chemicals and 53 distinct chemical exposures included in the dataset.
Each exposure was selected based on predefined criteria and categorized into chemical
groups such as Halogenated Organic Compounds, Pesticides/Herbicides, Endocrine Disrupt-
ing Chemicals, Pharmaceuticals/Drugs, Parabens, and Solvents/Others.

GSE Chemical
Full Name

Chemical
Short
Name

Chemical La-
bel(s)

Dose(s) Chemical
Type

Age
(dpf)

Cita-
tion

GSE114356 Perfluoro-
butane-
sulfonic
Acid

PFBS PFBS 16uM,
PFBS 32uM

16 µM,
32 µM

Perfluoroalkyl
Substances

4 [68]

GSE118955 3,3’-
Dichloro-
biphenyl

PCB-11 PCB11 20.2uM 20.2 µM Halogenated
Organic Com-
pounds

4 [81]

GSE144525 Perfluoro-
octane-
sulfonic
acid

PFOS PFOS 0.6uM A,
PFOS 4.1uM

0.6 µM,
4.1 µM

Perfluoroalkyl
Substances

4 [82]

GSE164074 Perfluoro-
octane-
sulfonic
acid

PFOS PFOS 40uM 40 µM Perfluoroalkyl
Substances

4 [83]

GSE164074 Sodium p-
perfluorous
nonenoxy-
benzene
sulfonate

OBS OBS 32uM,
OBS 48uM

32 µM,
48 µM

Perfluoroalkyl
Substances

4 [83]

GSE164128 Cannabidiol CBD CBD 0.5uM 0.5 µM Pharmaceuticals/
Drugs

4 [84]

GSE164128 Tetrahydro-
cannabinol

THC THC 4uM 4 µM Pharmaceuticals/
Drugs

4 [84]

GSE165920 Tris(4-
chlorophenyl)
methane

TCPM TCPM 50nM
acute

50 nM
(acute)

Halogenated
Organic Com-
pounds

4 [37]

Continued on next page
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Table 3.1 – continued from previous page

GSE Chemical
Full Name

Chemical
Short
Name

Chemical La-
bel(s)

Dose(s) Chemical
Type

Age
(dpf)

Cita-
tion

GSE165920 Tris(4-
chlorophenyl)
methanol

TCPMOH TCPMOH 50nM
acute

50 nM
(acute)

Halogenated
Organic Com-
pounds

4 [37]

GSE198106 Tris(4-
chlorophenyl)
methane

TCPM TCPM 50nM 50 nM Halogenated
Organic Com-
pounds

4 [70]

GSE198106 Tris(4-
chlorophenyl)
methanol

TCPMOH TCPMOH 50nM 50 nM Halogenated
Organic Com-
pounds

4 [70]

GSE232317 Boscalid Boscalid Boscalid 8.7nM 8.7 nM Pesticide/ Herbi-
cide

4 GEO

GSE232317 M510F01 M510F01 M510F01 8.4nM 8.4 nM Pesticide/ Herbi-
cide

4 GEO

GSE113676 Bisphenol A BPA BPA 0.4uM,
BPA 4.4uM,
BPA 17.5uM

0.4 µM,
4.4 µM,
17.5 µM

Endocrine Dis-
rupting Chemi-
cals

5 [85]

GSE125072 Perfluoro-
octane-
sulfonic
acid

PFOS PFOS 60nM,
PFOS 0.6uM B,
PFOS 2uM

60 nM,
0.6 µM,
2 µM

Perfluoroalkyl
Substances

5 [86]

GSE139599 Tributyltin TBT TBT 3nM,
TBT 30nM,
TBT 100nM

3 nM,
30 nM,
100 nM

Endocrine Dis-
rupting Chemi-
cals

5 [87]

GSE146199 Triptolide Triptolide Triptolide 1.6uM 1.6 µM Pharmaceuticals/
Drugs

5 [88]

GSE239773 Ethyl-Para-
hydroxy-
benzoates

EtP EtP 1.5uM,
EtP 7.3uM,
EtP 72.6uM

1.5 µM,
7.3 µM,
76.2 µM

Paraben 5 [89]

GSE239773 Methyl-
Para-
hydroxy-
benzoates

MtP MtP 3.1uM,
MtP 15.4uM,
MtP 154.1uM

3.1 µM,
15.4
µM,
154.1
µM

Paraben 5 [89]

GSE239773 Propyl-
Para-
hydroxy-
benzoates

PrP PrP 0.49uM,
PrP 2.42uM,
PrP 24.2uM

0.5 µM,
2.4 µM,
24.2 µM

Paraben 5 [89]

GSE80221 Cortisol Cortisol Cortisol 1uM 1 µM Pharmaceuticals/
Drugs

5 [88]

GSE93310 2,2’,4,4’,5,5’-
hexachloro-
biphenyl

PCB-153 PCB153 0.1uM,
PCB153 1uM,
PCB153 10uM

0.1 µM,
1 µM,
10 µM

Halogenated
Organic Com-
pounds

5 [90]

GSE98741 3,3’,4,4’,5-
Pentachloro-
biphenyl

PCB-126 PCB126 0.3nM,
PCB126 1.2nM

0.3 nM,
1.2 nM

Halogenated
Organic Com-
pounds

5 [91]

GSE168194 Tritiated
water

HTO HTO 3.3uM 3.3 µM Solvents/Other 7 [92]

GSE172111 Ethanol EtOH EtOH 217mM 217 mM Solvents/Other 7 [93]

Continued on next page
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Table 3.1 – continued from previous page

GSE Chemical
Full Name

Chemical
Short
Name

Chemical La-
bel(s)

Dose(s) Chemical
Type

Age
(dpf)

Cita-
tion

GSE217875 Citalopram CIT CIT 30.8nM,
CIT 3.1uM

30.8
nM, 3.1
µM

Pharmaceuticals/
Drugs

7 [94]

GSE217875 Ifosfamide IFO IFO 3.8nM,
IFO 0.4uM

3.8 nM,
0.4 µM

Pesticide/ Herbi-
cide

7 [94]

GSE224522 Afidopyropen Afid Afid 0.2nM,
Afid 1.7nM

0.2 nM,
1.7 nM

Pesticide/ Herbi-
cide

7 GEO

GSE224522 Atorvastatin AVS AVS 0.2nM,
AVS 1.8nM

0.2 nM,
1.8 nM

Pharmaceuticals/
Drugs

7 GEO

GSE236484 Broflanilide Bro-
flanilide

Broflanilide
1.5nM,
Broflanilide
15.1nM

1.5 nM,
15.1 nM

Pesticide/ Herbi-
cide

7 [95]

3.2.2 RNA-Seq Quality Control, Alignment, and Differential Ex-

pression Analysis

Raw RNA-Seq data obtained from each study underwent standardized processing through a

uniform bioinformatics pipeline to mitigate potential bias stemming from software and data

analysis variability across studies (Figure 3.2, Step 1). This added preprocessing step ef-

fectively minimizes experimental and technical variations across studies and was automated

using an in-house bash script. Initially, raw FASTQ files were retrieved from the Sequence

Read Archive (SRA) run selector and subjected to quality assessment using FASTQC v0.12.1

[96]. Reads were assessed for quality scores of 20 or above, and any below-threshold reads

were removed through trimming using cutadapt v4.4 [97]. The reference genome index was

built using STAR with the NCBI zebrafish genome GRCz11 and annotation file. Subse-

quently, alignment to the zebrafish genome was performed using STAR v2.7.10b, followed

by quantification of gene expression levels for each sample within the dataset using feature-

Counts v 2.0.1 [98, 99]. Given the scale of data involved, all computational analyses were
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executed on a high-performance computing (HPC) platform consisting of 14 nodes, each

with 16-20 cores and up to 264 GB of RAM per node. This HPC platform enabled efficient

management of the extensive dataset and facilitated the deployment of an automated bash

script for parallelizing the software utilized across compute nodes.

To determine differential expression patterns between treatment conditions and respective

controls, the DESeq2 package was employed to calculate log2 fold changes in expression

[100]. Each chemical sample was compared to its corresponding control within the original

study to account for any inherent study design biases. All gene differential expression and

associated p-values for each chemical exposure were aggregated into a consolidated data file

for comprehensive analysis. Following aggregation, the dataset comprised 22,889 genes with

log2 fold change values and associated p-values for each chemical exposure, indicative of a

balanced gene expression dataset despite stemming from multiple studies.

3.2.3 Curation of Pancreas-Related Pathways and Genes

Wemanually curated a list of pancreas-related genes, pathways and diseases available through

gene and pathway annotation databases in order to ascertain impacts of chemical exposures

on the developing pancreas from a whole-embryo sample (Figure 3.2, Step 2). Pathways,

biological processes, and disease annotations related to pancreas function and development

were curated from two primary sources: the Kyoto Encyclopedia of Genes and Genomes

(KEGG) Pathway and Disease database, and the Gene Ontology (GO) database encompass-

ing Biological Processes (BP), Molecular Functions (MF), and Cellular Components (CC)

[39, 40]. We obtained a total of 100 curated gene sets spanning pancreatic functions and

disease such as development, glucoregulation, cancer, and diabetes. For simplicity, each gene

set is referred to as pathways regardless of whether the gene set was obtained from KEGG

Pathway, KEGG Disease, GO BP, GO CC, or GO MF. A comprehensive list of curated
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Figure 3.2: Schematic overview of the analysis pipeline. Following data curation and se-
lection, this flowchart details the subsequent analysis steps: data preprocessing, feature
extraction, machine learning model training, and model validation. The pipeline also inte-
grates pathway enrichment and network analyses to predict cluster membership for chemical
exposures, offering a clear and reproducible workflow.

pathways is provided in Table S2 and categorized into four groups: pancreas development,

diabetes, pancreas diseases (including pancreatic cancer), and glucoregulation.

The genes related to pancreas function are those included within at least one of the curated

pancreas pathways. After identifying the pancreas-related genes, a total of 736 genes with

log2 fold change values and associated p-values were detected for each chemical exposure.

This focused dataset of 736 genes provides a targeted framework for analyzing the impact of

chemical exposures on pancreas-related genes, offering valuable insights into the differences

in gene expression between chemical exposures.
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3.2.4 Pancreas Pathway and Disease Functional Enrichment Anal-

ysis

To identify biological processes and disease mechanisms potentially affected by the chemi-

cal exposures, we performed pathway enrichment analysis on the curated pancreas-related

pathways from KEGG and GO (Figure 3.2, Step 2). However, we found many of these path-

ways lacked complete gene annotations for zebrafish, while having complete annotations for

humans. To overcome this limitation and ensure comprehensive analysis, we utilized dan-

RerLib (v0.1.5), a specialized Python package designed for zebrafish functional enrichment

studies [1]. This tool facilitates the examination of pathways lacking zebrafish-specific an-

notations by leveraging human orthology. Each chemical exposure underwent evaluation for

enrichment across all curated pancreas-related pathways. When zebrafish-specific annota-

tions were available, they were prioritized; otherwise, human-annotated pathways were tested

via orthology, ensuring comprehensive pathway analysis despite potential species-specific an-

notation limitations (Table B.3). Enrichment analysis results were quantified using log odds

ratios and associated p-values for each pathway of interest computed from the cut-off free

logistic regression method facilitated by danRerLib [46, 1].

3.2.5 Clustering of Chemicals Based on Pancreatic Pathway Re-

sponse

To identify patterns and relationships between different chemicals based on their impact

on pancreatic function, unsupervised machine learning in the form of hierarchical cluster-

ing was employed (Figure 3.2, Step 3). This method allowed for the visualization of the

similarity and divergence of pathway responses to various chemical exposures. Clustering

was performed using the log odds ratio of enrichment for pancreas-related pathways. More

specifically, hierarchical agglomerative clustering with Ward linkage, which minimizes the
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within-cluster variance, was applied to the matrix of log odds ratio of enrichment using the

SciPy Python package v1.13.0 [101]. This algorithm iteratively merged clusters of chemicals

with the highest similarity in their pathway enrichment profiles, producing a dendrogram

that illustrates the hierarchical relationships between the chemicals. By clustering chemi-

cals based on the log odds ratio of pathway enrichment, distinct groups of chemicals with

similar impacts on pancreatic function were identified. This methodological approach facili-

tated the understanding of shared and unique impacts on pancreatic function among various

environmental exposures.

3.2.6 Pancreas Gene Co-expression Network Construction and

Centrality Analysis

Pancreas-specific gene co-expression networks were utilized within these clusters to pinpoint

key driver genes potentially contributing to the observed effects (Figure 3.2, Step 4). These

gene co-expression networks were developed in Python using the NetworkX library v3.3 [102].

Pancreas genes are defined as those involved in at least one of the curated pancreas pathways

as described previously (Table B.3). To identify the key pancreas genes that drive network

connections, two types of networks were created: one encompassing all chemical exposures

and one for each distinct cluster of chemicals identified in the clustering analysis.

For each chemical exposure, the log2 fold change for the 736 pancreas-related genes were

extracted as described previously. Pearson correlation coefficients were computed for all

pairs of genes to measure the strength of their co-expression. Separate correlation matrices

were generated for the entire dataset of chemical exposures and for each chemical cluster.

The Pearson correlation coefficient, r, between two genes, i and j, is calculated using the
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formula in Eq 3.1.

rij =

∑n
k=1 (xik − x̄i) (xjk − x̄j)√∑n

k=1 (xik − x̄i)
2∑n

k=1 (xjk − x̄j)
2

(3.1)

In Eq 3.1, xik and xjk are the log2 fold change values for genes i and j for chemical exposure

k, and x̄i and x̄j are the mean log2 fold change values of genes i and j across all exposures

or within a cluster.

Next, we converted the correlation matrices into undirected weighted gene co-expression

networks. Each gene co-expression network is represented by a mathematical graph G =

(N, E, f : N ×N) where N is the set of nodes, E is the set of edges, and f is the mapping

function that links node pairs through edges [103]. Each node ni ∈ N in the network

represents a pancreas gene and each edge ei,j ∈ E represents the significant correlations

between any gene pairs ni and nj. For an edge to be included within the network, Pearson’s

correlation between any two genes must exceed the predefined threshold |r| > 0.7, ensuring

network edges represent strong correlations. The graph mapping function f : N × N may

be represented by an adjacency matrix, A, that indicates the weighted edges composing the

network topology. Specifically, for entries aij ∈ A, aij = |rij| if |r| > 0.7 and 0 otherwise.

Network centrality analysis was conducted on the networks to identify key pancreas genes

governing network topological properties. Key pancreas genes investigated include the genes

with the top degree centrality and the top betweenness centrality [104]. A high degree cen-

trality indicates a gene that has many connections within the network and is therefore highly

correlated with other genes. Degree centrality D for node ni in the weighted co-expression

network is computed as D (ni) =
∑

j ̸=i Aij. A high betweenness centrality indicates a gene

that has a key position as a link between larger clusters of co-expressed genes. Betweenness

centrality B(ni) for node ni is computed as B (ni) =
∑

s ̸=ni ̸=t
σst(ni)
σst

where σst is the total

number of shortest paths from node s to node t, and σst(ni) is the number of those paths
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that pass through node ni. The nodes, or genes, that have high degree centrality and/or

betweenness centrality are referred to as “hubs” and “bottlenecks” respectively.

3.2.7 Machine Learning Prediction of Chemical Effects on the De-

veloping Pancreas

To better understand the chemical properties that influence altered gene expression, we em-

ployed supervised machine learning techniques (Figure 3.2, Step 5). Chemical properties

were aggregated from the CompTox Dashboard to create a comprehensive chemical property

feature space (Tables B.1 and B.2). Additionally, experimentally relevant features were in-

corporated, including micromolar concentration, zebrafish age at RNA collection, exposure

duration, repeated exposure (static vs. repeated dosing), and fish strain. Missing values

within the feature space were handled using median imputation [105] to ensure the com-

pleteness and robustness of the dataset. The target variable for the machine learning model

was the cluster identifier for each chemical exposure. The primary objective was to predict

the Cluster ID of a chemical, and consequently infer its impact on pancreatic function, based

chemical properties while accounting for biological and experimental properties rather than

direct gene expression alterations.

Several machine learning algorithms were tested, including random forest, XGBoost classifier,

support vector machine (SVM), and multiclass logistic regression. To ensure robust and

reliable performance metrics that are not dependent on a single train/test split, the models

were trained and validated using a stratified 4-fold cross-validation approach. This approach

helps maintain the relative distribution of classes in each fold, thereby preserving the original

class proportions throughout the cross-validation process [106].

Feature importance was assessed to identify which chemical properties were most influential

in determining the cluster assignment using SHAP (SHapley Additive exPlanations) [107].

40



SHAP values are a method to explain the output of machine learning model using model

features and comes from the SHAP values for cooperative game theory. The formula for

SHAP values can be explained by Eq 3.2, where K is the set of all features, S is a subset

of the features excluding i, fx(S ∪ {i}) represents the instance x with only the features in

subset S and including feature i, and fx(S) is the prediction of the model when only the

features in S are known [108].

ϕ (xi) =
∑
S⊆Ki

|S|! (K − |S| − 1)!

K!
[fx (S ∪ {i})− fx (S)] (3.2)

Multiple machine learning validation metrics were computed, including accuracy, precision,

recall, and the F1-score [109]. Accuracy measures the proportion of times the model correctly

predicts Cluster ID. Precision measures the proportion of true positives among all positive

predictions. Recall measures the proportion of true positives among all actual positives.

The F1-score is the harmonic mean between both precision and recall. Precision, recall, and

F1-score were weighted according to class membership to account for any imbalances in the

dataset. The mean and standard deviation of each metric across all cross validations were

computed. Machine learning model building, and validation was conducted using the SciPy

Python package [101].

3.3 Results

3.3.1 Unveiling Chemical Clusters Based on Pancreatic Function

Alterations

To determine the similarities and differences in pancreatic function responses to various

chemical exposures, hierarchical clustering was employed on the log odds ratio of pathway
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Figure 3.3: Heatmap of zebrafish pancreas pathway enrichment response to 53 chemical expo-
sures. The log odds of enrichment for 100 curated pathways related to pancreatic function.
Darker red shades indicate upregulation while darker blue shades denote downregulation.
Each chemical exposure is annotated by its chemical type and assigned to one of five clusters
(labeled 1–5) shown along the left.

enrichment scores for each chemical. This analysis allowed for the identification of distinct

clusters of chemicals with similar impacts on pancreatic pathways, revealing patterns of
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pathway response across different chemicals. Hierarchical clustering resulted in five distinct

clusters, as illustrated in Figure 3.3. Clusters 4 and 5 were identified by visually subdividing

a larger cluster, which included both Clusters 4 and 5, despite not strictly adhering to the

dendrogram cutoff.

Cluster 1 represented all nine paraben chemical exposures included within the dataset and

was the most distinct from any other chemical exposure responses. This suggests that the

pancreas pathway response to parabens is unique among the chemical types, regardless of ex-

posure level. Cluster 2 comprised of the majority of pesticide/herbicides chemical exposures

and three other pharmaceutical drug chemical exposures. Cluster 3 included perfluoroalkyl

substances (PFAS), other endocrine-disrupting chemicals, and the pharmaceutical atorvas-

tatin (AVS). Interestingly, four of the six perfluorooctanesulfonic acid (PFOS) exposures

were found in Cluster 3, with the others found in Clusters 4 and 5. Clusters 4 and 5

represented all of the HOC exposures with Cluster 4 containing the remaining endocrine

disrupting chemicals and Cluster 5 containing no endocrine disrupting chemicals that are

not classified as PFAS.

3.3.2 Distinct Cluster Effects on Pancreatic Function Revealed by

Pathway Enrichment and Gene Expression

To better understand the differences in cluster impact on pancreas function, we examined

the top 5 average up and downregulated pancreas pathways (Table 3.2) and the top up and

downregulated pancreas genes (Table 3.3). This analysis revealed clear distinctions in the

impact of each cluster on pancreatic function.

Cluster 1, which is composed of paraben chemical exposures, is characterized by dysregula-

tion of insulin secretion, suggesting potential direct effects on the insulin-producing pancre-

atic β cells. The top upregulated pathways in this cluster include the negative regulation
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of insulin secretion and insulin secretion involved in cellular response to glucose stimulus,

among other pathways involved in glucoregulation. The clustering outcome suggests that

paraben exposures are characterized by alterations to pathways and genes related to insulin

production and secretion. Among the top upregulated genes in this cluster are pkma (pyru-

vate kinase M1/2a) and pfkpa (phosphofructokinase, platelet a). The pkma and pfkpa genes

are a member of the glycolysis pathway and their upregulation indicates increased glycolytic

activity [110]. Additional upregulated genes include cpa1 (carboxypeptidase A1), irs2b (in-

sulin receptor substrate 2b), and ptprna (protein tyrosine phosphatase receptor type Na).

The gene cpa1 encodes for a well-studied digestive enzyme shown to be critical to exocrine

pancreas development [111] while irs2b is found in the insulin receptor binding and insulin

receptor signaling pathway. The gene ptprna belongs to the protein tyrosine phosphatase

(PTP) gene family, which plays a critical role in cell signaling and may influence insulin

receptor signaling pathways [112].

Cluster 2, which comprises the majority of pesticide/herbicide chemical exposures and three

pharmaceutical drug chemical exposures, exhibits significant alterations in pathways related

to glucagon signaling and insulin sensitivity. This cluster exhibits upregulation in pathways

related to glucagon family peptide binding and negative regulation of insulin receptor sig-

naling, suggesting a state of altered insulin sensitivity. Among the top upregulated genes in

this cluster are slc2a8 (solute carrier family 2 member 8) and stat3 (signal transducer and

activator of transcription 3). The slc2a8 gene is predicted to be involved in glucose transport

[113]. The stat3 gene is a key component to the insulin resistance pathway and a variety of

disease pathways including pancreatic cancer. Additionally stat3 activation has been found

to be directly related to insulin resistance and sensitivity [114]. Other notable upregulated

genes include mlxip (MLX interacting protein) and cacna1sa (calcium voltage-gated chan-

nel subunit alpha1 S). The mlxip gene has been shown to play a role in insulin resistance

in humans [115], while cacna1sa is crucial for calcium ion transport, which is essential for

insulin secretion and pancreatic function [116].
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Cluster 3, which includes chemicals such as PFAS and endocrine-disrupting chemicals like

Bisphenol A (BPA), along with the pharmaceutical atorvastatin, is characterized by sig-

nificant alterations in pathways related to pancreatic development and disease. The top

upregulated and downregulated pathway in this cluster include the negative regulation of

canonical Wnt signaling and branching involved in pancreatic morphogenesis respectively.

Other downregulated pathways include pancreatic δ cell differentiation and exocrine pancre-

atic insufficiency. Among the top upregulated genes in this cluster are dpp4 (dipeptidyl pep-

tidase 4), tm4sf4 (transmembrane 4 L six family member 4), and atp1a2a (ATPase, Na+/K+

transporting, alpha 2a polypeptide). The dpp4 gene is involved in glucose metabolism and

human orthologs of this gene are implicated in type 2 diabetes mellitus [117]. The gene

tm4sf4 is involved in several negative relation pathways related to pancreas development

including pancreatic A and B cell differentiation. Key downregulated genes in this cluster

include cyp26a1 (cytochrome P450, family 26, subfamily a, polypeptide 1) and isl2b (ISL

LIM homeobox 2b). The gene cyp26a1 is involved in retinoic acid metabolism, a crucial

signaling pathway for cellular differentiation and development [118, 119, 120]. The down-

regulation of isl2b, a transcription factor, suggests possible exocrine pancreas development

impacts.

Cluster 4 contains a number of well-known endocrine disrupting compounds such as BPA,

cortisol (a hormone), PCB-153 (non-coplanar), and tributyltin. Cluster 4 is characterized

by significant disruptions in pancreatic development, glucoregulation, and pancreatic dis-

ease pathways. The top upregulated pathways include those related to exocrine pancreatic

insufficiency and dyserythropoietic anemia, tropical calcific pancreatitis, insulin secretion

involved in the cellular response to glucose stimulus, and pancreatic A cell differentiation

and fate commitment. These findings indicate that these chemicals heavily influence both

the development and the functional aspects of pancreatic cells. Among the top upregulated

genes in this cluster are hspd1 (heat shock 60 protein 1) and pygl (phosphorylase, glycogen,

liver). Both hspd1 and pygl are involved in glucoregulation with hspd1 associated with glu-
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cose intolerance and pygl associated with glycogen catabolic processes and glycogen storage

disease.

Cluster 5, predominantly influenced by exposures to HOCs, namely several coplanar PCBs

(PCB-11, PCB-126) and the DDT-related compounds tris(4-chlorophenyl)methane and -

methanol (TCPM and TCPMOH). Cluster 5 exhibits alterations in pathways related to

glucoregulation and endocrine disruption in zebrafish. The top upregulated pathways in this

cluster include cellular responses to insulin and glucagon stimuli, glucose transmembrane

transport, and glucagon processing, indicative of an alteration to pancreatic function and

glucose metabolism. Among the significantly upregulated genes in this cluster are calm3a

(calmodulin 3a), pparaa (peroxisome proliferator-activated receptor alpha a), and rpl3 (ribo-

somal protein L3), implicated in calcium signaling, digestive system, and exocrine pancreas

development, respectively. Conversely, several downregulated pathways in Cluster 5, includ-

ing those related to insulin secretion and canonical Wnt signaling, suggest suppressive effects

on essential metabolic processes.

Table 3.2: Top average upregulated and downregulated pathways for each cluster. The top
five average upregulated and downregulated pancreas-related pathways for each of the five
identified clusters as defined by the log odds ratio of pathway enrichment. Each pathway
is classified into one of the following categories: pancreas development, diabetes, pancreatic
diseases, or glucoregulation.

Pathway
Type

Pathway
ID

Pathway Name Pathway Cat-
egory

Average
Log
Odds
Ratio

Cluster 1

Up GO BP GO:0046676 negative regulation of insulin secre-
tion

Glucoregulation 1.369

GO BP GO:0035773 insulin secretion involved in cellular
response to glucose stimulus

Glucoregulation 1.321

GO BP GO:0038016 insulin receptor internalization Glucoregulation 1.319
GO BP GO:2000078 positive regulation of type B pancre-

atic cell development
Development 1.276

GO BP GO:1901143 insulin catabolic process Glucoregulation 1.245
Down KEGG

Disease
H00932 Tropical calcific pancreatitis Pancreatic Dis-

ease
-1.306

Continued on next page
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Table 3.2 – continued from previous page

Pathway
Type

Pathway
ID

Pathway Name Pathway Cat-
egory

Average
Log
Odds
Ratio

KEGG
Disease

H00933 Hereditary pancreatitis; Hereditary
chronic pancreatitis

Pancreatic Dis-
ease

-1.118

GO BP GO:2000081 positive regulation of canonical Wnt
receptor signaling pathway involved
in controlling pancreatic B cell prolif-
eration

Development -0.934

GO BP GO:0044342 type B pancreatic cell proliferation Development -0.835
KEGG
Disease

H00543 Renal-hepatic-pancreatic dysplasia Development -0.829

Cluster 2

Up GO MF GO:0120022 glucagon family peptide binding Glucoregulation 0.666
GO BP GO:0046627 negative regulation of insulin recep-

tor signaling pathway
Glucoregulation 0.617

GO BP GO:0003311 pancreatic D cell differentiation Development 0.553
KEGG
Disease

H01228 Insulin-resistant diabetes mellitus
with acanthosis nigricans; Type A
insulin resistance

Diabetes 0.531

KEGG
Disease

H00942 Rabson-Mendenhall syndrome Diabetes 0.531

Down GO BP GO:1900076 regulation of cellular response to
insulin stimulus

Glucoregulation -1.018

GO BP GO:0003327 type B pancreatic cell fate commit-
ment

Development -0.739

GO BP GO:0003326 pancreatic A cell fate commitment Development -0.683
GO BP GO:0003329 pancreatic PP cell fate commitment Development -0.683
GO BP GO:0046676 negative regulation of insulin secre-

tion
Glucoregulation -0.671

Cluster 3

Up GO BP GO:2000080 negative regulation of canonical Wnt
signaling pathway involved in con-
trolling type B pancreatic cell prolif-
eration

Development 1.037

KEGG
Disease

H02198 Pancreatic agenesis and congenital
heart disease

Development 0.986

GO BP GO:1900078 positive regulation of cellular re-
sponse to insulin stimulus

Glucoregulation 0.72

GO MF GO:0004967 glucagon receptor activity Glucoregulation 0.623
KEGG
Disease

H00933 Hereditary pancreatitis; Hereditary
chronic pancreatitis

Pancreatic Dis-
ease

0.581

Down GO BP GO:0061114 branching involved in pancreas mor-
phogenesis

Development -0.689

KEGG
Disease

H00920 Exocrine pancreatic insufficiency,
dyserythropoietic anemia, and cal-
varial hyperostosis

Digestion -0.655

GO BP GO:0003311 pancreatic D cell differentiation Development -0.641

Continued on next page
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Table 3.2 – continued from previous page

Pathway
Type

Pathway
ID

Pathway Name Pathway Cat-
egory

Average
Log
Odds
Ratio

GO BP GO:0061178 regulation of insulin secretion in-
volved in cellular response to glucose
stimulus

Glucoregulation -0.634

KEGG
Disease

H00513 Transient neonatal diabetes mellitus Diabetes -0.631

Cluster 4

Up KEGG
Disease

H00920 Exocrine pancreatic insufficiency,
dyserythropoietic anemia, and cal-
varial hyperostosis

Digestion 0.628

KEGG
Disease

H00932 Tropical calcific pancreatitis Pancreatic Dis-
ease

0.485

GO BP GO:0035773 insulin secretion involved in cellular
response to glucose stimulus

Glucoregulation 0.388

GO BP GO:0003310 pancreatic A cell differentiation Development 0.386
GO BP GO:0003326 pancreatic A cell fate commitment Development 0.361

Down KEGG
Disease

H00854 Wolfram syndrome; DIDMOAD syn-
drome

Diabetes -0.356

GO BP GO:1901143 insulin catabolic process Glucoregulation -0.317
GO BP GO:2000081 positive regulation of canonical Wnt

receptor signaling pathway involved
in controlling pancreatic B cell prolif-
eration

Development -0.317

GO BP GO:0071377 cellular response to glucagon stimu-
lus

Glucoregulation -0.299

GO MF GO:0004967 glucagon receptor activity Glucoregulation -0.251

Cluster 5

Up KEGG
Disease

H00920 Exocrine pancreatic insufficiency,
dyserythropoietic anemia, and cal-
varial hyperostosis

Digestion 0.149

GO BP GO:0046628 positive regulation of insulin receptor
signaling pathway

Glucoregulation 0.083

GO BP GO:0032869 cellular response to insulin stimulus Glucoregulation 0.076
GO BP GO:1904659 glucose transmembrane transport Glucoregulation 0.075
KEGG
Disease

H00019 Pancreatic cancer Pancreatic Dis-
ease

0.069

Down GO BP GO:0035774 positive regulation of insulin secre-
tion involved in cellular response to
glucose stimulus

Glucoregulation -0.182

GO BP GO:2000081 positive regulation of canonical Wnt
receptor signaling pathway involved
in controlling pancreatic B cell prolif-
eration

Development -0.176

GO MF GO:0120022 glucagon family peptide binding Glucoregulation -0.167
GO BP GO:0120116 glucagon processing Glucoregulation -0.163

Continued on next page
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Table 3.2 – continued from previous page

Pathway
Type

Pathway
ID

Pathway Name Pathway Cat-
egory

Average
Log
Odds
Ratio

GO BP GO:0070092 regulation of glucagon secretion Glucoregulation -0.162

Table 3.3: Top five upregulated and downregulated pancreas genes for each exposure cluster.
The top five average upregulated and downregulated pancreas-related genes for each of the
five identified clusters as defined by p-value significance. Gene descriptions are obtained
from the Zebrafish Information Network (ZFIN) and the National Center for Biotechnology
Information (NCBI).

Gene
Symbol

Gene Name Gene Description Member of Pathway(s)

Cluster 1

Up pkma pyruvate kinase
M1/2a

involved in cellular response to
insulin stimulus and glycolytic
process

Type II diabetes mellitus,
Glucagon signaling pathway

pfkpa phospho-
fructokinase,
platelet a

Predicted to be involved in
several processes, including
canonical glycolysis; fructose
1,6-bisphosphate metabolic
process

Glucagon signaling pathway

cpa1 carboxypeptidase
A1 (pancreatic)

Expressed in the pancreas;
pancreatic digestive enzyme.

Pancreatic secretion

irs2b insulin receptor
substrate 2b

insulin receptor binding activ-
ity and phosphatidylinositol
3-kinase binding activity

insulin receptor binding, in-
sulin receptor signaling path-
way, positive regulation of
type B pancreatic cell prolifer-
ation, Insulin signaling path-
way, Type II diabetes mellitus,
Insulin resistance

ptprna protein tyrosine
phosphatase
receptor type Na

involved in insulin secretion
involved in cellular response to
glucose stimulus and protein
dephosphorylation

insulin secretion involved in
cellular response to glucose
stimulus, positive regulation of
type B pancreatic cell prolifer-
ation, Type I diabetes mellitus

Down atp2a1 ATPase
sarcoplas-
mic/endoplasmic
reticulum Ca2+
transporting 1

Predicted to have several func-
tions, including ATP binding
activity; calcium ion binding
activity; and ion transmem-
brane transporter activity,

Pancreatic secretion

pfkma phospho-
fructokinase,
muscle a

Human ortholog(s) of this
gene implicated in glycogen
storage disease VII

Glucagon signaling pathway

Continued on next page
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Table 3.3 – continued from previous page

Gene
Symbol

Gene Name Gene Description Member of Pathway(s)

atp1a1a.3 ATPase
Na+/K+ trans-
porting subunit
alpha 1a, tan-
dem duplicate
3

Predicted to have
sodium:potassium-exchanging
ATPase activity.

Insulin secretion, Pancreatic
secretion

ctsh cathepsin H Predicted to be involved in
proteolysis involved in cellular
protein catabolic process.

Type 1 diabetes mellitus

dpp4 dipeptidyl-
peptidase 4

Human ortholog(s) of this
gene implicated in type 2 dia-
betes mellitus

glucagon processing

Cluster 2

Up slc2a8 solute carrier
family 2 member
8

Predicted to be involved in
glucose import

glucose transmembrane trans-
port

stat3 signal transducer
and activator
of transcription
3 (acute-phase
response factor)

Predicted to have DNA-
binding transcription activator
activity.

Insulin resistance

mlxip MLX interacting
protein

Predicted to have DNA-
binding transcription factor
activity.

Insulin resistance

cacna1sa calcium chan-
nel, voltage-
dependent, L
type, alpha 1S
subunit, a

Predicted to have high
voltage-gated calcium chan-
nel activity.

Insulin secretion

cdx4 caudal type
homeobox 4

Involved in several processes,
including animal organ devel-
opment.

pancreatic D cell differentia-
tion, pancreas development

Down ppdpfa pancreatic pro-
genitor cell dif-
ferentiation and
proliferation
factor a

Involved in cell fate specifica-
tion; cell population prolifer-
ation; and exocrine pancreas
development.

exocrine pancreas development

ctsbb cathepsin Bb Human ortholog(s) of this
gene implicated in diabetes
mellitus

Tropical calcific pancreatitis

otop1 otopetrin 1 Exhibits cholesterol binding
activity

cellular response to insulin
stimulus

dhrs9 dehydrogenase/
reductase (SDR
family) member
9

Expressed in the digestive
system

exocrine pancreas development

Continued on next page

50



Table 3.3 – continued from previous page

Gene
Symbol

Gene Name Gene Description Member of Pathway(s)

slc27a2b solute carrier
family 27 mem-
ber 2b

Predicted to have catalytic
activity.

Insulin resistance

Cluster 3

Up dpp4 dipeptidyl-
peptidase 4

Human ortholog(s) of this
gene implicated in type 2 dia-
betes mellitus

glucagon processing

tm4sf4 transmembrane
4 L six family
member 4

Involved in negative regulation
of pancreatic A cell differen-
tiation; negative regulation of
type B pancreatic cell develop-
ment; and pancreatic epsilon
cell differentiation

endocrine pancreas develop-
ment, pancreatic epsilon cell
differentiation, negative reg-
ulation of type B pancreatic
cell development, negative reg-
ulation of pancreatic A cell
differentiation

atp1a2a ATPase
Na+/K+ trans-
porting subunit
alpha 2a

Predicted to have
sodium:potassium-exchanging
ATPase activity.

Insulin secretion, Pancreatic
secretion

cd36 CD36 molecule Human ortholog(s) of this
gene implicated in diabetes
mellitus

Insulin resistance

stx1a syntaxin 1A Predicted to have SNAP re-
ceptor activity and SNARE
binding activity.

Insulin secretion

Down prkar1ab protein ki-
nase, cAMP-
dependent, reg-
ulatory, type
I, alpha (tissue
specific extin-
guisher 1) b

Predicted to have 3’,5’-cyclic-
GMP phosphodiesterase activ-
ity.

cellular response to glucagon
stimulus, Insulin signaling
pathway

cyp26a1 cytochrome
P450, family
26, subfamily A,
polypeptide 1

development pancreas development

isl2b ISL LIM home-
obox 2b

Involved in exocrine pancreas
development

exocrine pancreas development

klf11a Kruppel like
factor 11a

Human ortholog(s) of this
gene implicated in maturity-
onset diabetes of the young
type 7 and type 2 diabetes
mellitus.

Maturity onset diabetes of the
young (MODY)

uqcc2 ubiquinol-
cytochrome c
reductase com-
plex assembly
factor 2

regulation of insulin secretion regulation of insulin secretion

Continued on next page
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Table 3.3 – continued from previous page

Gene
Symbol

Gene Name Gene Description Member of Pathway(s)

Cluster 4

Up hspd1 heat shock 60
protein 1

Human ortholog(s) of this
gene implicated in glucose
intolerance

Type I diabetes mellitus

atf6b activating tran-
scription factor 6
beta

Predicted to have DNA-
binding transcription factor
activity and cAMP response
element binding activity.

Insulin secretion

pygl phosphorylase,
glycogen, liver

Human ortholog(s) of this
gene implicated in glycogen
storage disease

Insulin signaling pathway,
Glucagon signaling pathway,
Insulin resistance

prkcz protein kinase C,
zeta

Involved in several processes,
including animal organ devel-
opment.

Insulin signaling pathway,
Type II diabetes mellitus,
Insulin resistance

foxo1a forkhead box O1
a

Is expressed in digestive sys-
tem.

Insulin signaling pathway,
Glucagon signaling pathway,
Insulin resistance

Down itpr1b inositol 1,4,5-
trisphosphate
receptor, type 1b

Predicted to have inositol
1,4,5 trisphosphate bind-
ing activity and inositol
1,4,5-trisphosphate-sensitive
calcium-release channel activ-
ity.

Glucagon signaling pathway,
Pancreatic secretion

nfkbiaa nuclear factor
of kappa light
polypeptide gene
enhancer in B-
cells inhibitor,
alpha a

Involved in negative regulation
of hematopoietic progenitor
cell differentiation.

Insulin resistance

pck1 phosphoenol-
pyruvate car-
boxykinase 1
(soluble)

Human ortholog(s) of this
gene implicated in type 2 dia-
betes mellitus

cellular response to insulin
stimulus, cellular response
to glucagon stimulus, Insulin
signaling pathway, Glucagon
signaling pathway, Insulin
resistance

ceacam1 CEA cell adhe-
sion molecule
1

unknown insulin catabolic process

pck2 phosphoenol-
pyruvate car-
boxykinase 2
(mitochondrial)

Predicted to be involved in
several processes, including
cellular response to hormone
stimulus; gluconeogenesis; and
monocarboxylic acid metabolic
process.

cellular response to insulin
stimulus, Insulin signaling
pathway, Glucagon signaling
pathway, Insulin resistance

Cluster 5

Up calm3a calmodulin 3a
(phosphorylase
kinase, delta)

Predicted to enable calcium
ion binding activity.

Insulin signaling pathway,
Glucagon signaling pathway

Continued on next page
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Table 3.3 – continued from previous page

Gene
Symbol

Gene Name Gene Description Member of Pathway(s)

pparaa peroxisome
proliferator-
activated recep-
tor alpha a

Expressed in the digestive
system.

Glucagon signaling pathway,
Insulin resistance

rpl3 ribosomal pro-
tein L3

Involved in exocrine pancreas
development.

exocrine pancreas development

rps6 ribosomal pro-
tein S6

Predicted to be a structural
constituent of ribosome.

Insulin signaling pathway

celf1 cugbp, Elav-like
family member 1

Organ development. pancreas development, pan-
creas morphogenesis

Down atp1a1a.3 ATPase
Na+/K+ trans-
porting subunit
alpha 1a, tan-
dem duplicate
3

Predicted to have
sodium:potassium-exchanging
ATPase activity.

Insulin secretion, Pancreatic
secretion

ccka cholecystokinin a Predicted to be involved in
digestion.

Insulin secretion, Pancreatic
secretion

srsf6b serine and argi-
nine rich splicing
factor 6b

Human ortholog(s) of this
gene implicated in proliferative
diabetic retinopathy

negative regulation of type
B pancreatic cell apoptotic
process

zfand3 zinc finger, AN1-
type domain 3

Involved in endocrine pancreas
development.

endocrine pancreas develop-
ment

atp1b3b ATPase
Na+/K+ trans-
porting subunit
beta 3b

Predicted to enable ATPase
activator activity.

Insulin secretion, Pancreatic
secretion

3.3.3 Pancreas Gene Co-expression Network Analysis Identifies

Key Regulatory Genes

To identify the key genes driving the distinct pancreatic responses among the chemical

exposures, we constructed gene co-expression networks. This approach aimed to uncover

the network of gene interactions and determine the influential genes governing the observed

pathway enrichments and functional changes. Pancreas gene co-expression networks were

created for all chemical exposures and for each specific cluster of chemicals. This method

allowed for the identification of modules of highly correlated genes, facilitating the analysis of
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Figure 3.4: Complete pancreas gene co-expression network for 53 chemical exposures. The
pancreas gene co-expression networks where nodes represent genes and edges represent the
correlation between any two genes for all chemical exposures. The strictly up- and down-
regulated pancreas genes by cluster are shown on the network along with other significant
genes (not strictly up- or downregulated) and other non-significantly differentially expressed
genes by cluster.

gene networks and the detection of central hub and bottleneck genes within these networks.

A network “hub” is defined as a gene with a high node degree, indicating a high number

and strength of co-expressed genes. A “bottleneck” gene is defined as a gene with a high

betweenness degree that indicates a gene that connects clusters of co-expressed genes and

often acts as a key regulatory gene.
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A global gene co-expression network for all chemical exposures is shown in Figure 3.4. This

network represents the correlation between genes across all 53 unique chemical exposures.

To visualize the differences in differential gene expression between clusters, we overlayed the

strictly up- and downregulated genes on the global gene co-expression network for compari-

son. Larger nodes indicate higher node degrees, revealing that Clusters 4 and 5 have distinct

differences in up and down regulated genes governing the network behavior. Specifically, the

majority of high-degree nodes in Cluster 4 are upregulated, while those in Cluster 5 are down

regulated (Figure 3.4). Interestingly, Cluster 1 did not present with differential expression

significance with regard to hub nodes, as indicated by the majority of up- and downregulated

genes located on the outer portions of the network.

Centrality analysis on the global network resulted in the top 5 “hub” (degree) and top 5

“bottleneck” (betweenness) nodes in Table 3.4. The gene with the top degree and therefore

the most highly correlated gene in the global network is apc (APC regulator of WNT signaling

pathway), which is also reflected in the top betweenness nodes. Unsurprisingly, nearly all of

the hub and bottleneck genes in the global co-expression network are related to binding and

signaling. Synaptic and signaling genes (rims2a, atp2b3a, nlgn2a) are among the top hub

nodes that highlights the importance of these genes in the regulation of pancreatic functions

such as insulin release following chemical exposure [121]. The regulatory genes cdx1b and

gata5 are among the top bottleneck nodes, linking larger modules of co-expressed genes

together. This indicates their role as key regulators in the global network, particularly in

response to the larger set of all chemical exposures.

Cluster-specific gene co-expression networks are shown in Figure 3.5. For each cluster, the

network represents genes (nodes) and the co-expression (edges) of any two genes for the

chemical exposures within a cluster. Centrality analysis was conducted on each cluster co-

expression network to identify the key genes within the networks and how they vary by

cluster and is shown in Table 3.5. The strictly up- and downregulated genes are overlayed
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Figure 3.5: Cluster-specific pancreas gene co-expression network. The pancreas gene co-
expression networks for each individual cluster. Nodes represent pancreas genes and edges
represent the correlation between any two genes for all chemical exposures within the clus-
ter. The strictly up- and downregulated genes by cluster are shown on the network along
with other significant genes (not strictly up- or downregulated) and other non-significantly
differentially expressed genes by cluster.

onto the co-expression networks to demonstrate the spread of significantly expressed genes

for the chemical exposures within a cluster. Compared to Figure 3.4, the networks in Figure

3.5 contain more nodes and edges, indicating higher gene co-expression within clusters than

across all chemical exposures (Table 3.6). More specifically, the number of nodes in the

cluster-specific networks (Figure 3.5) have a 2-fold increase in nodes and a minimum of a

56



Table 3.4: Top degree and betweenness nodes in the global co-expression network. The top
five ”hub” genes (with the highest degree) and the top five ”bottleneck” genes (with the
highest betweenness) in the global pancreas gene co-expression network. Gene descriptions
from ZFIN and NCBI are included to explain the roles of these central genes in the network.

Gene Symbol Gene Name Gene Description Member of Pathway(s)

Degree apc APC regulator of
WNT signaling
pathway

Predicted to have beta-catenin
binding activity; microtubule
binding activity; and protein
kinase regulator activity.

pancreas development,
exocrine pancreas develop-
ment, endocrine pancreas
development

rims2a regulating synap-
tic membrane
exocytosis 2a

Predicted to have ion channel
binding activity.

Insulin secretion

atp2b3a ATPase plasma
membrane Ca2+
transporting 3a

Predicted to be involved in
regulation of cytosolic calcium
ion concentration.

Pancreatic secretion

nlgn2a neuroligin 2a Predicted to have neurexin
family protein binding activity
and signaling receptor activity.

insulin metabolic process

gad1b glutamate decar-
boxylase 1b

Predicted to have glutamate
decarboxylase activity and
pyridoxal phosphate binding
activity.

Type I diabetes mellitus

Betweenness myo1cb myosin Ic, para-
log b

Predicted to have ATP bind-
ing activity.

positive regulation of cel-
lular response to insulin
stimulus

cdx1b caudal type
homeobox 1 b

Exhibits DNA-binding tran-
scription factor activity and
sequence-specific DNA binding
activity.

pancreas development

gata5 GATA binding
protein 5

Exhibits DNA binding activity
and DNA-binding transcrip-
tion factor activity.

pancreas development

snap25b synaptosome as-
sociated protein
25b

Involved in clustering of
voltage-gated sodium chan-
nels and locomotory behavior.

Insulin secretion

apc APC regulator of
WNT signaling
pathway

Predicted to have beta-catenin
binding activity; microtubule
binding activity; and protein
kinase regulator activity.

pancreas development,
exocrine pancreas develop-
ment, endocrine pancreas
development

5-fold increase in links from the global network (Figure 3.4) across all cluster. This indicates

a strong relationship between the genes expressed among the chemical exposures withing a

cluster as links indicate strong co-expression between any two genes and only genes with

more than one connection are included within the network.
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Table 3.5: Top degree and betweenness nodes for each cluster-specific gene co-expression
network. The top five ”hub” genes and the top five ”bottleneck” genes for each cluster-
specific pancreas gene co-expression network. Gene descriptions from ZFIN and NCBI are
provided to elaborate on the functions and significance of these genes within each cluster.

Gene
Symbol

Gene Name Gene Description Member of Path-
way(s)

Cluster 1

Degree atp1a3a ATPase Na+/K+
transporting sub-
unit alpha 3a

Predicted to enable P-
type sodium:potassium-
exchanging transporter
activity. Expressed in the
pancreas primordium.

Insulin secretion, Pancre-
atic secretion

pax6a paired box 6a Human ortholog(s) of this
gene implicated in glucose
intolerance.

insulin metabolic process,
Maturity onset diabetes
of the young

atp1b2a ATPase Na+/K+
transporting sub-
unit beta 2a

Predicted to contribute
to sodium:potassium-
exchanging ATPase activity.
Is expressed in the pancre-
atic bud.

Insulin secretion, Pancre-
atic secretion

cacna1sb calcium channel,
voltage-dependent,
L type, alpha 1S
subunit, b

Predicted to have high
voltage-gated calcium chan-
nel activity.

Insulin secretion

nr5a5 nuclear receptor
subfamily 5, group
A, member 5

Exhibits DNA binding ac-
tivity and DNA-binding
transcription factor activity.
Is expressed in the digestive
system.

Maturity onset diabetes
of the young

Betweenness ptpn11a protein tyrosine
phosphatase non-
receptor type 11a

Exhibits protein tyrosine
phosphatase activity.

Insulin resistance

calm2b calmodulin 2b,
(phosphorylase
kinase, delta)

Predicted to enable calcium
ion binding activity.

Insulin signaling path-
way, Glucagon signaling
pathway

atp1b1b ATPase Na+/K+
transporting sub-
unit beta 1b

Predicted to enable ATPase
activator activity.

Insulin secretion, Pancre-
atic secretion

ascl1b achaete-scute fam-
ily bHLH tran-
scription factor
1b

Predicted to enable DNA-
binding transcription factor
activity. Involves in em-
bryonic development and
endocrine pancreas develop-
ment.

endocrine pancreas devel-
opment

ppp4ca protein phos-
phatase 4, cat-
alytic subunit a

Predicted to enable protein
threonine phosphatase activ-
ity.

Glucagon signaling path-
way

Cluster 2

Continued on next page
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Table 3.5 – continued from previous page

Gene
Symbol

Gene Name Gene Description Member of Path-
way(s)

Degree pask PAS domain
containing ser-
ine/threonine ki-
nase

Predicted to be involved in
intracellular signal transduc-
tion and negative regulation
of glycogen biosynthetic pro-
cess.

regulation of glucagon
secretion

sorl1 sortilin-related
receptor, L(DLR
class) A repeats
containing

Predicted to be involved in
post-Golgi vesicle-mediated
transport.

insulin receptor recycling

fscn1a fascin actin-
bundling protein
1a

Enables signaling receptor
binding activity.

endocrine pancreas devel-
opment

creb3l4 cAMP responsive
element binding
protein 3-like 4

unknown Insulin secretion,
Glucagon signaling path-
way, Insulin resistance

celf1 cugbp, Elav-like
family member 1

Exhibits mRNA 3’-UTR
binding activity.

pancreas development,
pancreas morphogenesis

Betweenness pfklb phosphofructokinase,
liver b

Predicted to be involved in
several processes, including
canonical glycolysis and
fructose 1,6-bisphosphate
metabolic process.

Glucagon signaling path-
way

trib3 tribbles pseudoki-
nase 3

Predicted to have mitogen-
activated protein kinase
kinase binding activity.

Insulin resistance

pik3cd phosphatidylinositol-
4,5-bisphosphate
3-kinase, catalytic
subunit delta

Predicted to have 1-
phosphatidylinositol-3-kinase
activity

Insulin signaling path-
way, Type II diabetes
mellitus, Insulin resis-
tance

nras NRAS proto-
oncogene, GTPase

Predicted to have GDP
binding activity; GTP bind-
ing activity; and GTPase
activity.

Insulin signaling pathway

phka1a phosphorylase
kinase, alpha 1a
(muscle)

Human ortholog(s) of this
gene implicated in glycogen
storage disease and glycogen
storage disease IXd.

Insulin signaling path-
way, Glucagon signaling
pathway

Cluster 3

Degree srebf1 sterol regulatory
element binding
transcription fac-
tor 1

Involved pancreas regenera-
tion and type B pancreatic
cell development.

type B pancreatic cell
development, endocrine
pancreas development,
response to glucagon,
pancreas regeneration,
Insulin signaling path-
way, Insulin resistance

Continued on next page
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Table 3.5 – continued from previous page

Gene
Symbol

Gene Name Gene Description Member of Path-
way(s)

flot1b flotillin 1b Predicted to be involved in
several processes, including
positive regulation of cell-
cell adhesion mediated by
cadherin.

Insulin signaling pathway

sfrp1a secreted frizzled-
related protein 1a

Predicted to enable Wnt-
protein binding activity.

negative regulation of
canonical Wnt signal-
ing pathway involved in
controlling type B pan-
creatic cell proliferation

crebbpb CREB binding
protein b

Predicted to enable chro-
matin DNA binding activity.

Glucagon signaling path-
way

fkbp1b FKBP prolyl iso-
merase 1B

Predicted to enable
peptidyl-prolyl cis-trans
isomerase activity.

negative regulation of
insulin secretion involved
in cellular response to
glucose stimulus

Betweenness ryr2a ryanodine receptor
2

Predicted to enable calcium
channel activity.

type B pancreatic cell
apoptotic process, Insulin
secretion, Pancreatic
secretion

prkcbb protein kinase C,
beta b

Predicted to have several
functions, including andro-
gen receptor binding activ-
ity.

Insulin secretion, Insulin
resistance, Pancreatic
secretion

cyc1 cytochrome c-1 Predicted to enable elec-
tron transfer activity and
metal ion binding activity.
Expressed in the digestive
system

response to glucagon

nphp4 nephronophthisis 4 Regulated the Wnt signaling
pathway

determination of pancre-
atic left/right asymmetry

nkx6.2 NK6 homeobox 2 Involved in pancreatic A cell
differentiation and type B
pancreatic cell differentia-
tion.

type B pancreatic cell
differentiation, pancre-
atic A cell differentiation,
endocrine pancreas devel-
opment

Cluster 4

Degree pparg peroxisome
proliferator-
activated receptor
gamma

Predicted to enable RNA
polymerase II cis-regulatory
region sequence-specific
DNA binding activity and
nuclear receptor activity.
Expressed in the digestive
system.

Type 2 diabetes mellitus

Continued on next page
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Table 3.5 – continued from previous page

Gene
Symbol

Gene Name Gene Description Member of Path-
way(s)

pik3r3b phosphoinositide-
3-kinase, regula-
tory subunit 3b
(gamma)

Predicted to be involved in
insulin receptor signaling
pathway.

insulin receptor signaling
pathway, Insulin signal-
ing pathway, Type II
diabetes mellitus, Insulin
resistance

calml4a calmodulin-like 4a Predicted to have calcium
ion binding activity and
enzyme regulator activity.

Insulin signaling path-
way, Glucagon signaling
pathway

cpa1 carboxypeptidase
A1 (pancreatic)

Expressed in the pancreas;
pancreatic digestive enzyme.

Pancreatic secretion

gata5 GATA binding
protein 5

Exhibits DNA binding ac-
tivity and DNA-binding
transcription factor activity.

pancreas development

Betweenness slc4a4b solute carrier fam-
ily 4 member 4b

Predicted to have
sodium:bicarbonate sym-
porter activity.

Pancreatic secretion

pparab peroxisome
proliferator-
activated receptor
alpha b

Predicted to enable DNA-
binding transcription re-
pressor activity, RNA poly-
merase II-specific; RNA
polymerase II cis-regulatory
region sequence-specific
DNA binding activity; and
nuclear receptor activity.

Glucagon signaling path-
way, Insulin resistance

pik3r3b phosphoinositide-
3-kinase, regula-
tory subunit 3b
(gamma)

Predicted to be involved in
insulin receptor signaling
pathway.

insulin receptor signaling
pathway, Insulin signal-
ing pathway, Type II
diabetes mellitus, Insulin
resistance

ogt.1 O-linked N-
acetylglucosamine
(GlcNAc) trans-
ferase, tandem
duplicate 1

Enables protein N-
acetylglucosaminyltransferase
activity.

Insulin resistance

atp2b4 ATPase plasma
membrane Ca2+
transporting 4

Predicted to enable P-type
calcium transporter activity
and PDZ domain binding
activity.

Pancreatic secretion

Cluster 5

Degree nlgn2a neuroligin 2a Predicted to have neurexin
family protein binding ac-
tivity and signaling receptor
activity.

insulin metabolic process

gad1b glutamate decar-
boxylase 1b

Predicted to have glutamate
decarboxylase activity and
pyridoxal phosphate binding
activity.

Type I diabetes mellitus

Continued on next page
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Table 3.5 – continued from previous page

Gene
Symbol

Gene Name Gene Description Member of Path-
way(s)

prkcbb protein kinase C,
beta b

Predicted to have several
functions, including andro-
gen receptor binding activ-
ity.

Insulin secretion, Insulin
resistance, Pancreatic
secretion

atp2b3b ATPase plasma
membrane Ca2+
transporting 3b

Predicted to be involved
in regulation of cytosolic
calcium ion concentration.

Pancreatic secretion

tcf7l2 transcription fac-
tor 7 like 2

Involved in several pro-
cesses, including exocrine
pancreas development. Used
to study type 2 diabetes
mellitus.

exocrine pancreas devel-
opment, negative regula-
tion of type B pancreatic
cell apoptotic process,
Type 2 diabetes mellitus

Betweenness ildr2 immunoglobulin-
like domain con-
taining receptor
2

Involved in endoderm de-
velopment and pancreas
development.

pancreas development

pla2g12a phospholipase A2,
group XIIA

Predicted to enable phos-
pholipase A2 activity.

Pancreatic secretion

fscn1a fascin actin-
bundling protein
1a

Enables signaling receptor
binding activity.

endocrine pancreas devel-
opment

capn10 calpain 10 Predicted to act upstream of
or within cellular response
to insulin stimulus.

cellular response to in-
sulin stimulus, type B
pancreatic cell apoptotic
process, positive regula-
tion of type B pancreatic
cell apoptotic process,
Type 2 diabetes mellitus

gata6 GATA binding
protein 6

Enables DNA binding activ-
ity.

Pancreatic agenesis and
congenital heart disease;
Pancreatic hypoplasia
diabetes heart disease;
Yorifuji-Okuno syndrome

Cluster 1, which has been previously shown to be characterized by dysregulation of insulin

secretion, contains the hub genes atp1a3a and atp1b2a and bottleneck gene atp1b1b which are

all involved in ATPase activator activity. Production and maintenance of ATP is crucial for

the proper functioning of pancreatic beta cells, as ATP is essential for the energy-dependent

processes involved in insulin synthesis and secretion [122]. High co-expression of these ATP-

related genes within the network further emphasize the impact paraben chemical exposures

in Cluster 1 have on insulin dysregulation.
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Table 3.6: Number of nodes and links in the network models. The number of total nodes,
edges, and significant nodes that correspond to significantly differentially expressed genes are
given for the global pancreas gene expression network (Figure 3.3) and the cluster specific
pancreas gene expression network (Figure 3.4).

Nodes Links Strictly Upreg-
ulated Nodes

Strictly Down-
regulated
Nodes

Other Signifi-
cant Nodes

Other Non-
Significant
Nodes

Global Pancreas Gene Co-Expression Network

Cluster 1 280 1459 60 53 2 165
Cluster 2 280 1459 56 66 4 154
Cluster 3 280 1459 76 61 1 142
Cluster 4 280 1459 90 63 52 75
Cluster 5 280 1459 48 81 147 4

Cluster Specific Pancreas Gene Co-Expression Network

Cluster 1 687 27,142 89 92 2 504
Cluster 2 687 29,123 151 120 8 408
Cluster 3 687 33,964 161 122 10 394
Cluster 4 666 7,329 156 185 105 220
Cluster 5 668 10,449 160 167 296 45

Dysregulation of glucagon signaling and insulin sensitivity characterized the top up- and

down- regulated pathways and genes in Cluster 2 (Tables 3.2 and 3.3). Here, within the

Cluster 2 gene co-expression network, several hub and “bottleneck” genes further explain

this gene expression behavior, especially because the majority of pesticide/herbicide chemi-

cals were within Cluster 2. The top hub genes (pask, sorl1, and fscn1a) highlight the impor-

tance of intracellular signaling and transport in maintaining insulin sensitivity. Meanwhile,

bottleneck genes such as (pfklb, trib3, and pik3cd) are crucial regulators of key metabolic

pathways including glycolysis, further emphasizing their roles in glucose homeostasis.

The altered pathways and genes in Cluster 3 indicated impaired pancreatic development

(Tables 3.2 and 3.3). The co-expression network reveals the genes most highly co-expressed

with remaining genes that play critical roles in altered developmental processes. Among the

top hub genes related to development of the pancreas are srebf1, flot1b, and sfrp1a. The

gene rebf1 encodes a protein that is directly involved in pancreatic cell development and

regeneration, while flot1b and sfrp1a are important for cell adhesion and Wnt signaling,
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respectively, all crucial for pancreatic tissue integrity and development. The bottleneck

genes nphp4 and nkx6.2 regulate pathways necessary for pancreatic cell differentiation and

development such as the Wnt signaling pathway, highlighting their importance in forming

functional pancreatic tissues.

Cluster 4 primarily contains chemical exposures from HOCs and PFAS. Interestingly, top

hub and bottleneck genes in the Cluster 4 co-expression network include pparg and pparab,

respectively. Both genes are a member of the Peroxisome Proliferator-Activated Recep-

tors (PPARs) which are transcription factors that play crucial roles in lipid and glucose

metabolism and are often studied using zebrafish to investigate obesity and other metabolic

diseases [123]. Our previous studies have demonstrated that PPAR agonists and antagonists

can exert significant effects on gene expression, embryonic morphology, and pancreas devel-

opment, indicating the importance of PPAR alterations to chemical exposures in Cluster 4

[124, 65]. Furthermore, bottleneck genes ogt.1 and atp2b4 are involved in post-translational

modification and calcium ion transport, respectively, processes vital for pancreatic cell func-

tion and insulin secretion.

Glucoregulation was among the top pathway alterations observed in Cluster 5. Hub genes

within the co-expression network include gad1b, prkcbb, and tcf712 which directly relate to

insulin secretion and glucose metabolism, indicating genes in Cluster 5 are most commonly

associate with genes involved in glucoregulation. Additionally, among the top bottleneck

genes are atp2b3b and capn10, both involved in calcium signaling which is essential for the

cellular response to insulin.
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Table 3.7: Mean cross-validation (CV) metrics and standard deviation for machine learning
models. The average cross-validation accuracy, precision, recall, and F1-score with asso-
ciated standard deviations for different machine learning models used to predict cluster
membership and shared pancreatic toxicity profile based on chemical properties for a 4-fold
cross-validation.

Model
Accuracy Precision Recall F1-score

Mean SD Mean SD Mean SD Mean SD

Random Forest 0.74 0.08 0.79 0.10 0.74 0.08 0.73 0.09
XGBoost 0.70 0.04 0.76 0.04 0.70 0.04 0.69 0.05
Support Vector Machine 0.68 0.12 0.69 0.15 0.68 0.12 0.66 0.14
Multiclass Logistic Regression 0.68 0.10 0.73 0.10 0.68 0.10 0.68 0.10

3.3.4 Machine Learning Predicts Chemical Property Impacts on

Pancreatic Function

To gain further insight into the relationship between chemical properties and their impact

on pancreatic function, we employed supervised machine learning. This approach allowed

us to develop a model that could predict the cluster membership (and consequently the

functional impact) of a chemical exposure based solely on its chemical properties. The model

feature space includes chemical properties obtained from the EPA CompTox dashboard and

experimentally relevant properties such as micromolar concentration, zebrafish age at RNA

collection, exposure duration, repeated exposure (static vs. repeated dosing), and fish strain.

Machine learning model selection and performance was conducted to determine the best

performing model for the given dataset. Using a stratified 4-fold cross validation (CV), the

following machine learning models were tested for comparison: random forest, XGBoost,

SVM, and multiclass logistic regression. Average model accuracy CV performance using a

complete feature space are illustrated in Table 7 with random forest outperforming other

models with an accuracy of 74% and F1-score of 73%. We also performed hyperparameter

tuning to optimize the random forest model’s performance. The ability of the random forest

method to predict cluster membership using chemical properties without gene expression

data as members of the feature space indicates a relationship between chemical properties

65



Figure 3.6: SHAP values for feature importance in predicting cluster membership. Mean
absolute SHAP values for each chemical property feature used in the random forest model.
Higher SHAP values indicate greater importance in predicting the cluster membership of
chemical exposures. The most influential features include average mass, biodegradation
half-life, and micromolar dose.

and cluster outcomes.

To investigate the chemical and biological properties that had the greatest impact on cluster

membership, feature importance was conducted on the random forest model by measuring

the SHAP values for each feature across each validation fold. The mean absolute SHAP

values are reflected in Figure 3.6 with larger absolute SHAP values indicating higher feature

importance. While average mass, biodegradation half-life, and micromolar dose ranks as the

most influential features, the contribution of the top 15 features was relatively similar, with

SHAP values ranging from just below 0.010 to a maximum of 0.025. This suggests that

multiple chemical and biological properties contribute to cluster differentiation (Figure 3.6).

These influential features likely contribute to the observed functional differences between

clusters. For example, the shorter biodegradation half-life in Cluster 1 suggests faster degra-

dation, potentially resulting in a lesser impact on pancreatic function compared to other

clusters. This is further supported by the few up- and downregulated genes observed in
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the pancreas gene co-expression network (Figure 3.5). The average mass among chemical

exposures, the top feature influencing cluster outcomes, varies widely among all clusters,

indicating significant mass differences across cluster memberships. LogKoa, the octanol-

air partition coefficient, also plays a key role in cluster assignment, whereas water solubility,

which was not identified as a top feature, remains relatively consistent across clusters (Figure

3.7).

3.4 Discussion

The zebrafish model has been extensively used by the scientific community to investigate

the effects of environmental pollutants, pharmaceuticals, and other chemicals on embryonic

development. The goal of this study was to aggregate publicly available data on zebrafish

embryos to identify chemicals that elicit similar altered pancreatic pathway responses and to

investigate the chemical properties influencing these outcomes. We developed an analytical

pipeline to integrate transcriptomic responses from zebrafish exposed to 53 distinct chemi-

cals from various sources, minimizing experimental and technical variations for downstream

analyses. Our orthology-based methodology allowed for the assessment of differential gene

expression and pathway responses relevant to pancreatic development and function, even for

pathways not currently annotated in zebrafish. By employing clustering and co-expression

analyses, we identified groups of chemical exposures that distinctly impact the pancreas.

Furthermore, we used machine learning to determine the chemical properties most influ-

ential in the distinct pancreatic behaviors observed in the clustering results. Our findings

provide significant insights into the molecular mechanisms by which different chemical expo-

sures alter pancreatic pathways and gene expression profiles, with machine learning revealing

chemical properties that may drive these observed outcomes.

Our clustering analysis revealed distinct groups of chemical exposures that induce specific
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Figure 3.7: Box plots of key chemical features by cluster. Box plots illustrating the distri-
bution of key chemical features across the different clusters.
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pancreatic pathway alterations, showing that chemical class alone does not dictate these

changes. Instead, clusters reflected groups of exposures resulting in similar pancreatic pro-

cesses, such as insulin dysregulation, signaling, development, disease, and endocrine disrup-

tion. Parabens, forming Cluster 1, uniquely impacted insulin regulation pathways, aligning

with studies linking paraben exposure to diabetes in humans [125]. Cluster 2, consisting

mostly of pesticide/herbicide exposures and several pharmaceuticals, showed a common dis-

ruption of glucagon signaling, insulin sensitivity, and gene expression of slc2a8 (Glut8 ),

a known glucose transporter in humans and zebrafish. Notably, CBD and THC in this

cluster affect PPAR signaling, which is directly related to glucoregulation and insulin sen-

sitivity [126, 84]. Cluster 3 included PFOS and BPA exposures, both known endocrine

disruptors, with significant alterations in pancreatic development pathways. Previous stud-

ies have shown PFOS hinders pancreatic development [65, 67] and BPA affects pancreas

development in other models [127]. Clusters 4 and 5, containing a mix of chemical types,

highlighted broader impacts on pancreatic development and glucoregulation. Cluster 4 was

characterized by disruptions in pathways related to exocrine pancreatic insufficiency and in-

sulin secretion although the magnitude of log odds ratio and up/down regulation was small

as indicated by the colors in Figure 3.2. Cluster 5 exhibited significant alterations in cel-

lular responses to insulin and glucagon stimuli, indicating extensive impacts on pancreatic

function and glucose metabolism.

The global pancreas gene co-expression network analysis further elucidated the regulatory

genes driving the differential responses following chemical exposure. Key hub and bottleneck

genes for the global co-expression network, such as apc and cdx1b, were identified, highlight-

ing their roles in binding and signaling processes crucial for maintaining pancreatic processes

and function in response to chemical exposure. Interestingly, apc has been shown to be a

top bottleneck gene in a zebrafish chemical exposure network for a different set of chemicals

including Flame Retardant Chemicals and AHR2 activators [18]. Beyond apc’s involvement

as a key regulator of the WNT signaling pathway, it is a known tumor suppressor impacting
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oncogenesis, suggesting its sensitivity as a marker for toxicological effects. Additionally, mu-

tations of apc are implicated in the development of pancreatic cancer [128]. The recurrent

identification of apc as a key regulator in our study and the aforementioned study highlights

the observed relationship between chemical exposures, apc, and the potential implications of

apc alterations including pancreatic cancer.

The chemical clustering outcomes are further supported by the cluster-specific pancreas gene

co-expression networks. Each cluster network obtained an increase in nodes and connections

when compared to the global pancreas gene co-expression network, which correspond to a

high number of co-expressed genes (Table 3.6). The key driver genes (Table 3.5) of the tightly

connected networks (Figure 3.5), complement the top upregulated and downregulated genes

and pathways identified through the hierarchical clustering analysis. Interestingly, Cluster

4 contained PPARs (pparg and pparab) as key driver genes in the cluster-specific pancreas

gene co-expression networks while Cluster 5 contained ppara as a top upregulated gene.

It has previously been shown that PPAR signaling can disrupt pancreatic development in

the zebrafish embryo, underscoring the potential for altered pancreatic processes following

exposure to the chemicals in these clusters [124]. Additionally, Clusters 4 and 5 primar-

ily consist of known endocrine-disrupting chemicals (EDCs), including halogenated organic

compounds. These chemicals are recognized for their ability to act as PPAR agonists, influ-

encing PPAR signaling pathways [129]. The identification of PPARs as central nodes in the

cluster-specific network reinforces the importance of these receptors in mediating the effects

of chemical exposures on the pancreas.

Computational methods and frameworks are continually emerging to investigate critical

genes contributing to a disease state or conditions of interest [130, 73, 131]. In the com-

putational toxicology context, understanding the chemical properties that explain the gene

associations observed can provide critical information to build upon for toxicological eval-

uation [132]. The analytical framework developed for this study is the first of its kind to
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integrate a meta-analysis of zebrafish transcriptomic datasets following chemical exposure

and chemical properties that impact the transcriptomic observations using machine learning.

The random forest model, achieving an accuracy of 74%, identified key chemical properties

such as average mass, and biodegradation half-life, and micromolar dose as significant pre-

dictors of cluster membership. SHAP analysis further revealed that multiple chemical and

biological properties contribute to cluster outcomes, rather than a single dominant feature

driving classification. By quantifying the relative importance of these features, this method

helps identify key chemical properties influencing pancreatic pathway alterations while main-

taining model interpretability. This integrated approach not only uncovers key chemical

features influencing the pancreas but also sets a foundation for future toxicity prediction

models as the dataset scales.

This approach represents a crucial avenue for scrutinizing whole-organism datasets to assess

target organ toxicity, particularly in light of the evolving paradigm towards New Approach

Methodologies (NAMs) [133]. As the field progresses, there’s a growing emphasis on in-

corporating more high-throughput organisms like zebrafish, C. elegans, and Drosophila into

toxicity screens to assess bioactivity in vivo [134, 135, 136]. Leveraging these organisms al-

lows for comprehensive evaluations of chemical effects on entire biological systems, capturing

nuanced responses that may be missed in traditional in vitro assays [13]. With the expanding

repertoire of whole-organism datasets, researchers can gain deeper insights into the complex

interplay between chemical exposures and biological responses, even at the organ level as

discussed here in the pancreas context. A key future direction is to expand this research

to other organ systems and incorporate chemical mixtures, allowing for a more compre-

hensive understanding of how diverse tissues respond to complex chemical exposures. This

data-driven analysis of untargeted experimental datasets facilitates more informed decision-

making in toxicological assessments and advances the development of safer chemicals and

pharmaceuticals.
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The modeling pipeline and approach should be considered in light of some limitations.

Firstly, this study was dependent on probing publicly available data currently listed in GEO,

which confines the chemicals able to be included within the study. Additionally, there are a

myriad of experimental approaches that have been developed to study organ-specific tran-

scriptomic responses, such as single-cell RNA-sequencing and spatial transcriptomics. These

advanced techniques offer high-resolution insights into cellular and spatial transcriptomic

landscapes; however, they come with significant barriers. The cost and accessibility of these

techniques are substantial, requiring specialized equipment, laboratory expertise, extensive

computational resources, and time as they are inherently low-throughput. In contrast, our

approach leverages existing datasets and applies computational techniques to overcome these

challenges and assess the impact of chemical exposures on a target organ. The ability to

screen a large set of chemicals efficiently is a significant advantage, facilitating comprehensive

toxicological evaluations and advancing our understanding of chemical-induced alterations

in pancreatic processes.

In conclusion, our study demonstrates the power of integrating transcriptomic data from a

variety of zebrafish chemical exposures with advanced analytical techniques to uncover the

molecular underpinnings of chemical-induced pancreatic alterations. The identification of

specific chemical exposure clusters and the associated pancreas gene expression changes pro-

vide valuable insights into the pathways affected by different types of chemicals. Moreover,

the use of machine learning to highlight key chemical properties influencing these pathways

underscores the potential for predictive models in toxicology. As we continue to expand

and refine this dataset with the growing body of research, the methodologies and findings

presented here will serve as a robust foundation for future research, ultimately contributing

to the larger toxicological evaluation efforts.
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Chapter 4

Associations Between Birth Defect

Incidence and Maternal,

Sociodemographic, and

Environmental Factors in California

from 2018-2019: A Computational

Approach

The motivation for Chapter 4 stems from a desire to extend our previously developed method-

ologies from Chapter 3 to a population-level dataset in order to better understand how en-

vironmental conditions relate to observed birth defects across California. The original data

use agreement for the California Department of Public Health (CDPH) was established as

part of a master’s thesis project by Arielle Beaulieu of the Sant Laboratory, which investi-

gated the associations between drinking water contaminants and birth defect outcomes using
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traditional statistical analyses [137]. Although that initial study did not establish a clear

link, likely due to the rarity of birth defects and the resulting small sample sizes in an asso-

ciative study design, it highlighted the need for a more comprehensive dataset and advanced

analytical approaches. Motivated by these limitations, this chapter expands the scope of

environmental exposures beyond drinking water contaminants to include factors such as air

quality and pesticide exposure, and incorporates additional pregnancy and labor-delivery

complications. By enhancing the data sources and refining the modeling strategy, we aim to

overcome the challenges posed by the low frequency of birth defect outcomes. Recognizing

that birth defects are inherently multifactorial, we hypothesized that an integrative approach

combining multilayer network analysis with machine learning would be fruitful for elucidat-

ing the complex relationships between environmental exposures, demographic factors, and

birth defect incidence. The results of this Chapter have been submitted for publication

with Arielle Beaulieu as a co-author for her contribution in establishing the initial data use

agreement and organization of the CDPH dataset.

Birth defects are a leading cause of infant morbidity and mortality, with a significant portion

of cases lacking a clear etiology. Understanding the complex interactions between environ-

mental, biological, and demographic factors is critical for predicting birth defect risks and

informing prevention strategies. In this study, we leverage a multilayer network modeling

approach combined with machine learning to uncover these interactions and identify key pre-

dictors of birth defects. We analyzed data from a cohort of 552,688 mothers in California,

incorporating 101 outcome variables from four distinct domains: characteristics (parental

and infant), physical and social environment, pregnancy complications, and labor and de-

livery complications. A multilayer network model was employed to assess the co-occurrence

of each variable both within and across these four domains and to systematically identify

the influential variables that should be utilized in the construction and refinement of the

machine learning models, to enhance predictive accuracy. Machine learning techniques, in-

cluding Random Forest and XGBoost, were applied to identify key predictors of birth defect
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risk and quantify their relative contributions, providing insights into the most influential

factors driving these outcomes. The multilayer network model revealed significant interac-

tions between various health, environmental, and demographic factors, with mothers who

had birth defects showing increased co-occurrence of variables across layers, supporting the

compounded effects and multifactorial nature of birth defect outcomes. Machine learning

models exhibited strong predictive performance for birth defect outcomes (AUROC = 0.88),

based on a reduced feature space of influential variables identified through multilayer network

analysis, improving both interpretability and efficiency. Among the top model predictors,

impaired water bodies emerged as a key environmental factor. This study demonstrates

the value of combining multilayer network modeling with machine learning to explore com-

plex relationships between birth defect risk factors. The approach provides a more holistic

understanding of birth defect etiology, with implications for targeted interventions and pol-

icy development. By identifying key environmental and health-related predictors, this work

contributes to the growing body of research on birth defect prevention and risk assessment.

4.1 Introduction

Although the rates of infant mortality, including those attributable to birth defects, have

steadily declined since the 1970s in the United States, birth defects remain the leading

cause of infant mortality, accounting for 19.5% of cases [138]. Despite these improvements,

disparities persist, with certain populations experiencing higher rates of birth defects and

infant mortality. Studies have highlighted how factors such as race and ethnicity can influence

these outcomes, with some minority groups showing an increase in infant mortality rates in

recent years [138, 139]. While approximately 30% of all birth defects have a known cause,

such as genetics, the remaining 65-75% of all birth defects have an unknown etiology and

may be attributable to factors such as infections and the environment [140].
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Many epidemiological studies have established associations between birth defects and socioe-

conomic and environmental factors, suggesting these play a critical role in their development

[19, 141]. For example, environmental pollutants such as drinking water contaminants and

air pollution have been linked to birth defects [142, 3, 4]. However, the existing literature

often presents varied findings, reflecting the complexity of studying multifactorial problems.

The sheer number of variables, spanning health, environmental, and socioeconomic domains,

complicates efforts to disentangle their contributions to adverse outcomes.

Traditional studies on birth defect outcomes typically focus on single factors or isolated do-

mains, such as socioeconomic or environmental factors, limiting their ability to capture the

complex interplay of these variables. One common limitation is data availability, which con-

strains researchers’ ability to investigate broader relationships comprehensively, especially

as it relates to rare birth defect outcomes [143]. However, California’s extensive datasets

on birth defect outcomes, combined with information on regional socioeconomic and envi-

ronmental factors, provide a unique opportunity to explore these interactions. Prior studies

have used aggregated measures to examine these relationships, such as indices combining so-

cioeconomic and environmental burdens, to examine these relationships [19]. While helpful,

such methods may oversimplify the intricate interconnections among variables.

To address these challenges and capture the complexity of multifactorial data, advanced

modeling techniques are needed. Network modeling is a mathematical modeling strategy

utilized to link and investigate related variables and entities using graph theory [144]. These

models have been applied successfully in various biological fields, such as identifying highly

correlated gene expression patterns, protein interactions, or developmental anomalies in a

model organism [145, 146, 75, 147]. Multilayer networks extend this approach by incorporat-

ing multiple domains of data [148, 149]. This allows for the analysis of both within-domain

and cross-domain relationships, making it particularly well-suited for studying birth defect

outcomes, which arise from a combination of factors including parental health conditions,
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socioeconomic indicators, and environmental exposure. Although multilayer network mod-

els are powerful for understanding variable interactions, its combination with a predictive

model to understand the true influence of a variable on model outcomes can yield impactful

insights.

Machine learning is a powerful tool for predictive modeling, capable of uncovering nonlinear

interactions between factors that might otherwise go undetected. This approach has been ap-

plied to predict birth defect outcomes and other adverse health events using diverse datasets,

including health records and environmental exposure data [150, 151, 152]. Machine learn-

ing models also provide insights into which variables most strongly influence prediction and

have been shown to offer interpretable outputs for various health concerns and public health

initiatives [153, 154]. Machine learning model predictions are often sensitive to the feature

space and model development as highly correlated features can decrease interpretability. The

information from the multilayer network modeling strategy can be utilized to inform a more

robust machine learning model that utilizes knowledge of variable interactions.

In this study, we integrate multilayer network modeling and machine learning to investigate

the multifactorial contributors to birth defects. Using a population-based dataset of live

birth outcomes and a dataset capturing California’s physical and social environment, we

hypothesized that incorporating a broad set of domains, including labor and delivery com-

plications, pregnancy complications, parent giving birth and infant characteristics includ-

ing demographic factors, and environmental exposures, would improve prediction accuracy.

Moreover, we aimed to identify key predictors that have the largest impact on birth defect

outcomes, with particular attention to the interactive and multidimensional nature of these

variables. Our findings demonstrate the utility of combining multilayer networks and ma-

chine learning to better understand the complex relationships underlying birth defects. By

highlighting key predictors and their interactions, this work provides actionable insights to

help reduce risk and inform public health strategies aimed at preventing birth defects.
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4.2 Materials and Methods

4.2.1 Data

Data related to pregnancy outcomes and the parent giving birth were obtained from the Cal-

ifornia Department of Public Health California Comprehensive Master Birth File (CCMBF)

through a data use agreement. CCMBF maintains information of all live births occurring

in California based on information entered on birth certificates as well as out of state births

from California residents. Data related to social and environmental factors across California

was obtained from the California Environmental Protection Agency California Communities

Environmental Health Screening Tool (CalEnviroScreen) program which is publicly available

on the CalEnviroScreen webpage [155]. All outcomes in the CCMBF related to labor and

delivery complications and pregnancy complications were included in the curated dataset.

Specific demographic information was selected for the parent giving birth and the newborn

based on curation of the authors from the literature. Identification of a parent giving birth’s

physical and social environment was determined based on the census tract listed within the

CCMBF file and was removed upon matching with the CalEnviroScreen dataset to ensure

no personally identifiable information is reported.

4.2.2 Population and Data Preparation

Data used for this study was taken from years 2018-2019 to ensure optimal data completeness

across CCMBF and CalEnviroScreen as CalEnviroScreen does not have exhaustive longitu-

dinal data. While CalEnviroScreen 3.0 provides environmental factor data from 2011–2019,

birth survey data underwent significant improvements in 2018, resulting in more complete

and comprehensive information from that point onward. There were 906,545 birth records

during this timeframe that have aggregated outcomes on abnormal newborn conditions, labor
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Figure 4.1: PRISMA flow diagram summarizing study inclusion criteria from the California
Department of Public Health Birth Monitoring Program and the California Environmental
Protection Agency California Communities Environmental Health Screening Tool (CalEn-
viroScreen). (A) PRISMA chart illustrating the study inclusion criteria and the removal of
observations based on screening criteria and (B) the categories of observed defects within
the birth defect cohort.

and delivery complications, pregnancy complications, parent giving birth and infant char-

acteristics, and the physical and social environment (Figure 4.1A). For each aggregated set,

records containing missing data was removed from the final dataset during screening (Figure

4.1A). The majority of removed records were from missing data within the CalEnviroScreen

physical and social environment due to incomplete information across the chosen timeframe.

The final dataset comprised of 552,688 birth records with 3,013 birth defects recorded in

the abnormal newborn condition’s subsection of the CCMBF file for having one or more of

the following conditions: congenital abnormalities, kidney and urinary tract anomalies, gas-

trointestinal defects, chromosomal abnormalities, orofacial defects, musculoskeletal defects,

congenital heart conditions, and neural tube defects (Figure 4.1B). Greater than 70% of the

study population with a recorded defect was identified to have a congenital abnormality (Fig-

ure 4.1B). The variables included in this study that are further tested for predictive power
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are categorized into one of four variable subsets: labor and delivery complications (25 vari-

ables), pregnancy complications (24 variables), parent giving birth and infant characteristics

(29 variables), and physical and social environment (26 variables).

4.2.3 Multilayer Network Model

Co-occurrence Identification

The co-occurrence of any two variables was computed using statistical tests tailored to the

type of variable pair, ensuring that statistical assumptions were met. Each variable repre-

sents a health, demographic, or environmental outcome coming from one of our four variable

subsets: labor and delivery complications, pregnancy complications, parent giving birth and

infant characteristics, and physical and social environment, with a comprehensive list pro-

vided in Table C.1. Continuous data were log-transformed to satisfy normality requirements

where applicable. For comparisons between categorical variables, a chi-squared test was used

to measure association. For continuous variables, Pearson’s correlation was computed. For

comparisons involving one continuous and one categorical variable, the Kruskal-Wallis test

was applied. Statistical significance was defined as p < 0.01, and to ensure observed effects

were meaningful, an additional effect size threshold was implemented. Effect sizes specific

to each statistical test were used to confirm that statistically significant results also reached

at least a ”small” effect threshold. The effect size measures employed were Cramér’s V for

the chi-squared test, Pearson’s r for correlation, and eta-squared (η2) for the Kruskal-Wallis

test. As raw effect size outcomes are not necessarily comparable across effect size type, we

take known intervals for effect size threshold unique to the specific measure to determine

size [156]. Thresholds for small, medium, and large effect sizes are provided in Table 4.1.

Two variables were considered to co-occur if they met both criteria: p < 0.01 and an effect

size of at least ”small.”
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Cramer’s V Pearson Eta-Squared

Small 0.05 0.3 0.02
Medium 0.06 0.5 0.04

Large 0.14 0.7 0.09

Table 4.1: Effect size minimum thresholds for identification as a small, medium or large effect
depending on statistical test (chi-squared, Pearson correlation, and Kruskal-Wallis. Effect
sizes are utilized to ensure a statistically significant result (p < 0.01) maintains sufficient
effect.

Network Properties

Multilayer network models represent mathematical graphs that can be utilized to repre-

sent and investigate the co-occurrence of variables for the parents giving birth that have a

newborn with a birth defect and those without. A multilayer network model incorporating

the co-occurrence of each variable pair for each cohort (without-defects and with-defects)

was represented using a unique multilayer network model that was built on foundational

mathematical properties and the statistical significance of co-occurrence, as defined in the

proceeding section. To ensure comparability across effect size measurements, the true effect

size was binned into small (s), medium (m), and large (l) effect given values of 0.33, 0.66,

and 1 respectively. The development of the multilayer network model for both the without-

defects and with-defect cohort is described below with visualizations of network behavior

conducted using Python NetworkX [102].

A single-layer network model can be represented mathematically by a graph G = (N, E, ω),

where N represents the set of nodes, E ⊂ N ×N represents the set of edges, and ω : N ×N

is the edge weight mapping function such that each edge eij ∈ E has a weight ωij [103]. For

each variable subset, a single layer network model was constructed where each node nij ∈ N

represents a variable, each edge E ∈ N × N with associated weight wij represents the co-

occurrence between any two variables within the variable subset, measured by the effect size

(s = 0.33, m = 0.66, l = 1). The edges of the network are un-directed. The mathematical

graph of this single layer network model can be represented by an adjacency matrix A of
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size N × N such that Aij = ωij if there is an edge between nodes ni and nj and Aij = 0

otherwise. The multilayer network extension of the single-layer is a four-layer network, where

each layer corresponds to one of the four variable subsets [157]. The multilayer network is

represented mathematically by a multilayer graph G consisting of the 4 single-layer networks

Gk with associated adjacency matrices Ak for k = 1, . . . , 4. Each layer is fully connected to

the set of nodes in the corresponding layers. Therefore, we will obtain inter-layer adjacency

matrices Al,m for each pair of graphs Gl and Gm for l,m = 1, . . . , 4, l ̸= m that specifies the

edges between nodes in different layers. Each edge between layer nodes has an associated

weight computed from the co-occurrence effect size. The structure of the final multilayer

network model G can then be described by a supra-adjacency matrix A containing all node

and weighted edge information for the network in tensor form.

Density of the Multilayer Network Model

To quantify the connectivity of the multilayer network models, we calculated the weighted

edge density for each layer and the overall network. Edge density is a measure of the pro-

portion of observed connections relative to the total possible connections, providing insights

into the network’s structural characteristics and variable interactions [103]. By incorpo-

rating edge weights into this calculation, we accounted for the strength of co-occurrence

relationships between variables.

The weighted edge density Dl,m for any intra- or inter-layer is computed using Eq. 4.1.

Dl,m =

∑
Al,m

ζ
, ζ =


1
2
N

l
(Nl − 1) for l = m (intra− layer)

NlNm for l ̸= m (inter− layer)
(4.1)

where Al,m is the adjacency matrix the adjacency matrix containing edge weights and variable

co-occurrence values for intra-layers (l = m) and inter-layers (l ̸= m)Nl andNm represent the
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number of nodes (variables) within the respective layers. The numerator
∑

Al,m aggregates

the weights of all edges in the respective layer or between layers, while ζ represents the total

number of possible connections.

The computed edge densities provided a measure of how densely connected each layer and the

overall network were, weighted by the strength of variable co-occurrence. This calculation

offered insights into the degree to which variables co-occur within and between variable

subsets [158]. Comparisons of edge densities between the without-defects and with-defects

cohort networks highlighted differences in connectivity patterns that may be associated with

birth defect outcomes.

Clustering of the Multilayer Network Model

To uncover meaningful patterns and relationships within the variables that make up the

multilayer network model, we applied the Louvain clustering algorithm, a widely used method

for detecting community structures in networks. Louvain clustering is an optimization-based

algorithm that maximizes modularity, a measure of the density of connections within clusters

compared to connections between clusters [159]. This method is particularly well-suited for

multilayer network models, as it can accommodate the complex interplay between intra-layer

and inter-layer edges.

The clustering analysis was conducted in Python 3.9 using the NetworkX package, applied

independently to each cohort-specific multilayer network (without-defects and with-defects)

to identify distinct communities of co-occurring variables. Before clustering, the multilayer

network’s supra-adjacency matrix was transformed into a modularity-maximizing graph rep-

resentation, which is crucial for ensuring that the detected communities reflect natural group-

ings based on the strength of relationships between variables [159]. The Louvain algorithm

iteratively grouped variables into communities by optimizing modularity until convergence,
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identifying the optimal number of clusters with maximal modularity. The resulting clus-

ters represent groups of variables with strong co-occurrence relationships within and across

layers, capturing potential shared mechanisms or interactions. These clusters offer valuable

insights into the factors and relationships associated with birth defect outcomes.

Identification of Top Variables in the Multilayer Network Model

Centrality analysis is a method for uncovering the topology of a multilayer network model,

identifying the nodes corresponding to variables within each subset that are most influential

and frequently co-occur with other variables in the model. This analysis highlights the

variables that play pivotal roles in the network’s structure and may have significant biological

or environmental implications. To evaluate the importance of the nodes in the network, we

utilized three centrality metrics: eigenvector centrality, degree centrality, and betweenness

centrality. These complementary measures provide a comprehensive assessment of node

influence by capturing different aspects of connectivity and structural importance.

Eigenvector centrality measures a node’s influence based on the importance of its neighbors,

assigning higher scores to nodes connected to other high-scoring nodes [103]. This metric is

particularly useful for identifying variables that are part of tightly connected and influential

clusters within the network. The eigenvector centrality of node ni ∈ N in the multilayer

network model is measured using the eigenvalues of the supra-adjacency matrix as CE(i) =

1
λ

∑
j∈N ωi,jxj where ωi,j is the strength of co-occurrence between nodes i and j, xj is the

centrality of node j, and λ is the maximum positive eigenvalue of A. Nodes with high

eigenvector centrality are considered central to the overall network dynamics.

Degree centrality measures the number of direct connections a node has, reflecting its im-

mediate level of activity or prominence within the network. For weighted networks, degree

centrality is calculated as the sum of the weights of all edges connected to the node as
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CD (i) =
∑

j∈N ωi,j [160]. Nodes with high degree centrality are key hubs within the net-

work, known to co-occur with many other variables either within or cross layers.

Betweenness centrality identifies nodes that serve as critical bridges or intermediaries within

the network. It quantifies the number of shortest paths between pairs of nodes that pass

through a given node [103]. The betweenness centrality of a node i is defined as CB (i) =∑
s,t∈V

σ(s,t|i)
σ(s,t)

where σ(s, t) is the total number of shortest paths between nodes s and t,

and σ(s, t|i) is the number of those paths that pass through node i. Nodes with high

betweenness centrality are crucial for maintaining connectivity and facilitating interactions

between different regions of the network.

Centrality measures were computed for each node in the multilayer network model, consid-

ering both intra- and inter-layer edges. By ranking nodes based on these centrality metrics,

we identified key variables within each variable subset and across the entire network that

drive co-occurrence patterns. For this analysis, top nodes were selected based on eigenvector

centrality with the other centrality measures also reported, as this metric prioritizes vari-

ables that co-occur strongly with other influential variables, capturing the tightly connected

structures relevant to the biological and environmental contexts of the network. Compar-

isons of centrality rankings between the without-defects and with-defects cohort networks

revealed differences in the top-ranked variables, potentially shedding light on mechanisms or

interactions associated with birth defect outcomes.

4.2.4 Machine Learning Model

Feature Preparation

As described in the Methods - Data and Methods - Population and Data Preparation sections,

data for each birth record and parent giving birth, spanning four diverse variable sets, were
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aggregated for analysis. Variables with more than two categories were one-hot encoded to

represent binary outcomes (yes/no) for each category. Continuous variables were scaled to

have a mean of 0 and a standard deviation of 1 to reduce the impact of outliers and improve

model comparisons. To investigate the importance of the feature space on model predictions,

three feature sets were prepared:

1. All Variables : Includes all variables within the dataset.

2. Without Environment : Excludes variables in the physical and social environment sub-

set.

3. Top Variables : Features derived from the top 30 variables identified from the with-

defects cohort based on eigenvector centrality.

Modeling

Supervised machine learning models were developed to predict birth defect outcomes based

on features representing labor and delivery complications, pregnancy complications, parent

giving birth and infant characteristics, and physical and social environment factors. Inter-

pretability, handling of imbalanced data, and sensitivity to feature structure were prioritized.

The following models were evaluated: logistic regression, random forest, and XGBoost [161].

The data was split into an 80/20 train/test set for training and evaluation. Hyperparameter

optimization was conducted during training using 10-fold cross-validation, with the area

under the receiver operating characteristic curve (AUROC) as the optimization metric. Grid

search was used to select the best hyperparameters for each model (Table C.2). Model

performance was evaluated using the following metrics:

• Area Under the Receiver Operating Curve (AUROC): Measures the model’s ability
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to distinguish between positive (birth defect) and a negative (no defect) classes by

plotting the true positive rate versus the false positive rate at different thresholds.

• Area Under the Precision Recall Curve (AUPR): Measures the model’s ability to iden-

tify positive instances while minimizing false positives by plotting precision versus

recall at different thresholds.

• Precision: Proportion of correctly identified positive cases among all positive predic-

tions. Higher precision indicates fewer false positives.

• Recall: Proportion of actual positive cases correctly identified. Higher recall indicates

fewer false negatives.

• F1: Harmonic mean of precision and recall, balancing the two metrics when both are

important.

The final model was evaluated on the test set using a stratified approach to account for

potential class imbalance. Performance was assessed across the five metrics for each of the

three feature sets, providing insights into the impact of feature selection on model predictions.

Model Explanations

Understanding the contributions of individual features to model predictions is critical for

interpreting the relationship between input variables and birth defect outcomes. Tree based

methods such as those utilized in this study are known to capture complex relationships that

make the identification of feature importance increasingly difficult. To explain the complex

interactions and importance, we utilized SHAP (SHapley Additive exPlanations) values to

quantify the importance of each feature in the machine learning model while accounting for

nonlinear relationships.
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SHAP values explain a model’s prediction by attributing the contribution of each feature to

a predicted outcome both at the local (individual) level and can be aggregated to determine

a global measure of feature importance (average absolute SHAP value) [162]. These values

are calculated while considering the marginal contribution of each feature across all possible

subsets of features, giving a fair measure of importance that may increase of decrease the

likelihood of a positive outcome (e.g. the presence of a birth defect). We utilized SHAP

values to investigate feature importance in the final trained modes for the All Variables and

the Top Variables feature sets along with the importance of variable subsets on the overall

model predictions. As SHAP values are inherently additive, variable subset contributions

were computed by taking the sum of all SHAP values for a feature within a variable subset

and normalizing to the number of total features within the variable subset.

To enhance the interpretability of SHAP values, each value was converted to a risk ratio. The

conversation to a risk ratio was performed by scaling the SHAP values relative to the base

prediction probability of the model following the method described in [150]. The log-odds

of birth defect probability for a given sample are expressed as:

LO = ϕ0 +
d∑

i=1

ϕi

Here, ϕ0 represents the base SHAP value (the logit of the population prevalence, P0), and ϕi

represents the SHAP values attributed to features i ∈ 1, . . . d. The predicted probability for

an outcome based on the contribution of individual features is computed using the sigmoid

function, the inverse of the logit:

Pi = S (ϕ0 + ϕi) =
1

1 + e−(ϕ0+ϕi)

The relative risk (RR) for a single feature i is then defined as the ratio of the predicted
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probability associated with the feature to the base probability:

RRi =
Pi

P0

=
S(ϕ0 + ϕi)

S(ϕ0)

To create dependence plots that demonstrate the feature value as a function of the RR across

all observations, the calculated RRs were grouped into bins based on the feature values. For

each bin, the mean and standard deviation of RRs were computed and plotted against the

mean feature value represented as uncertainty bands. Presenting SHAP values in terms

of the RR provides a more actionable interpretation of how changes in a feature’s value

influence the risk of birth defects while maintaining the integrity of SHAP dependence plots.

4.3 Results

4.3.1 Descriptive Statistics: Overview of Population Characteris-

tics

To investigate the variables that may be related to an increased risk of birth defects, we

aggregated data from the California Department of Public Health (CDPH) California Com-

prehensive Master Birth File (CCMBF) and the California Environmental Protection Agency

California Environmental Screen (CalEnviroScreen) dataset. The CCMBF dataset contains

detailed information about the parent giving birth-newborn pairs including demographic in-

formation and specific outcomes related to the pregnancy and abnormal newborn conditions.

CalEnviroScreen contains general information about the physical and social environment by

census tract in California that is matched to the parent giving birth based on the where

the parent giving birth is known to reside. A detailed overview of the data preprocessing

strategy and subsequent analyses is given in Figure 4.2. The final dataset used for analysis
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Figure 4.2: Analysis workflow for investigation of the multifaceted nature of birth defect
outcomes. A concise overview of the modeling strategy utilized for the study, including
data preprocessing, network modeling and machine learning implementation. A detailed
description of study inclusion criteria is provided in the Methods.

after preprocessing (see Methods) is composed of 552,688 parents giving birth from 2018-

2019 in the state of California with a known newborn birth defect outcome (yes/no) and 4
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variable subsets: labor and delivery complications (25 variables), pregnancy complications

(26 variables), parent giving birth and infant characteristics (29 variables), and physical and

social environment (21 variables). A condensed representation of characteristics, sociodemo-

graphic, and other demographic information for the parent giving birth and the newborn is

shown in Table 4.2 with a comprehensive depiction of all included variables in Table C.1.

Of the 552,688 parents giving birth included within the dataset, 3,013 had a newborn with an

identified birth defect (less than 1%). The number of male infants in both the without birth

defects and with birth defects categories were slightly larger than female infants. The mean

age of the parent giving birth in both the without and with birth defects cohort remains

close to 30 years of age. Recognizing the multifaceted nature of birth defect outcomes, we

employed a multilayer network and machine learning approach, as illustrated in Figure 1, to

explore the complex variable relationships between variables in Table S1.

Table 4.2: Characteristics [mean ± SD or n (%)] of the without-birth defects and with-
birth defects cohorts comprised of the parent giving birth and newborn pairs for live births
occurring in the state of California from 2018-2019. Full characteristics are presented in
Table C.1 with a condensed version shown here.

Without
Birth Defects
(N=549,675)

With Birth De-
fects (N=3,013)

Parent Giving Birth Characteristics

Age 30.11 ± 5.85 29.01 ± 6.34
Weight Pre-pregnancy 155.08 ± 38.94 161.12 ± 38.16

Weight at Delivery 183.12 ± 38.54 186.51 ± 38.94
Height 63.67 ± 2.84 63.44 ± 2.81

Pre-pregnancy BMI 26.88 ± 6.40 28.12 ± 6.27
Race
White 388837 (70.74) 2648 (87.89)
Black 32889 (5.98) 106 (3.52)
Asian 90305 (16.43) 155 (5.14)

Native Hawaiian or Other Pacific Islander 2797 (0.51) 7 (0.23)
American Indian or Alaskan Native 3232 (0.59) 16 (0.23)

Other Specified 31615 (5.75) 81 (2.69)
Multi-race

Non-Hispanic 271626 (49.42) 745 (24.73)
Hispanic Single Race 257472 (46.84) 2201 (73.05)

Two or More Races - Any Hispanic Status 20577 (3.74) 67 (2.22)
Education

Continued on next page
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Table 4.2 – continued from previous page

Without
Birth Defects
(N=549,675)

With Birth De-
fects (N=3,013)

≤High School/GED 204728 (37.25) 1617 (53.67)
Some College/Associate 151226 (27.51) 809 (26.85)

≥Bachelor’s Degree 193721 (35.24) 587 (19.48)
Women, Infants, and Chil-

dren (WIC) Program
223120 (40.59) 1587 (52.67)

Payment for Prenatal Care
Private Insurance Company 283232 (51.53) 931 (30.90)

Medical/Other Government Support 238473 (43.38) 1902 (63.13)
Self-Pay 18336 (3.34) 111 (3.68)

Other 6744 (1.23) 6 (0.20)
No Prenatal Care 2890 (0.53) 63 (2.09)

Payment for Delivery
Private Insurance Company 282980 (51.48) 919 (30.50)

Medical/Other Government Support 241504 (43.94) 1941 (64.42)
Self-Pay 18274 (3.32) 144 (4.78)

Other 6578 (1.20) 6 (0.20)
Medically Unattended Delivery 339 (0.06) 3 (0.10)

Final Route of Delivery
Vaginal 380869 (69.29) 1902 (63.13)

Cesarean 168806 (30.71) 1111 (36.87)
Children Born Alive

1-3 Children 485400 (88.31) 2579 (85.60)
≥4 Children 64275 (11.69) 434 (14.40)

Infant Characteristics

Child Sex
Female 268311 (48.81) 1374 (45.60)
Male 281361 (51.19) 1638 (54.36)

Birthweight (grams) 3290.89 ± 557.23 3142.44 ± 689.12
Gestation (weeks) 38.6 ± 1.91 37.96 ± 2.55
Gestation (days) 269.88 ± 35.06 270.35 ± 29.63

Plurality
Single 533188 (97) 2911 (96.61)
Twin 16119 (2.93) 100 (3.32)

Fetal Presentation
Cephalic 525076 (95.52) 2816 (93.46)
Breech 20343 (3.70) 171 (5.68)
Other 4256 (0.77) 26 (0.86)

APGAR Min5
Score ≤5 4386 (0.80) 115 (3.82)
Score >5 545289 (99.20) 2898 (96.18)

APGAR Min10
Score ≤5 1202 (0.22) 72 (2.39)
Score >5 548473 (99.78) 2941 (97.61)

Hearing Test
Pass (Both Ears) 248064 (45.13) 346 (11.48)

Fail (One or Both Ears) 5899 (1.07) 48 (1.59)
Pending 186978 (34.02) 649 (21.54)

Continued on next page
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Table 4.2 – continued from previous page

Without
Birth Defects
(N=549,675)

With Birth De-
fects (N=3,013)

Test Not Available 102443 (18.64) 1860 (61.73)
Not Screened due to Medical Condition 5751 (1.05) 101 (3.35)

Refused 540 (0.10) 9 (0.30)

4.3.2 Multilayer Network Modeling: Capturing Complex Variable

Interactions

To capture the complexity of variable interactions, we constructed a multilayer network

model that integrates multiple categories of variables across different layers. Each layer

within the network model represented a distinct variable subset, with intra-layer (within-

subset) and inter-layer (between-subset) links denoting statistically significant associations

between variables (p < 0.01 and effect size > minimum threshold, Methods – Table 4.1).

Nodes in the network corresponded to individual variables (e.g., age), and edges represented

co-occurrence relationships. Unlike traditional statistical approaches, this multilayer net-

work approach allows simultaneous analysis of within-subset and cross-subset interactions,

providing a more comprehensive view of complex associations across distinct categories of

variables in the with and without birth defects cohorts. Details on the construction of the

multilayer network, including statistical thresholds and criteria for defining links are provided

in Methods – Multilayer Network.
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Figure 4.3: Intra-layer networks for the without- and with-birth defects cohorts across the
four network layers: Labor & Delivery Complications, Pregnancy Complications, Parent
Giving Birth & Infant Characteristics, and Physical & Social Environment. Larger nodes
indicate a larger node degree with thicker edge links indicating strong correlations between
any two nodes/variables.
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Increased Cross-Domain Co-occurrence in Birth Defects Cohort Highlight Mul-

tifactorial Risk

Pregnancies resulting in birth defects displayed markedly different patterns of variable co-

occurrence compared to those without, exhibiting significantly higher network connectivity

and complexity. Specifically, intra-layer edge densities, which quantify the proportion of

possible connections within a layer, increased significantly in the labor and delivery compli-

cations, pregnancy complications, and parent giving birth and infant characteristic subsets

(p < 0.05, Figure 4.3 and Figure 4.4). This increase indicates higher levels of co-morbidities

and complex interdependencies among these variables. In contrast, the variable connectiv-

ity within the without birth defects cohort often reflected expected population characteris-

tics. For example, in the pregnancy complications layer, sexually transmitted diseases were

strongly connected and relatively disconnected from the rest of the network, suggesting a

more isolated presentation of this risk factor. However, within the birth defects cohort,

the same variables exhibited greater interconnection, highlighting a disruption of typical

co-occurrence patterns.

Inter-layer connections also showed a marked increase in edge density for all subset combi-

nations in the birth defects cohort (Figure 4.4). For example, variables from the pregnancy

complications subset exhibited stronger associations with variables from the physical and

social environment subset, highlighting the interconnected nature of factors contributing to

birth defects. In contrast, the non-birth defects cohort exhibited lower intra- and inter-

layer edge densities, reflecting fewer and less complex interactions. These findings suggest

that pregnancies resulting in birth defects are characterized by more intricate risk profiles

involving interactions across multiple domains.

Interestingly, while intra-layer connectivity within the physical and social environment subset

did not significantly increase, its inter-layer connections with other subsets (e.g., pregnancy
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complications) were significantly higher in the birth defects cohort. This finding emphasizes

the importance of cross-domain interactions, particularly those involving environmental fac-

tors, in understanding birth defect risks.

Figure 4.4: Edge density of intra- and inter- layers of the multilayer network models for
the without birth defects and with birth defects cohorts. Red squares signify a statistically
significant difference in edge density between the without- and with- birth defects groups
(p < 0.05).

Distinct Clustering Patterns Reveal Key Differences in Variable Interactions

Between Cohorts

Community detection within the multilayer network revealed distinct clustering patterns for

variables in the birth defects compared to the non-birth defects cohorts (Figure 4.5), with

detailed information on the clustering methodology provided in the Methods section. In the

non-birth defects cohort, six clusters were identified, largely confined to specific variable sub-

sets, reflecting relatively isolated relationships. Conversely, the birth defects cohort exhibited

only four clusters, with extensive cross-subset interactions, indicating a more interconnected

network and co-occurring variables.
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Notably, several variables in the non-birth defects network were isolated due to a lack of con-

nections (e.g., Placental Insufficiency, Prolapsed Cord, Eclampsia), whereas the birth defects

network included only one isolated node (Unplanned Operating Room Procedure). Clusters

in the birth defects network often spanned multiple subsets, such as Cluster 3 containing

variables from physical and social environments, parent giving birth and infant character-

istics, and labor and delivery complications. This integration underscores the interplay of

diverse factors associated with birth defect risks.

In contrast, clusters in the non-birth defects cohort were more compartmentalized, with

variables largely confined to their respective subsets. For example, Cluster 0 primarily

consisting of labor and deliver complications highlights the less interconnected nature of

these variables to other variable subsets in the absence of birth defects. These differences

underscore the heightened complexity of risk profiles in the birth defects cohort.

Centrality Analysis Identifies Influential Variables Driving Birth Defect Risks

Centrality measures were applied to identify influential variables in the multilayer network

that may play pivotal roles in pregnancy outcomes (Table 4.3). Eigenvector centrality high-

lighted variables with extensive connections to other well-connected nodes, degree centrality

identified variables with high direct connectivity, and betweenness centrality revealed hub

variables bridging different clusters.

In both cohorts, variables such as Payment for Prenatal Care, Payment for Delivery, and

Race ranked highly in centrality measures, reflecting their pervasive influence. However,

differences emerged in the specific central roles of these variables between cohorts. For

example, in the birth defects network, variables such as Antibiotics, APGAR Min5, and

Hearing were prominent, highlighting the critical role of medical interventions and testing

in this cohort.
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Figure 4.5: Multilayer network representation of variable co-occurrence for all variable sub-
sets in the without-birth defects (A) and with-birth defects (B) cohorts. Variables are colored
based on cluster groupings of variables indicating groups of co-occurring variables within each
cohort. Excluded nodes are variables that had no connections or indications of co-occurrence
with remaining variables. Abbreviations: obstetrics (OB), rupture of membrane (ROB).
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The centrality analyses revealed contrasting clustering patterns between the two cohorts.

In the birth defects cohort, influential variables were distributed across multiple clusters,

reflecting a network with highly interconnected nodes and the complex interplay of medical,

social, and environmental factors potentially contributing to birth defects. Conversely, in

the without-birth defects cohort, central variables were more localized, primarily confined

to Cluster 5. This cluster appeared to capture broader population-level trends, such as

demographic and socioeconomic factors, rather than variables directly tied to specific medical

outcomes.

These findings suggest that while pregnancies involving birth defects exhibit a multifaceted

and interconnected network of risk factors, healthy pregnancies are characterized by more

compartmentalized relationships, possibly reflecting a more uniform population structure

driven by demographic and lifestyle factors.

4.3.3 Machine Learning: Predicting Birth Defects

We leveraged the variable subsets and knowledge of variable co-occurrence from the multi-

layer network model to train machine learning models aimed at predicting parental social,

medical, and environmental characteristics that may increase the incidence of birth defects.

The dataset was split into 80% for training and 20% for testing, maintaining the proportion

of true birth defect outcomes to address potential class imbalances. Categorical variables

were one-hot encoded, converting each category into a binary feature. For example, the

variable Race was transformed into 21 binary features, each representing a specific racial

category using one-hot encoding. All transformed variables are presented in (Table C.1).

Continuous variables were standardized to have a mean of 0 and a standard deviation of 1 to

ensure consistency across features. Additional information on the machine learning model

optimization and development is provided in Methods – Machine Learning Model.
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Table 4.3: Top 20 nodes with the highest eigenvector centrality in the without and with
birth defects multilayer network models. Each centrality measure is reported along with the
cluster identification.

Node Eigenvector
Centrality

Degree
Centrality

Betweenness
Centrality

Cluster
ID

Without Birth Defects

Payment for Prenatal Care 0.257 0.442 0.139 5
Payment for Delivery 0.242 0.368 0.035 5

Multi-race 0.233 0.389 0.092 5
Number of Children Born Alive 0.221 0.358 0.059 3
Number of Children Ever Born 0.221 0.358 0.059 3

Race 0.221 0.389 0.121 5
Women, Infants and Children Program (WIC) 0.220 0.295 0.019 5

Education Level 0.216 0.316 0.038 5
Hispanic Code 0.210 0.284 0.011 5

Epidural or Spinal Anesthesia 0.198 0.305 0.035 3
Delivery Final Route 0.174 0.389 0.095 3
Education (regional) 0.163 0.189 0.002 5

Poverty 0.163 0.189 0.002 5
Asthma (prevalence rate) 0.149 0.168 0.001 5

Unemployment 0.144 0.158 0.002 5
Cardiovascular Disease 0.138 0.147 0.001 5

Pre-pregnancy BMI 0.134 0.158 0.003 5
Weight Pre-pregnancy 0.131 0.147 0.002 5

Age 0.124 0.137 0.002 5
Housing Burden 0.122 0.137 0.000 5

With Birth Defects

Hearing 0.200 0.697 0.069 3
Other Pregnancy Complications 0.193 0.636 0.039 3

Antibiotics 0.190 0.616 0.052 3
Multi-race 0.189 0.697 0.082 4

Other Labor/Delivery Complications 0.189 0.596 0.030 3
APGAR Min5 0.184 0.616 0.075 0

Consideration for High Risk Obstetric Services 0.181 0.535 0.015 0
Education Level 0.181 0.616 0.055 4
Hispanic Code 0.178 0.586 0.036 4

Delivery Final Route 0.178 0.606 0.042 2
Race 0.169 0.646 0.080 3

Payment for Delivery 0.163 0.505 0.024 4
Steroids for Fetal Lung Maturation 0.157 0.455 0.011 0

Unemployment 0.151 0.394 0.003 4
Payment for Prenatal Care 0.149 0.465 0.019 4

Impaired Water Bodies 0.148 0.394 0.006 3
Fetal Intolerance of Labor 0.146 0.404 0.008 0

Augmentation of Labor 0.143 0.394 0.006 3
Asthma (prevalence rate) 0.142 0.354 0.002 4

Cardiovascular Disease 0.139 0.343 0.002 4
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Model Selection and Performance Comparison

Figure 4.6 illustrates the five evaluation metrics (area under the receiver operating curve

(AUROC), area under the precision recall curve (AUPR), precision, recall, and F1-score) for

logistic regression, random forest, and XGBoost models, both with default and optimized

hyperparameters, across 10-fold cross-validation using the complete feature set. Details of

the hyperparameter optimization process are provided in the Methods with parameter values

given in Table C.2.

This evaluation yielded ten models for each method, which were internally validated to re-

duce overfitting and account for variability during hyperparameter tuning. Both XGBoost

and random forest models with optimized hyperparameters achieved an AUROC of 0.89.

However, XGBoost consistently outperformed random forest in all other metrics, most no-

tably in precision, which dropped significantly from 0.67 (XGBoost) to 0.40 (random forest).

Logistic regression demonstrated high recall (0.97) but failed in precision, achieving near-zero

values, underscoring its limitation in this context.

XGBoost demonstrated the most balanced performance across metrics, solidifying it as the

top-performing model. Notably, the improvement in XGBoost’s performance from default

to optimized parameters was modest, with a 2% increase in AUROC. Given its robustness

across all metrics, we selected XGBoost with optimized hyperparameters for subsequent

analyses.

Feature Set Analysis: Physical & Social Environment Variables Increase AUROC

by 3% and AUPR by 20%

To explore the impact of feature selection on predictive performance, we evaluated XGBoost

models trained on three feature sets: (1) all variables, (2) all variables excluding environ-
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Figure 4.6: The area under the receiver operating curve (A), area under the precision-
recall curve (B), and the precision, recall, and F1 score metrics (C) for the three machine
learning models of interest, XGBoost, random forest, and logistic regression, evaluated on
the All Variables feature space using 10-fold cross validation. In (C), the bars represent the
standard deviation across folds for precision, recall, and F1. Baseline models (represented
with dashed/hashed lines) were generated using default parameters, while optimized models
were fine-tuned using hyperparameter optimization to maximize AUROC during training.

mental features, and (3) the top 30 variables identified by the multilayer network model

referred to as All Variables, Without Environment, and Top Variables respectively (Figure

4.7). Model performance was assessed on the test set using 10-fold stratification to account

for variability. The models trained on the All Variables, Without Environment, and the Top

Variable feature sets achieved AUROCs of 0.89, 0.86, and 0.88, respectively.

Excluding environmental features drastically reduced AUPR from 0.43 to 0.23, indicating

the critical role of environmental factors in improving predictive power. Interestingly, the

Top Variables feature set maintained performance comparable to the All Variables feature

set while significantly reducing the complexity of the feature space. By selecting only 30

variables out of the original 101, the feature space, including one-hot encoded variables, was
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reduced by over 50%, decreasing computational resource requirements and highlighting the

ability of the multilayer network model to effectively prioritize relevant variables.

These findings underscore the importance of including physical and social environmental

factors in predictive models for birth defects. Furthermore, they demonstrate that leveraging

the multilayer network for feature selection retains predictive performance while reducing

model complexity. The network model also facilitates the exploration of feature interactions,

providing a deeper understanding of the relationships driving birth defect outcomes.

Figure 4.7: The area under the receiver operating curve (A), area under the precision-recall
curve (B), and the precision, recall, and F1 score metrics (C) evaluated on the test set for
XGBoost using three different feature sets: All Variables, Without Environment, and Top
Variables. Lighter lines in (A) and (B) represent the 10-fold stratified test sets, while the
thicker lines indicate the stratified mean, with confidence intervals for auROC and auPR
provided in the legend. In (C), the bars represent the standard deviation across folds for
precision, recall, and F1. The feature sets are defined as follows: All Variables includes
all variables in the dataset, Without Environment excludes variables related to the physical
and social environment, and Top Variables comprises the top 30 variables identified by the
multilayer network model.
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Feature Importance: Reduced Feature Space Improves Interpretability with Im-

paired Water Bodies as a Key Environmental Predictor

To identify the most predictive variables for birth defect outcomes, we computed SHAP

(SHapley Additive exPlanations) values for both the All Variables and Top Variables fea-

ture sets. Global feature importance was determined by averaging SHAP values across all

samples, while local feature importance was assessed using individual-specific SHAP values.

This dual approach allowed us to capture both broad trends and individual-level insights.

The features contributing globally to model predictions for the All Variables feature set by

variable subset is provided in Figure 4.8A with the top 20 individual features provided in

Figure 4.8B. Utilizing the additive nature of SHAP values and normalizing by the number of

features generate from each feature set, the physical and social environment overwhelmingly

explains model predictions accounting for 60% of weighted SHAP explanations. The Hearing

Test Pass (Both Ears) feature was the most important global feature contributing to birth

defect outcomes followed by Other Pregnancy Complications, Toxic Release from Facilities,

APGAR Score (Min5), and Ozone. Interestingly, when looking at the true SHAP values

for each individual for a local representation of feature importance (Figure 4.8C) Impaired

Water Bodies has the maximum SHAP value with high values of Impaired Water Bodies

having a positive impact on birth defect predictions. The second variable with the largest

SHAP value is Unemployment, also coming from the physical and social environment subset.

To understand the nonlinear relationships between a feature and model output, we produced

dependence plots that represent the SHAP values for a specific feature in terms of a Relative

Risk (RR) ratio. Presented in Figure 4.8D-G are the relative risk for the top 4 continuous

features with an exhaustive depiction of the top 20 in Figure C.1. The large SHAP values

for Impaired Water Bodies is further demonstrated with large values of Impaired Water

Bodies increasing the potential risk of birth defects (RR > 1). Interestingly, looking at the
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Figure 4.8: Feature importance and model interpretations using SHAP values generated
with the All Variables feature set. (A) Global feature importance normalized to the number
of features within each variable subset. SHAP values were summed for each variable subset
and normalized to the number of features within the subset. The legend indicates the num-
ber of features (f) in each variable subset. Normalized contribution and non-transformed
contribution is shown in Figure C.2 (B) The top 20 features ranked by mean absolute SHAP
values. (C) Beeswarm plot of individual feature importances, where each dot represents the
SHAP value of a feature for a specific observation within the model predictions. (D–G) De-
pendence plots for the top four continuous features contributing to model output, presented
as risk ratios (RR). Shaded bands represent the standard deviation of the population per
bin, and dashed lines indicate the baseline risk ratio (RR = 1). RR > 1 signifies a positive
relationship with the model output, while RR < 1 signifies a negative relationship.
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Figure 4.9: Feature importance and model interpretations using SHAP values generated with
the Top Variables feature set. (A) Global feature importance normalized to the number of
features within each variable subset. SHAP values were summed for each variable subset and
normalized to the number of features within the subset. The legend indicates the number
of features (f) in each variable subset. Normalized contribution and non-transformed con-
tribution is shown in Figure C.4. (B) The top 20 features ranked by mean absolute SHAP
values. (C) Beeswarm plot of individual feature importances, where each dot represents the
SHAP value of a feature for a specific observation within the model predictions. (D–G) De-
pendence plots for the top four continuous features contributing to model output, presented
as risk ratios (RR). Shaded bands represent the standard deviation of the population per
bin, and dashed lines indicate the baseline risk ratio (RR = 1). RR > 1 signifies a positive
relationship with the model output, while RR < 1 signifies a negative relationship.
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Toxic Release from Facilities dependence plot, we see a near horizontal relationship between

relative risk and Toxic Release with an RR < 1. This indicates that changes in Toxic Release

values have little to no direct effect on the model’s predicted birth defect risk. This suggests

that the feature’s observed importance, as shown by the SHAP values, is likely driven by its

interactions or high correlations with other influential variables.

The reduced feature space informed by the multilayer network model provides a more stream-

lined approach to interpreting feature impact on model predictions. This reduction did not

greatly alter prediction accuracy, suggesting that features excluded from the Top Variables

feature set likely had minimal or no true impact on the model (AUROC reduction by 1%).

Repeating the SHAP analysis for the Top Variables feature set yielded similar global in-

sights, with the physical and social environment variable subset maintaining the highest

contribution, accounting for 43% of the weighted SHAP values (Figure 4.9A). Hearing Test

Pass and Other Pregnancy Complications remained the top two features by global average

SHAP values (Figure 4.9B).

Notably, features like Toxic Release and Ozone Levels, which appeared in the top 20 in

the All Variables feature set, were absent in the reduced feature set. This suggests that

these variables may have served as proxies for other, more impactful variables, and were

likely highly correlated with features identified as key by the multilayer network model.

Interestingly, the two features with the highest positive impact on model predictions in the

All Variables feature set continued to have the greatest contributions in the Top Variables

feature set.

This result highlights the advantage of a reduced feature set in mitigating bias introduced

by redundant features. For the top four continuous features, environmental factors such as

Impaired Water Bodies and Unemployment were associated with an increased risk of birth

defects (RR > 1). Conversely, features like Gestation Time showed a negative relationship,

with shorter gestation times increasing the risk of birth defects. The relative risk for the top
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20 features in the Top Variables feature set is included in Figure C.3.

4.4 Discussion

In this study we utilized an integrative computational modeling approach combining multi-

layer network modeling and machine learning to investigate the multifactorial relationship

between birth defect outcomes and the parent giving birth comorbidities, socioeconomic fac-

tors, demographic information, and the physical and social environment the parent lives in.

By incorporating data from two primary sources, live birth records form the CDPH and

environmental data from the CalEPA, we were able to examine interactions across these

domains on a population scale, enhancing interpretability and generalizability. Our findings

reveal that the birth defects cohort exhibits increased variable co-occurrence across data

domains, as demonstrated by higher inter-layer connectivity and clustering behavior in the

multilayer network model. This underscores the multifactorial interplay of variables that

may collectively contribute to birth defect incidence. The developed machine learning model

exhibited strong predictive performance for birth defect outcomes (AUROC = 0.88) on the

basis of a reduced feature space to influential variables identified through multilayer network

analysis, improving both interpretability and efficiency.

Multilayer network density analysis revealed a significant increase in both inter- and intra-

layer connections for the birth defects cohort, with the notable exception of intra-layer density

in the Physical & Social Environment layer. This finding highlights a unique connectivity

pattern in this domain, suggesting that variables from the physical and social environment

may exert their influence through cross-domain interactions rather than internal cohesion.

These results align with findings in environmental health research, which often highlight the

compounded effects of factors such as proximity to pollutants and socioeconomic disparities

on adverse outcomes [163, 164, 165]. Clustering analysis further supported this interpreta-
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tion, identifying stronger co-occurrence patterns across data domains in the birth defects

cohort, reflecting the potential compounding effects of correlated variables. Key variables

driving connectivity in the birth defects cohort included hearing outcomes, other pregnancy

complications, antibiotic use, multiracial identity, and labor and delivery complications. The

prominence of these variables suggests they co-occur at higher rates with other network vari-

ables, highlights critical disparities in healthcare access within this cohort. For example,

poor hearing outcomes, known to be associated with congenital abnormalities [166, 167],

were prevalent, yet hearing tests were unavailable for over 60% of this cohort (Figure C.5).

This discrepancy may reflect disparities in healthcare access, as government-supported health

insurance covered prenatal and delivery care for more than 60% of the birth defects cohort

(Figure C.5). These findings are further supported by studies demonstrating an association

between hearing test failure and demographic factors such as public health insurance cover-

age, race, education, and geographic location [168, 169] while many high risk newborns have

been shown to not receive screening at all [170]. Additionally, multiracial identity emerged

as a top node, with approximately 70% of the birth defects cohort identified as Hispanic.

These findings contrast with the without-birth-defects cohort, where variables such as pay-

ment methods for prenatal care and the number of children born alive dominated, reflecting

broader population-level patterns rather than direct associations with adverse outcomes.

Our machine learning model achieved high predictive performance (AUROC = 0.88) for birth

defect outcomes using a reduced feature space derived from the multilayer network analy-

sis. Excluding the physical and social environment variables significantly reduced predictive

accuracy, emphasizing their critical role in birth defect outcomes. To address challenges

associated with class imbalance and overfitting in machine learning models, we implemented

a stratified testing approach, class weighting, and hyperparameter optimization, ensuring

robust performance. Additionally, we investigated tree-based machine learning models, such

as the final XGBoost utilized here, have been shown to boost interpretability and be the most

aligned with traditional clinical interpretation, emphasizing their applicability to the clinical
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domain [171]. While our model has yet to be tested on an external test set, our testing

leave-out method simulates model performance on an external dataset. Our best-performing

model, XGBoost, achieved AUROCs of 0.89, 0.86, 0.88 and AUPRs of 0.43, 0.23, 0.42 for All

Variables, Without Environment, and Top Variables feature spaces, respectively. Interest-

ingly, the Without Environment feature space greatly lacked predictive power. The reduced

feature space Top Variables demonstrated only a 1% decrease in performance metrics, high-

lighting the utility of our network-guided feature selection. An advantage of machine learning

is its ability to capture nonlinear relationships between predictors and outcomes, which are

often overlooked in traditional risk models [172]. In this approach, we were able to determine

nonlinear risk ratios using SHAP values of feature importance. A key example of nonlinear

behavior is the age of the mother giving birth for which low ages have increased risk, risk

decreases as age increases, and risk increases again at later ages (Figure C.5). Notably, the

hearing test category emerged as the top feature in the machine learning model (Figure

4.9) and the multilayer network (Table 4.3), with outcomes of “fail” or “pass” increasing

and decreasing birth defect risk respectively (Figure 4.9C). Additionally, physical and social

environment variables such as proximity to impaired water bodies and high unemployment

rates had the largest local impacts on predictions, identifying vulnerable populations and

geographies for targeted public health interventions.

Our approach of integrating multilayer network modeling and machine learning was able to

uncover complex, multifactorial relationships while enhancing predictive accuracy and in-

terpretability. Multilayer network modeling excels in identifying groups of highly correlated

variables across diverse domains [173, 174], offering insights into their interrelationships and

serving as a foundation for refining our machine learning model through feature reduction.

This process mitigates the risk of skewed inference caused by multicollinearity, where models

might disproportionately rely on one variable over others, leading to misleading conclusions

[175]. For instance, in the All Variable feature space, Gestation Time (weeks) was associ-

ated with an unexpected increase in birth defect risk, contrary to established evidence that
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shorter gestation times are more strongly linked to such outcomes [176]. This anomaly oc-

curred because the model was primarily relying on Gestation Time (days), where shorter

durations indeed showed an increased risk in the Top Variables feature space. By utiliz-

ing the reduced feature space therefore removing correlated variables, the model becomes

more interpretable and aligned with known risk factors, ensuring predictions are both ro-

bust and scientifically valid. In addition to enhancing interpretability, the multilayer network

model provides a framework to infer the broader implications of variables identified as sig-

nificant by the machine learning model. For example, Impaired Water Bodies emerged as

one of the most influential variables, positively impacting birth defect risk predictions (Fig-

ure 4.9). Through the network model, we identified that this variable is highly correlated

with other environmental and socioeconomic factors within the with-birth defects cohort,

including Pesticides and Unemployment, which exhibited the largest effect sizes, as well as

Groundwater Threats, Toxic Release, Ozone, Linguistic Isolation, Cardiovascular Disease,

and Solid Waste (Figure 4.3). Although not all these variables were directly highlighted by

the machine learning model, their strong correlation and co-occurrence with Impaired Wa-

ter Bodies underscore the interconnected nature of the physical and social environment in

shaping birth defect risks. This integration of network modeling and machine learning thus

reveals potential confounding factors and complex interactions that may otherwise remain

obscured. Moreover, the iterative interplay between these methodologies exemplifies their

complementary strengths, which have been leveraged for other health related applications

[177]. By narrowing the feature space to the most relevant variables identified through the

network model, we maintained predictive performance while improving model efficiency and

interpretability. This dual approach enables a more nuanced understanding of the multifac-

torial interactions underlying birth defect outcomes and offers a roadmap for digging deeper

into machine learning interpretations, which is often overlooked [178]. Importantly, it high-

lights the compounded risks faced by vulnerable populations exposed to overlapping physical

and social environmental hazards.
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The multifactorial nature of birth defect outcomes, as revealed through our machine learning

and multilayer network analyses, underscores that these outcomes are rarely attributable to

a single cause. Instead, our approach enables the identification of key environmental, social,

and health variables that are strongly correlated with or indicative of birth defects, offering

actionable insights for policymakers. For example, Impaired Water Bodies emerged as a cen-

tral variable influencing birth defect outcomes both in the multilayer network and machine

learning model. This finding underscores the critical intersection of environmental and so-

cioeconomic factors and aligns with evidence that environmental issues, such as water quality

degradation, disproportionately impact lower-income communities and people of color. Ad-

dressing this variable through targeted policy initiatives, such as improving water quality in

vulnerable areas, could mitigate risks while simultaneously addressing systemic factors like

unemployment and healthcare access. This approach also aids in resource allocation by iden-

tifying high-risk demographic groups and geographic regions where interventions could have

the most significant impact. For example, pairing water quality improvement efforts with

initiatives addressing unemployment and social isolation could address the interconnected

risks associated with birth defects more holistically. Such efforts are currently being imple-

mented by the state of California, where the CalEnviroScreen program prioritizes funding

for communities disproportionately impacted by environmental pollutants under the Senate

Bill (SB) 535 [179]. CalEnviroScreen employs computational models to evaluate both en-

vironmental hazards and socioeconomic vulnerabilities, providing a data-driven assessment

of pollution burden that informs regulatory and funding decisions [179, 180]. In contrast,

the findings of this study extend this framework by specifically examining birth defect out-

comes in relation to environment and socioeconomic factors. This targeted approach not

only deepens our understanding of the multifactorial nature of birth defects but also offers

an additional layer of insight for public health interventions. By pinpointing central vari-

ables and considering their broader correlations, this integrated strategy has the potential

to inform preventive measures that are both effective and equitable, advancing public health
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outcomes in a multifactorial context.

Numerous studies have documented the increased risk of birth defects associated with en-

vironmental factors [181, 182, 183, 4, 184]. While these studies often focus on univariate

relationships, examining the effect of a single variable on specific birth defect outcomes,

research by Peyvandi et al. underscores the multifactorial nature of birth defects, partic-

ularly congenital heart disease, by linking socioeconomic and environmental factors across

California [19]. Their findings, which demonstrate an increased risk of birth defects asso-

ciated with social deprivation, align with our results and incorporate a composite measure

of social deprivation that aggregates multiple factors to account for confounders. Similarly,

other studies have adopted nonlinear approaches using machine learning to uncover com-

plex variable relationships and their impact on birth defect outcomes [185, 152]. Our study

builds on this progress by integrating multilayer network modeling with machine learning,

capturing relationships across multiple domains and leveraging network-derived insights to

enhance predictive accuracy. This dual approach addresses a common limitation in tradi-

tional regression and machine learning frameworks: the tendency to overlook correlated or

interdependent variables, which can obscure interpretations [186]. By incorporating mul-

tifactorial relationships, our methodology provides a more nuanced understanding of the

drivers of birth defect outcomes, advancing the field beyond existing approaches.

Despite its strengths, our integrated modeling strategy has several limitations. First, the

reliance on retrospective health records introduces potential biases, including the misclas-

sification of outcomes and errors in the recording of birth monitoring codes [187, 188]. To

mitigate these issues, we conducted rigorous data preprocessing, ensuring that observations

labeled as Normal are excluded from any birth defect classifications. We also restricted our

analysis to cases with clearly defined birth defect categories, excluding non-specific labels

included within CCMBF records such as Additional Abnormal Conditions to enhance clas-

sification accuracy. Second, the use of the CalEnviroScreen tool, while comprehensive, is
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sensitive to methodological changes and interpretative variability [189]. To address this, we

supplemented our analyses with raw data from the CalEnviroScreen framework, enhancing

transparency and reducing dependence on aggregated indices. Another challenge lies in the

rarity of birth defect outcomes, which limits the availability of robust validation datasets.

This is a common issue in machine learning studies focused on rare events [190, 191]. We

addressed it by employing techniques to manage class imbalance, including thorough val-

idation with leave-out test sets. Nonetheless, further validation with external datasets is

necessary to confirm the generalizability of our findings. Finally, our study focuses on data

from California, a state with diverse socioeconomic and demographic profiles. While this

diversity enhances the relevance of our findings, the applicability of our predictive model

to other populations remains untested. Future studies should explore the generalizability of

our model in different geographic and demographic contexts.

In conclusion, our findings demonstrate that birth defect outcomes are inherently multi-

factorial, with multilayer network modeling enhancing understanding and machine learning

achieving high predictive accuracy. This integrated approach not only identifies key variables

driving adverse outcomes but also provides a foundation for prioritizing interventions that

address the multifaceted risks faced by vulnerable populations. These results have significant

implications for public health and environmental mediation strategies, offering a pathway to

improve health outcomes through targeted, evidence-based policies.
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Chapter 5

Conclusion

In this dissertation, I have developed and presented a suite of integrative computational

tools to assess the impact of environmental exposures during development. By combining

advanced methodologies, ranging from enhanced transcriptomic analysis to multilayer net-

work modeling and machine learning, this work addresses key challenges in developmental

toxicology at multiple biological scales. The tools and approaches presented here not only

bridge gaps between molecular and population-level analyses but also offer scalable frame-

works for future research.

Throughout the dissertation, three major contributions have been highlighted:

• Chapter 2: I introduced danRerLib, a Python package tailored for zebrafish transcrip-

tomics and functional enrichment analysis. By leveraging orthology mapping between

zebrafish and human gene annotations, danRerLib overcomes the limitations imposed

by incomplete zebrafish pathway annotations. This tool enhances our ability to iden-

tify biologically relevant pathways affected by environmental exposures, serving as a

foundational resource for subsequent analyses.
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• Chapter 3: Building on the capabilities of danRerLib, I developed a computational

framework that integrates network modeling and machine learning to predict chemical

toxicity at the organ level, focusing on the pancreas. This work demonstrates that

whole-embryo zebrafish transcriptomic data can be repurposed to extract organ-specific

insights. The combined analysis not only identifies key driver genes and potential

biomarkers of pancreatic toxicity but also establishes a proof-of-concept model for

organ-targeted toxicity prediction.

• Chapter 4: The methodology was further extended to the population level by applying

multilayer network modeling and machine learning to a comprehensive dataset from

California. This analysis elucidated the complex interactions between environmental

exposures, demographic factors, and birth defect outcomes. The integrative approach

achieved strong predictive performance and highlighted critical predictors, such as

impaired water bodies, thereby reinforcing the multifactorial nature of birth defect

etiology.

5.1 Future Work

The projects presented in this dissertation have been designed with scalability in mind, and

several avenues for future work are evident.

While Chapter 2 focuses on functional enrichment analysis using danRerLib, future en-

hancements could include integrating upstream bioinformatics processes such as differential

expression analysis, read alignment, and gene counting specifically optimized for zebrafish

datasets. Additionally, a server-based graphical user interface (GUI) would increase access to

danRerLib by eliminating the need for programming expertise, thus broadening its adoption

among researchers with limited computational backgrounds.
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Chapter 3 established a foundational toxicity prediction model for the pancreas. An impor-

tant next step is extending this framework to other organ systems. One promising direction

involves developing a multilayer network model where each layer represents a different organ.

Challenges such as establishing robust intra-layer links between organ pathways, potentially

via gene overlap, and reducing the network’s dimensionality for improved clustering and

prediction should be addressed. Moreover, as new chemicals are characterized, they can be

integrated into the chemical space, thereby refining clustering outcomes and enhancing the

predictive power of the model. Developing a user-friendly interface to input chemical prop-

erties and receive toxicity predictions for multiple organs would further increase the model’s

utility.

In Chapter 4, the application of multilayer network modeling and machine learning to Cal-

ifornia’s population data yielded promising results. Future work should focus on validating

these models on external datasets and exploring additional machine learning approaches that

can scale with increasing data volume. As the dataset expands, novel models may further

improve the predictive performance and interpretability of key risk factors associated with

birth defects.

A final important direction is the construction of a comprehensive Adverse Outcome Pathway

(AOP) that links molecular events to population-level outcomes. This work is currently

limited by the disparity in chemical types between the zebrafish transcriptomics dataset

and those monitored through programs like CalEnviroScreen. Future research should strive

to map identifiable chemicals across datasets and generate robust zebrafish transcriptomic

profiles for these chemicals. Such efforts would facilitate direct linkage of molecular toxicity

predictions (Chapter 3) to observed birth defect outcomes (Chapter 4), while accounting for

the multifactorial influence of demographic and socioeconomic variables.
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5.2 Concluding Remarks

The long-term goal of this research is to advance our understanding of how environmental

contaminants affect embryonic development, a critical step toward mitigating adverse health

outcomes. In summary, this dissertation has provided novel computational frameworks that

integrate transcriptomic analysis, network modeling, and machine learning to address the

challenges of developmental toxicity. The tools developed here, including danRerLib and

the organ-specific as well as population-level models, represent significant progress toward

predictive toxicology. They not only fill existing gaps in our current methodologies but also

offer scalable, adaptable approaches that can guide future research, inform public health poli-

cies, and ultimately contribute to the prevention of environmentally induced developmental

disorders.
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A.1 Supplementary Figures

Figure A.1: Enrichplots module additional plotting options for the data presented in Figure
2.1 (A) Bar chart displaying the top 10 downregulated pathways. (B) Volcano plot displaying
the relationship between the odds ratio and the p-value for upregulated and downregulated
pathways.
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Table B.1: Chemical properties for each chemical exposure curated from the Gene Expression Omnibus. Abbreviations include:
Halogenated Organic Compounds (HOC), Perfluoroalkyl Substances (PFAS), Pesticide/Herbicide (P/H), Paraben (PAR). Phar-
maceuticals/Drugs (P/D), Endocrine Disrupting Chemicals (EDC), and Solvents/Other (S/O).

Chemical La-
bel

Chemical
Full Name

Chem-
ical
Short
Name

CAS # DTX
ID

Chem-
ical
Type

GEO
Acces-
sion

DOI Age
(dpf)

Micro-
molar
Dose

Fish
Strain

Expo-
sure
Time
(hrs)

Re-
peat-
ed
Ex-
po-
sure

PCB11 20.2uM 3,3’-Dichloro-
biphenyl

PCB-
11

2050-67-
1

DTXSID
70872817

HOC GSE
118955

10.1016/
j.envpol.
2019.113027

4 20.1703 AB-AB
Back-
ground

72 0

TCPM 50nM Tris(4-
chlorophenyl)
methane

TCPM 27575-
78-6

DTXSID
70181976

HOC GSE
198106

10.1002/
bdr2.2132

4 0.05 AB-AB
Back-
ground

72 1

TCPM 50nM
acute

Tris(4-
chlorophenyl)
methane

TCPM 27575-
78-6

DTXSID
70181976

HOC GSE
165920

10.1016/
j.aquatox.
2021.105815

4 0.05 AB-AB
Back-
ground

72 1

TCPMOH 50nM Tris(4-
chlorophenyl)
methanol

TCP
MOH

3010-80-
8

DTXSID
50184187

HOC GSE
198106

10.1002/
bdr2.2132

4 0.05 AB-AB
Back-
ground

72 1

TCPMOH 50nM
acute

Tris(4-
chlorophenyl)
methanol

TCP
MOH

3010-80-
8

DTXSID
50184187

HOC GSE
165920

10.1016/
j.aquatox.
2021.105815

4 0.05 AB-AB
Back-
ground

72 1

OBS 32uM Sodium p-
perfluorous
nonenoxy-
benzene sul-
fonate

OBS 70829–
87-7

DTXSID
601020833

PFAS GSE
164074

10.1016/
j.scitotenv.
2021.145443

4 31.938 AB-TL 90 1

OBS 48uM Sodium p-
perfluorous
nonenoxy-
benzene sul-
fonate

OBS 70829–
87-7

DTXSID
601020833

PFAS GSE
164074

10.1016/
j.scitotenv.
2021.145443

4 47.90649 AB-TL 90 1

Continued on next page
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Table B.1 – continued from previous page

Chemical La-
bel

Chemical
Full Name

Chem-
ical
Short
Name

CAS # DTX
ID

Chem-
ical
Type

GEO
Acces-
sion

DOI Age
(dpf)

Micro-
molar
Dose

Fish
Strain

Expo-
sure
Time
(hrs)

Re-
peat-
ed
Ex-
po-
sure

PFBS 16uM Perfluoro-
butanesulfonic
Acid

PFBS 375-73-5 DTXSID
5030030

PFAS GSE
114356

10.1093/
toxsci/
kfy237

4 16 AB-AB
Back-
ground

167 1

PFBS 32uM Perfluoro-
butanesulfonic
Acid

PFBS 375-73-5 DTXSID
5030030

PFAS GSE
114356

10.1093/
toxsci/
kfy237

4 32 AB-AB
Back-
ground

167 1

PFOS 0.6uM A Perfluoro-
octanesulfonic
acid

PFOS 1763-23-
1

DTXSID
3031864

PFAS GSE
144525

10.1016/
j.envres.
2020.109702

4 0.59984 AB-AB
Back-
ground

90 0

PFOS 4.1uM Perfluoro-
octanesulfonic
acid

PFOS 1763-23-
1

DTXSID
3031864

PFAS GSE
144525

10.1016/
j.envres.
2020.109702

4 4.11893 AB-AB
Back-
ground

90 0

PFOS 40uM Perfluoro-
octanesulfonic
acid

PFOS 1763-23-
1

DTXSID
3031864

PFAS GSE
164074

10.1016/
j.scitotenv.
2021.145443

4 39.9896 AB-TL 90 1

Boscalid 8.7nM Boscalid Boscalid 188425-
85-6

DTXSID
6034392

P/H GSE
232317

4 0.00874 AB-
AB B
ack-
ground

92 1

M510F01 8.4nM M510F01 M510F01 661463-
87-2

DTXSID
201044409

P/H GSE
232317

4 0.0084 AB-AB
Back-
ground

92 1

CBD 0.5uM Cannabidiol CBD 13956-
29-1

DTXSID
00871959

P/D GSE
164128

10.1093/
toxsci/
kfab046

4 0.5 WT-
EKW
Back-
ground

94 0

THC 4uM Tetrahydro-
cannabinol

THC 1972-08-
3

DTXSID
6021327

P/D GSE
164128

10.1093/
toxsci/
kfab046

4 4 WT-
EKW
Back-
ground

94 0

Continued on next page
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Table B.1 – continued from previous page

Chemical La-
bel

Chemical
Full Name

Chem-
ical
Short
Name

CAS # DTX
ID

Chem-
ical
Type

GEO
Acces-
sion

DOI Age
(dpf)

Micro-
molar
Dose

Fish
Strain

Expo-
sure
Time
(hrs)

Re-
peat-
ed
Ex-
po-
sure

BPA 0.4uM Bisphenol A BPA 80-05-7 DTXSID
7020182

EDC GSE
113676

10.1016/
j.envpol.
2018.09.043

5 0.438 WT 72 1

BPA 4.4uM Bisphenol A BPA 80-05-7 DTXSID
7020182

EDC GSE
113676

10.1016/
j.envpol.
2018.09.043

5 4.38 WT 72 1

BPA 17.5uM Bisphenol A BPA 80-05-7 DTXSID
7020182

EDC GSE
113676

10.1016/
j.envpol.
2018.09.043

5 17.52 WT 72 1

TBT 0.1uM Tributyltin TBT 1461-22-
9

DTXSID
3027403

EDC GSE
139599

10.1016/
j.jhazmat.
2020.122881

5 0.1 AB-AB
Back-
ground

72 1

TBT 30nM Tributyltin TBT 1461-22-
9

DTXSID
3027403

EDC GSE
139599

10.1016/
j.jhazmat.
2020.122881

5 0.03 AB-AB
Back-
ground

72 1

TBT 3nM Tributyltin TBT 1461-22-
9

DTXSID
3027403

EDC GSE
139599

10.1016/
j.jhazmat.
2020.122881

5 0.003 AB-AB
Back-
ground

72 1

PCB126 0.3nM 3,3’,4,4’,5-
Pentachloro-
biphenyl

PCB-
126

57465-
28-8

DTXSID
3032179

HOC GSE
98741

10.1093/
toxsci/
kfx192

5 0.0003 TL 20 0

PCB126 1.2nM 3,3’,4,4’,5-
Pentachloro-
biphenyl

PCB-
126

57465-
28-8

DTXSID
3032179

HOC GSE
98741

10.1093/
toxsci/
kfx192

5 0.0012 TL 20 0

PCB153 0.1uM 2,2’,4,4’,5,5’-
hexachloro-
biphenyl

PCB-
153

35065-
27-1

DTXSID
2032180

HOC GSE
93310

10.1093/
toxsci/
kfz217

5 0.1 TL 116 1

PCB153 10uM 2,2’,4,4’,5,5’-
hexachloro-
biphenyl

PCB-
153

35065-
27-1

DTXSID
2032180

HOC GSE
93310

10.1093/
toxsci/
kfz217

5 10 TL 116 1

Continued on next page
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Table B.1 – continued from previous page

Chemical La-
bel

Chemical
Full Name

Chem-
ical
Short
Name

CAS # DTX
ID

Chem-
ical
Type

GEO
Acces-
sion

DOI Age
(dpf)

Micro-
molar
Dose

Fish
Strain

Expo-
sure
Time
(hrs)

Re-
peat-
ed
Ex-
po-
sure

PCB153 1uM 2,2’,4,4’,5,5’-
hexachloro-
biphenyl

PCB-
153

35065-
27-1

DTXSID
2032180

HOC GSE
93310

10.1093/
toxsci/
kfz217

5 1 TL 116 1

EtP 1.5uM Ethyl-Para-
hydroxybenzo-
ates

EtP 120-47-8 DTXSID
9022528

PAR GSE
239773

10.1016/
j.ecoenv.
2023.115704

5 1.452 AB-AB
Back-
ground

120 0

EtP 7.3uM Ethyl-Para-
hydroxybenzo-
ates

EtP 120-47-8 DTXSID
9022528

PAR GSE
239773

10.1016/
j.ecoenv.
2023.115704

5 7.26 AB-AB
Back-
ground

120 0

EtP 72.6uM Ethyl-Para-
hydroxybenzo-
ates

EtP 120-47-8 DTXSID
9022528

PAR GSE
239773

10.1016/
j.ecoenv.
2023.115704

5 72.6 AB-AB
Back-
ground

120 0

MtP 15.4uM Methyl-Para-
hydroxybenzo-
ates

MtP 99-76-3 DTXSID
4022529

PAR GSE
239773

10.1016/
j.ecoenv.
2023.115704

5 15.41 AB-AB
Back-
ground

120 0

MtP 154.1uM Methyl-Para-
hydroxybenzo-
ates

MtP 99-76-3 DTXSID
4022529

PAR GSE2
39773

10.1016/
j.ecoenv.
2023.115704

5 154.1 AB-AB
Back-
ground

120 0

MtP 3.1uM Methyl-Para-
hydroxybenzo-
ates

MtP 99-76-3 DTXSID
4022529

PAR GSE
239773

10.1016/
j.ecoenv.
2023.115704

5 3.082 AB-AB
Back-
ground

120 0

PrP 0.5uM Propyl- Para-
hydroxybenzo-
ates

PrP 94-13-3 DTXSID
4022527

PAR GSE
239773

10.1016/
j.ecoenv.
2023.115704

5 0.484 AB-AB
Back-
ground

120 0

PrP 2.4uM Propyl- Para-
hydroxybenzo-
ates

PrP 94-13-3 DTXSID
4022527

PAR GSE
239773

10.1016/
j.ecoenv.
2023.115704

5 2.42 AB-AB
Back-
ground

120 0

PrP 24.2uM Propyl- Para-
hydroxybenzo-
ates

PrP 94-13-3 DTXSID
4022527

PAR GSE
239773

10.1016/
j.ecoenv.
2023.115704

5 24.2 AB-AB
Back-
ground

120 0

Continued on next page
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Chemical La-
bel

Chemical
Full Name

Chem-
ical
Short
Name

CAS # DTX
ID

Chem-
ical
Type

GEO
Acces-
sion

DOI Age
(dpf)

Micro-
molar
Dose

Fish
Strain

Expo-
sure
Time
(hrs)

Re-
peat-
ed
Ex-
po-
sure

PFOS 60nM Perfluoro-
octanesulfonic
acid

PFOS 1763-23-
1

DTXSID
3031864

PFAS GSE
125072

10.1016/
j.scitotenv.
2019.04.200

5 0.05998 AB-AB
Back-
ground

72 1

PFOS 0.6uM B Perfluoroo-
ctanesulfonic
acid

PFOS 1763-23-
1

DTXSID
3031864

PFAS GSE
125072

10.1016/
j.scitotenv.
2019.04.200

5 0.5998 AB-AB
Back-
ground

72 1

PFOS 2uM Perfluoro-
octanesulfonic
acid

PFOS 1763-23-
1

DTXSID
3031864

PFAS GSE
125072

10.1016/
j.scitotenv.
2019.04.200

5 1.999 AB-AB
Back-
ground

72 1

Cortisol 1uM Cortisol Cortisol 50-23-7 DTXSID
7020714

P/D GSE
80221

10.1242/
bio.020065

5 1 AB-AB
Back-
ground

120 1

Triptolide 1.6uM Triptolide Triptolide 38748-
32-2

DTXSID
5041144

P/D GSE
146199

10.1093/
toxsci/
kfx144

5 1.6 WIK 6 0

Afid 1.7nM Afidopyropen Afid 915972-
17-7

DTXSID
00896889

P/H GSE
224522

7 0.001684 AB-TL 164 1

Broflanilide
15.1nM

Broflanilide broflan-
ilide

1207727-
04-5

DTXSID
50894815

P/H GSE
236484

10.1016/
j.dib.
2023.109534

7 0.0151 AB-TL 164 1

Broflanilide
1.5nM

Broflanilide broflan-
ilide

1207727-
04-5

DTXSID
50894815

P/H GSE
236484

10.1016/
j.dib.
2023.109534

7 0.00151 AB-TL 164 1

IFO 0.4uM Ifosfamide IFO 3778-73-
2

DTXSID
7020760

P/H GSE
217875

10.1016/
j.dib.
2023.109099

7 0.383 AB-TL 164 1

IFO 3.8nM Ifosfamide IFO 3778-73-
2

DTXSID
7020760

P/H GSE
217875

10.1016/
j.dib.
2023.109099

7 0.00383 AB-TL 164 1

Continued on next page
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Table B.1 – continued from previous page

Chemical La-
bel

Chemical
Full Name

Chem-
ical
Short
Name

CAS # DTX
ID

Chem-
ical
Type

GEO
Acces-
sion

DOI Age
(dpf)

Micro-
molar
Dose

Fish
Strain

Expo-
sure
Time
(hrs)

Re-
peat-
ed
Ex-
po-
sure

AVS 0.2nM Atorvastatin AVS 134523-
00-5

DTXSID
8029868

P/D GSE
224522

7 0.000179 AB-TL 164 1

AVS 1.8nM Atorvastatin AVS 134523-
00-5

DTXSID
8029868

P/D GSE
224522

7 0.00179 AB-TL 164 1

CIT 3.1uM Citalopram CIT 59729-
33-8

DTXSID
8022826

P/D GSE
217875

10.1016/
j.dib.
2023.109099

7 3.0826 AB-TL 164 1

CIT 30.8nM Citalopram CIT 59729-
33-8

DTXSID
8022826

P/D GSE
217875

10.1016/
j.dib.
2023.109099

7 0.0308 AB-TL 164 1

EtOH 217mM Ethanol EtOH 64-17-5 DTXSID
9020584

S/O GSE
172111

10.1172/
jci.insight.
156914

7 217000 AB-AB
Back-
ground

108 0

HTO 3.3uM Tritiated
Water

HTO 14940-
65-9

DTXSID
80894747

S/O GSE
168194

10.1016/
j.jenvrad.
2023.107141

7 3.3 AB-AB
Back-
ground

165 1
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Table B.2: Chemical properties for each chemical exposure curated from the Gene Expression Omnibus curated from the
Environmental Protection Agency Computational Toxicology Database. Column title abbreviations and associated units include:
Average Mass (g/mol) (AM), Monoisotpic Mass (g/mol) (MM), Atmos. Hydroxylation Rate (cm3/molecule*sec) (AHR),
Bioconcentration Factor (L/kg) (BF), Biodeg. Half-Life (days) (BHL), Boiling Point (°C) (BP), Density (g/cmˆ3) (D), Fish
Biotrans. Half-Life (Km) (days) (FHL), Flash Point (°C) (FP), Henry’s Law (atm-m3/mole) (HL), Index of Refraction (IOR),
LogKoa: Octanol-Air (Log Koa), LogKow: Octanol-Water (Log Kow), Melting Point (°C) (MP), Molar Refractivity (cmˆ3)
(MR), Molar Volume (cmˆ3) (MV), Polarizability (Åˆ3) (P), Soil Adsorp. Coeff. (L/kg) (Koc), Surface Tension (dyn/cm)
(ST), Vapor Pressure (mmHg) (VP), Water Solubility (mol/L) (WS)

Chemical
Label

AM MM AHRBF BHLBP D FHL FP HL IOR Log
D5.5

Log
D7.4

Log
Koa

Log
Kow

MP MR MV P Koc ST VP WS

PCB11
20.2uM

223.1 222.0 4.1
e-
12

6460 18.6 319 1.25 28.2 143 2.30
e-
04

1.6 5.3 5.3 7.4 5.1 55 60.6 179 24 11200 42.8 6.4
e+04

1.39
e-06

TCPM
50nM

347.7 346.0 8.3
e-
12

5190 38 409 1.31 50.1 251 1.48
e-
06

1.6 6.8 6.8 10.5 7.3 139 94.7 269 37.5 45700 45.9 3.72
e-
07

3.71
e-07

TCPM
50nM
acute

347.7 346.0 8.3
e-
12

5190 38 409 1.31 50.1 251 1.48
e-
06

1.6 6.8 6.8 10.5 7.3 139 94.7 269 37.5 45700 45.9 3.72
e-
07

3.71
e-07

TCPMOH
50nM

363.7 362.0 1.7
e-
11

2390 63.1 442 1.38 3.9 245 2.57
e-
10

1.6 4.6 4.6 10.5 6.3 166 95.8 266 38 1950 50.3 2.7
e-
08

1.72
e-06

TCPMOH
50nM
acute

347.7 346.0 1.7
e-
11

2390 63.1 442 1.38 3.9 245 2.57
e-
10

1.6 4.6 4.6 10.5 6.3 166 95.8 266 38 1950 50.3 2.7
e-
08

1.72
e-06

OBS
32uM

626.2 625.9 8.7
e-
13

66.1 5.75 112 604 3.2 1 1 e-
09

760 4.7 2.8 8.6 7.0 169 25 0.405 0.135 1.32
e+05

0.5 8.11
e-
06

16.3

OBS
48uM

626.2 625.9 8.7
e-
13

66.1 5.75 112 604 3.2 1 1 e-
09

760 4.7 2.8 8.6 7.0 169 25 0.405 0.135 1.32
e+05

0.5 8.11
e-
06

16.3

PFBS
16uM

300.1 300.0 2.2
e-
15

6.82 4.47 211 1.83 0.1 190 2.95
e-
10

1.3 -
4.0

-
5.9

4.2 2.8 36.9 32 162 12.7 288 23.4 0.104 5.02
e-03

Continued on next page
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Table B.2 – continued from previous page

Chemical
Label

AM MM AHRBF BHLBP D FHL FP HL IOR Log
D5.5

Log
D7.4

Log
Koa

Log
Kow

MP MR MV P Koc ST VP WS

PFBS
32uM

300.1 300.0 2.2
e-
15

6.82 4.47 211 1.83 0.1 190 2.95
e-
10

1.3 -
4.0

-
5.9

4.2 2.8 36.9 32 162 12.7 288 23.4 0.104 5.02
e-03

PFOS
0.6uM A

500.1 499.9 2 e-
15

464 4.9 229 1.84 2.7 190 1.82
e-
11

1.3 -
1.5

-
3.4

4.8 6.0 51.9 51.5 272 20.4 1460 19.6 2.45
e-
06

4.09
e-04

PFOS
4.1uM

500.1 499.9 2 e-
15

464 4.9 229 1.84 2.7 190 1.82
e-
11

1.3 -
1.5

-
3.4

4.8 6.0 51.9 51.5 272 20.4 1460 19.6 2.45
e-
06

4.09
e-04

PFOS
40uM

500.1 499.9 2 e-
15

464 4.9 229 1.84 2.7 190 1.82
e-
11

1.3 -
1.5

-
3.4

4.8 6.0 51.9 51.5 272 20.4 1460 19.6 2.45
e-
06

4.09
e-04

Boscalid
8.7nM

343.2 342.0 1.1
e-
11

95.3 6.03 447 1.38 1.4 242 2.69
e-
09

1.7 3.0 3.0 10.3 4.2 178 93.3 251 37 928 56.1 1.04
e-
08

6.56
e-06

M510F01
8.4nM

359.2 358.0 1.1
e-
11

81.3 20 189 359 0.4 3 3.55
e-
09

760 3.3 3.4 9.6 3.9 189 25 0.75 0.167 794 0.1 1.41
e-
09

18.9

CBD
0.5uM

314.5 314.5 1.3
e-
10

912 36.3 424 1.02 1.9 206 2.34
e-
09

1.5 6.4 6.4 9.3 6.4 67 97 307 38.5 6030 39.6 1.78
e-
09

3.21
e-05

THC
4uM

314.5 314.2 4.7
e-
11

334 85.1 382 1.04 3.0 165 8.32
e-
10

1.5 7.2 7.0 10.8 7.4 134 95.5 310 37.9 6.76
e+04

37.4 6.01
e-
08

3.76
e-06

BPA
0.4uM

228.3 228.1 1.6
e-
11

94.6 15.1 362 1.17 1.9 190 1.26
e-
07

1.6 3.3 3.3 8.4 3.5 132 68.2 200 27 1340 46.0 5.34e-
07

7.49
e-04

BPA
4.4uM

228.3 228.1 1.6
e-
11

94.6 15.1 362 1.17 1.9 190 1.26e
-07

1.6 3.3 3.3 8.4 3.5 132 68.2 200 27 1340 46.0 5.34
e-
07

7.49
e-04

BPA
17.5uM

228.3 228.1 1.6
e-
11

94.6 15.1 362 1.17 1.9 190 1.26
e-
07

1.6 3.3 3.3 8.4 3.5 132 68.2 200 27 1340 46.0 5.34
e-
07

7.49
e-04
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Chemical
Label

AM MM AHRBF BHLBP D FHL FP HL IOR Log
D5.5

Log
D7.4

Log
Koa

Log
Kow

MP MR MV P Koc ST VP WS

TBT
0.1uM

325.5 326.1 1.1
e-
11

493 5.75 282 1.32 1.9 129 2.95
e-
09

1.6 3.0 2.9 8.6 3.9 42.6 64.4 226 25.5 1460 42.6 3.83
e-
03

1.7
e-06

TBT
30nM

325.5 326.1 1.1
e-
11

493 5.75 282 1.32 1.9 129 2.95
e-
09

1.6 3.0 2.9 8.6 3.9 42.6 64.4 226 25.5 1460 42.6 3.83
e-
03

1.7
e-06

TBT
3nM

325.5 326.1 1.1
e-
11

493 5.75 282 1.32 1.9 129 2.95
e-
09

1.6 3.0 2.9 8.6 3.9 42.6 64.4 226 25.5 1460 42.6 3.83
e-
03

1.7
e-06

PCB126
0.3nM

326.4 323.9 6.6
e-
13

5160016.2 379 1.52 251 193 5.89
e-
05

1.6 6.6 6.6 10.2 6.5 113 75.3 214 29.9 15700046.5 5.96
e-
06

2.63
e-08

PCB126
1.2nM

326.4 323.9 6.6
e-
13

5160016.2 379 1.52 251 193 5.89
e-
05

1.6 6.6 6.6 10.2 6.5 113 75.3 214 29.9 15700046.5 5.96
e-
06

2.63
e-08

PCB153
0.1uM

360.9 357.8 6.6
e-
13

18400020 395 1.6 355 191 2.34
e-
05

1.6 6.6 6.6 9.7 6.8 127 80.2 226 31.8 3.89
e+05

48.0 2.35
e-
06

7.25
e-09

PCB153
10uM

360.9 357.8 6.6
e-
13

18400020 395 1.6 355 191 2.34
e-
05

1.6 6.6 6.6 9.7 6.8 127 80.2 226 31.8 3.89
e+05

48.0 2.35
e-
06

7.25
e-09

PCB153
1uM

360.9 357.8 6.6
e-
13

18400020 395 1.6 355 191 2.34
e-
05

1.6 6.6 6.6 9.7 6.8 127 80.2 226 31.8 3.89
e+05

48.0 2.35
e-
06

7.25
e-09

EtP
1.5uM

166.2 166.1 1.1
e-
11

5.37 3.55 283 1.16 0.1 115 2.95
e-
09

1.5 2.5 2.5 7.7 2.5 70.8 44.5 142 17.7 162 41.1 7.59
e-
04

9.89
e-03

EtP
7.3uM

166.2 166.1 1.1
e-
11

5.37 3.55 283 1.16 0.1 115 2.95
e-
09

1.5 2.5 2.5 7.7 2.5 70.8 44.5 142 17.7 162 41.1 7.59
e-
04

9.89
e-03

EtP
72.6uM

166.2 166.1 1.1
e-
11

5.37 3.55 283 1.16 0.1 115 2.95
e-
09

1.5 2.5 2.5 7.7 2.5 70.8 44.5 142 17.7 162 41.1 7.59
e-
04

9.89
e-03
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Chemical
Label

AM MM AHRBF BHLBP D FHL FP HL IOR Log
D5.5

Log
D7.4

Log
Koa

Log
Kow

MP MR MV P Koc ST VP WS

MtP
15.4uM

152.1 152.0 1.1
e-
11

5.11 3.55 260 1.2 0.1 115 2.95
e-
09

1.6 2.0 1.9 8.6 2.0 69.4 39.9 126 15.8 56.2 42.3 5.55
e-
03

2.75
e-02

MtP
154.1uM

152.1 152.0 1.1
e-
11

5.11 3.55 260 1.2 0.1 115 2.95
e-
09

1.6 2.0 1.9 8.6 2.0 69.4 39.9 126 15.8 56.2 42.3 5.55
e-
03

2.75
e-02

MtP
3.1uM

152.1 152.0 1.1
e-
11

5.11 3.55 260 1.2 0.1 115 2.95
e-
09

1.6 2.0 1.9 8.6 2.0 69.4 39.9 126 15.8 56.2 42.3 5.55
e-
03

2.75
e-02

PrP
0.5uM

180.2 180.1 1.9
e-
11

6.87 3.55 280 1.15 0.1 124 2.95
e-
09

1.5 3.0 3.0 8.4 3.0 71.8 49.2 159 19.5 158 40.4 9.3
e-
04

3.94
e-03

PrP
2.4uM

180.2 180.1 1.9
e-
11

6.87 3.55 280 1.15 0.1 124 2.95
e-
09

1.5 3.0 3.0 8.4 3.0 71.8 49.2 159 19.5 158 40.4 9.3
e-
04

3.94
e-03

PrP
24.2uM

180.2 180.1 1.9
e-
11

6.87 3.55 280 1.15 0.1 124 2.95
e-
09

1.5 3.0 3.0 8.4 3.0 71.8 49.2 159 19.5 158 40.4 9.3
e-
04

3.94
e-03

PFOS
60nM

500.1 499.9 2 e-
15

464 4.9 229 1.84 2.7 190 1.82
e-
11

1.3 -
1.5

-
3.4

4.8 6.0 51.9 51.5 272 20.4 1460 19.6 2.45
e-
06

4.09
e-04

PFOS
0.6uM B

500.1 499.9 2 e-
15

464 4.9 229 1.84 2.7 190 1.82
e-
11

1.3 -
1.5

-
3.4

4.8 6.0 51.9 51.5 272 20.4 1460 19.6 2.45
e-
06

4.09
e-04

PFOS
2uM

500.1 499.9 2 e-
15

464 4.9 229 1.84 2.7 190 1.82
e-
11

1.3 -
1.5

-
3.4

4.8 6.0 51.9 51.5 272 20.4 1460 19.6 2.45
e-
06

4.09
e-04

Cortisol
1uM

362.5 362.2 6.2
e-
11

4.37 97.7 466 1.29 0.5 307 9.12
e-
12

1.6 1.6 1.6 9.3 1.6 219 95.6 281 37.9 21900 55.9 3.55
e-
10

5.23
e-04

Triptolide
1.6uM

360.4 360.2 1.1
e-
11

95.3 66.1 462 1.43 1.9 223 2.95
e-
09

1.7 3.0 2.9 10.5 1.3 193 88.3 243 35 1460 61.8 1.82
e-
09

1.80
e-03

Continued on next page

151



Table B.2 – continued from previous page

Chemical
Label

AM MM AHRBF BHLBP D FHL FP HL IOR Log
D5.5

Log
D7.4

Log
Koa

Log
Kow

MP MR MV P Koc ST VP WS

Afid
0.2nM

593.7 593.3 1.1
e-
10

5.01 148 602 1.39 0.3 403 8.71
e-
11

1.6 1.4 0.6 9.7 2.7 202 151 426 60 85100 65.9 6.44
e-
11

6.62
e-05

Afid
1.7nM

593.7 593.3 1.1
e-
10

5.01 148 602 1.39 0.3 403 8.71
e-
11

1.6 1.4 0.6 9.7 2.7 202 151 426 60 85100 65.9 6.44
e-
11

6.62
e-05

Broflanilide
15.1nM

663.3 662.0 1.7
e-
11

372 3.55 447 1.63 15.8 237 1.35
e-
09

1.5 6.8 6.6 10.3 5.9 143 128 408 50.6 2.4
e-
05

37.5 9.14
e-
09

3.48
e-08

Broflanilide
1.5nM

663.3 662.0 1.7
e-
11

372 3.55 447 1.63 15.8 237 1.35
e-
09

1.5 6.8 6.6 10.3 5.9 143 128 408 50.6 2.4
e-
05

37.5 9.14
e-
09

3.48
e-08

IFO
0.4uM

261.1 260.0 2.4
e-
11

2.4 4.27 336 1.32 0.1 156 1.05
e-
06

1.5 0.9 0.8 8.5 0.8 58.8 58.1 196 23 42.7 44.3 9.77
e-
05

0.0848

IFO
3.8nM

261.1 260.0 2.4
e-
11

2.4 4.27 336 1.32 0.1 156 1.05
e-
06

1.5 0.9 0.8 8.5 0.8 58.8 58.1 196 23 42.7 44.3 9.77
e-
05

0.0848

AVS
0.2nM

558.7 558.3 2.5
e-
11

7.21 85.1 694 1.27 0.2 390 1.1
e-
11

1.6 6.8 6.8 9.5 5.4 225 155 452 61.5 2.4
e-
05

46.0 9.75
e-
13

1.37
e-06

AVS
1.8nM

558.7 558.3 2.5
e-
11

7.21 85.1 694 1.27 0.2 390 1.1
e-
11

1.6 6.8 6.8 9.5 5.4 225 155 452 61.5 2.4
e-
05

46.0 9.7
5 e-
13

1.37
e-06

CIT
3.1uM

324.4 324.2 1.7
e-
11

103 3.55 394 1.18 1.7 235 3.98
e-
06

1.6 0.6 2.2 10.6 3.0 122 92.1 273 36.5 2400 49.9 2.84
e-
08

7.73
e-05

CIT
30.8nM

324.4 324.2 1.7
e-
11

103 3.55 394 1.18 1.7 235 3.98
e-
06

1.6 0.6 2.2 10.6 3.0 122 92.1 273 36.5 2400 49.9 2.84
e-
08

7.73
e-05

EtOH
217mM

46.1 46.0 3.3
e-
12

1.540 4.57 70.3 0.846 0.1 9.86 5.01
e-
06

1.4 -
0.3

-
0.3

3.2 -
0.2

-
87.8

12.8 59.1 5.09 1.89 23.2 58.9 11.9

Continued on next page
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Chemical
Label

AM MM AHRBF BHLBP D FHL FP HL IOR Log
D5.5

Log
D7.4

Log
Koa

Log
Kow

MP MR MV P Koc ST VP WS

HTO
3.3uM

22.0 22.0 1.1
e-
11

95.3 5.75 100 0.998 1.9 190 2.95
e-
09

1.3 3.0 2.9 8.6 -
1.4

113 3.68 18 1.46 1460 72.3 24.5 55.5
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Table B.3: List of pathways and biological processes identified to be related to pancreatic
development and function. The concept type refers to the database the pathway is annotated
from. The degination of mapped or zebrafish is given to a pathway if the pathway has known
complete zebrafish annotation (Zebrafish) or has been mapped to zebrafish genes from human
orthology (Mapped).

Concept Type Concept
ID

Concept Name Pathway Category Utilized
Zebrafish
or
Mapped
Human

KEGG Pathway 4931 Insulin resistance Glucoregulation Mapped
KEGG Pathway 4911 Insulin secretion Glucoregulation Mapped
KEGG Pathway 4972 Pancreatic secretion Glucoregulation Mapped
KEGG Pathway 4930 Type II diabetes mellitus Diabetes Mapped
KEGG Pathway 4940 Type I diabetes mellitus Diabetes Mapped
KEGG Pathway 4910 Insulin signaling pathway Diabetes Zebrafish
KEGG Pathway 4950 Maturity onset diabetes of the

young
Diabetes Mapped

KEGG Pathway 4922 Glucagon signaling pathway Glucoregulation Mapped
KEGG Disease H00409 Type 2 diabetes mellitus Diabetes Mapped
KEGG Disease H00920 Exocrine pancreatic insuffi-

ciency, dyserythropoietic ane-
mia, and calvarial hyperostosis

Digestion Mapped

KEGG Disease H00408 Type 1 diabetes mellitus Diabetes Mapped
KEGG Disease H00932 Tropical calcific pancreatitis Pancreatic Disease Mapped
KEGG Disease H00543 Renal-hepatic-pancreatic dys-

plasia
Development Mapped

KEGG Disease H00512 Permanent neonatal diabetes
mellitus

Diabetes Mapped

KEGG Disease H00513 Transient neonatal diabetes
mellitus

Diabetes Mapped

KEGG Disease H01224 Ketosis-prone diabetes mellitus Diabetes Mapped
KEGG Disease H00942 Rabson-Mendenhall syndrome Diabetes Mapped
KEGG Disease H01228 Insulin-resistant diabetes mel-

litus with acanthosis nigricans;
Type A insulin resistance

Diabetes Mapped

KEGG Disease H00861 Pancreatic agenesis Development Mapped
KEGG Disease H00933 Hereditary pancreatitis; Heredi-

tary chronic pancreatitis
Pancreatic Disease Mapped

KEGG Disease H00410 Maturity onset diabetes of the
young (MODY)

Diabetes Mapped

KEGG Disease H00019 Pancreatic cancer Pancreatic Disease Mapped
KEGG Disease H00854 Wolfram syndrome; DIDMOAD

syndrome
Diabetes Mapped

KEGG Disease H00045 Pancreatic neuroendocrine tu-
mor

Pancreatic Disease Mapped

KEGG Disease H00766 Wolcott-Rallison syndrome Diabetes Mapped

Continued on next page
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Concept Type Concept
ID

Concept Name Pathway Category Utilized
Zebrafish
or
Mapped
Human

KEGG Disease H02198 Pancreatic agenesis and congen-
ital heart disease; Pancreatic
hypoplasia diabetes heart dis-
ease; Yorifuji-Okuno syndrome

Development Mapped

GO MF GO:0001602 pancreatic polypeptide receptor
activity

Glucoregulation Mapped

GO MF GO:0043560 insulin receptor substrate bind-
ing

Glucoregulation Zebrafish

GO MF GO:0043559 insulin binding Glucoregulation Mapped
GO MF GO:0005009 insulin receptor activity Glucoregulation Zebrafish
GO MF GO:0005158 insulin receptor binding Glucoregulation Zebrafish
GO MF GO:0004967 glucagon receptor activity Glucoregulation Zebrafish
GO MF GO:0120022 glucagon family peptide binding Glucoregulation Mapped
GO MF GO:0031769 glucagon receptor binding Glucoregulation Zebrafish
GO BP GO:2000080 negative regulation of canonical

Wnt signaling pathway involved
in controlling type B pancreatic
cell proliferation

Development Mapped

GO BP GO:0090188 negative regulation of pancre-
atic juice secretion

Digestion Mapped

GO BP GO:0031017 exocrine pancreas development Development Zebrafish
GO BP GO:2000074 regulation of type B pancreatic

cell development
Development Zebrafish

GO BP GO:0061113 pancreas morphogenesis Development Zebrafish
GO BP GO:0090104 pancreatic epsilon cell differen-

tiation
Development Zebrafish

GO BP GO:0003311 pancreatic D cell differentiation Development Zebrafish
GO BP GO:0003326 pancreatic A cell fate commit-

ment
Development Mapped

GO BP GO:0003329 pancreatic PP cell fate commit-
ment

Development Mapped

GO BP GO:2000675 negative regulation of type B
pancreatic cell apoptotic pro-
cess

Development Mapped

GO BP GO:0003327 type B pancreatic cell fate com-
mitment

Development Mapped

GO BP GO:0003323 type B pancreatic cell develop-
ment

Development Zebrafish

GO BP GO:0097050 type B pancreatic cell apoptotic
process

Development Mapped

GO BP GO:1904691 negative regulation of type B
pancreatic cell proliferation

Development Mapped

GO BP GO:0031016 pancreas development Development Zebrafish
GO BP GO:0035469 determination of pancreatic

left/right asymmetry
Development Zebrafish

Continued on next page
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Concept Type Concept
ID

Concept Name Pathway Category Utilized
Zebrafish
or
Mapped
Human

GO BP GO:2000081 positive regulation of canonical
Wnt signaling pathway involved
in controlling type B pancreatic
cell proliferation

Development Mapped

GO BP GO:0003310 pancreatic A cell differentiation Development Zebrafish
GO BP GO:0003309 type B pancreatic cell differen-

tiation
Development Zebrafish

GO BP GO:0036321 ghrelin secretion Digestion Mapped
GO BP GO:2000674 regulation of type B pancreatic

cell apoptotic process
Development Zebrafish

GO BP GO:2000676 positive regulation of type B
pancreatic cell apoptotic pro-
cess

Development Mapped

GO BP GO:0044342 type B pancreatic cell prolifera-
tion

Development Zebrafish

GO BP GO:2000078 positive regulation of type B
pancreatic cell development

Development Mapped

GO BP GO:1904692 positive regulation of type B
pancreatic cell proliferation

Development Mapped

GO BP GO:0061469 regulation of type B pancreatic
cell proliferation

Development Zebrafish

GO BP GO:2000227 negative regulation of pancre-
atic A cell differentiation

Development Zebrafish

GO BP GO:2000077 negative regulation of type B
pancreatic cell development

Development Zebrafish

GO BP GO:0072560 type B pancreatic cell matura-
tion

Development Mapped

GO BP GO:2000231 positive regulation of pancreatic
stellate cell proliferation

Development Mapped

GO BP GO:0031018 endocrine pancreas develop-
ment

Development Zebrafish

GO BP GO:0003322 pancreatic A cell development Development Zebrafish
GO BP GO:1990798 pancreas regeneration Development Zebrafish
GO BP GO:0030157 pancreatic juice secretion Digestion Zebrafish
GO BP GO:0061114 branching involved in pancreas

morphogenesis
Development Mapped

GO BP GO:0035773 insulin secretion involved in
cellular response to glucose
stimulus

Glucoregulation Zebrafish

GO BP GO:0032869 cellular response to insulin
stimulus

Glucoregulation Zebrafish

GO BP GO:0032868 response to insulin Glucoregulation Zebrafish
GO BP GO:0008286 insulin receptor signaling path-

way
Glucoregulation Zebrafish

Continued on next page
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Concept Type Concept
ID

Concept Name Pathway Category Utilized
Zebrafish
or
Mapped
Human

GO BP GO:0061179 negative regulation of insulin
secretion involved in cellular
response to glucose stimulus

Glucoregulation Mapped

GO BP GO:0061178 regulation of insulin secretion
involved in cellular response to
glucose stimulus

Glucoregulation Zebrafish

GO BP GO:0035774 positive regulation of insulin
secretion involved in cellular
response to glucose stimulus

Glucoregulation Zebrafish

GO BP GO:1901142 insulin metabolic process Glucoregulation Mapped
GO BP GO:1901143 insulin catabolic process Glucoregulation Mapped
GO BP GO:0032024 positive regulation of insulin

secretion
Glucoregulation Zebrafish

GO BP GO:0046627 negative regulation of insulin
receptor signaling pathway

Glucoregulation Zebrafish

GO BP GO:0046626 regulation of insulin receptor
signaling pathway

Glucoregulation Zebrafish

GO BP GO:0046628 positive regulation of insulin
receptor signaling pathway

Glucoregulation Zebrafish

GO BP GO:0046676 negative regulation of insulin
secretion

Glucoregulation Zebrafish

GO BP GO:0030073 insulin secretion Glucoregulation Zebrafish
GO BP GO:0030070 insulin processing Glucoregulation Mapped
GO BP GO:0044381 glucose import in response to

insulin stimulus
Glucoregulation Zebrafish

GO BP GO:1900077 negative regulation of cellular
response to insulin stimulus

Glucoregulation Mapped

GO BP GO:1900078 positive regulation of cellular
response to insulin stimulus

Glucoregulation Mapped

GO BP GO:1900076 regulation of cellular response
to insulin stimulus

Glucoregulation Zebrafish

GO BP GO:0038016 insulin receptor internalization Glucoregulation Zebrafish
GO BP GO:0038020 insulin receptor recycling Glucoregulation Mapped
GO BP GO:0050796 regulation of insulin secretion Glucoregulation Zebrafish
GO BP GO:0120116 glucagon processing Glucoregulation Mapped
GO BP GO:0071377 cellular response to glucagon

stimulus
Glucoregulation Mapped

GO BP GO:0070092 regulation of glucagon secretion Glucoregulation Mapped
GO BP GO:0070093 negative regulation of glucagon

secretion
Glucoregulation Mapped

GO BP GO:0033762 response to glucagon Glucoregulation Mapped
GO BP GO:1904659 glucose transmembrane trans-

port
Glucoregulation Zebrafish

CO CC GO:0032593 insulin-responsive compartment Glucoregulation Zebrafish
CO CC GO:0005899 insulin receptor complex Glucoregulation Zebrafish
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Appendix C

Supplementary Material for Chapter 4

C.1 Supplementary Tables

Table C.1: Characteristics [mean ± SD or n (%)] of subject cohorts without and with birth
defects in California from 2018-2019 for each variable subset that is utilized for both multi-
layer network modeling and machine learning: Labor & Delivery Complications, Pregnancy
Complications, Parent Giving Birth & Infant Characteristics and Physical & Social Envi-
ronment. Italicized variables indicate categories of non-binary categorical variables.

Without
Birth Defects
(N=549,675)

With Birth De-
fects (N=3,013)

Labor & Delivery Complications

Premature Rupture of Membranes 20248 (3.68%) 121 (4.02%)
Precipitous Labor 23298 (4.24%) 63 (2.09%)
Prolonged Labor 8307 (1.51%) 28 (0.93%)

Induction of Labor 103587 (18.85%) 413 (13.71%)
Augmentation of Labor 103816 (18.89%) 291 (9.66%)
Non-vertex Presentation 17857 (3.25%) 152 (5.04%)

Steroids for Fetal Lung Maturation 13487 (2.45%) 147 (4.88%)
Antibiotics 142625 (25.95%) 531 (17.62%)

Clinical Chorioamnionitis or Maternal Temperature 12559 (2.28%) 42 (1.39%)
Meconium Staining of the Amniotic Fluid 34351 (6.25%) 143 (4.75%)

Fetal Intolerance of Labor 24591 (4.47%) 184 (6.11%)
Epidural or Spinal Anesthesia 384469 (69.94%) 2446 (81.18%)

Mother Transferred for Delivery 1109 (0.20%) 39 (1.29%)
Rupture of Membranes Prior to Onset of Labor 17315 (3.15%) 78 (2.59%)

Continued on next page
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Without
Birth Defects
(N=549,675)

With Birth De-
fects (N=3,013)

Abruptio Placenta 2555 (0.46%) 23 (0.76%)
Placental Insufficiency 512 (0.09%) 1 (0.03%)

Prolapsed Cord 696 (0.13%) 5 (0.17%)
Chorioamnionitis 7001 (1.27%) 25 (0.83%)

Maternal Blood Transfusion 1204 (0.22%) 10 (0.33%)
Third or Fourth Degree Perineal Laceration 3802 (0.69%) 9 (0.30%)

Ruptured Uterus 159 (0.03%) 2 (0.07%)
Unplanned Hysterectomy 248 (0.05%) 4 (0.13%)

Admission to ICU 874 (0.16%) 5 (0.17%)
Unplanned Operating Room
Procedure Following Delivery

726 (0.13%) 6 (0.20%)

Other Labor/Delivery Complications 88675 (16.13%) 522 (17.32%)

Pregnancy Complications

Prepregnancy Diabetes 4240.0 (0.77%) 41.0 (1.36%)
Gestational Diabetes 39489.0 (7.18%) 169.0 (5.61%)

Prepregnancy Hypertension 6475.0 (1.18%) 45.0 (1.49%)
Gestational Hypertension 29873.0 (5.43%) 150.0 (4.98%)

Eclampsia 460.0 (0.08%) 2.0 (0.07%)
Large fibroids 2054.0 (0.37%) 16.0 (0.53%)

Asthma 15505.0 (2.82%) 92.0 (3.05%)
Multiple pregnancy 14747.0 (2.68%) 83.0 (2.75%)

Intrauterine growth restricted birth 5948.0 (1.08%) 118.0 (3.92%)
Previous preterm birth 8184.0 (1.49%) 65.0 (2.16%)

Other previous poor pregnancy outcomes 11369.0 (2.07%) 113.0 (3.75%)
Cervical cerclage 751.0 (0.14%) 8.0 (0.27%)

Tocolysis 962.0 (0.18%) 13.0 (0.43%)
External cephalic version (Successful) 615.0 (0.11%) 8.0 (0.27%)

External cephalic version (Failed) 472.0 (0.09%) 7.0 (0.23%)
Consultation with specialist

for high risk obstetric services
22066.0 (4.01%) 330.0 (10.95%)

Fertility-enhancing drugs, artificial in-
semination or intrauterine insemination

2323.0 (0.42%) 9.0 (0.30%)

Assisted reproductive technology 7620.0 (1.39%) 46.0 (1.53%)
Chlamydia 4378.0 (0.80%) 45.0 (1.49%)
Gonorrhea 799.0 (0.15%) 5.0 (0.17%)

Group B streptococcus 68674.0 (12.49%) 414.0 (13.74%)
Hepatitis B (acute infection or carrier) 1586.0 (0.29%) 2.0 (0.07%)

Hepatitis C 1058.0 (0.19%) 11.0 (0.37%)
Herpes simplex virus (HSV) 8825.0 (1.61%) 47.0 (1.56%)

Syphilis 918.0 (0.17%) 7.0 (0.23%)
Other Pregnancy Complications 108671.0 (19.77%) 676.0 (22.44%)

Parent Giving Birth & Infant Characteristics

Child Sex
Female 268311 (48.81%) 1374 (45.60%)
Male 281361 (51.19%) 1638 (54.36%)

Nonbinary 3 (0.00%) 1 (0.03%)

Continued on next page
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Without
Birth Defects
(N=549,675)

With Birth De-
fects (N=3,013)

Plurality
Single 533188 (97.00%) 2911 (96.61%)
Twin 16119 (2.93%) 100 (3.32%)

Triplet 347 (0.06%) 2 (0.07%)
Quadruplet 21 (0.00%) 0 (0.00%)

Age 30.11 ± 5.85 29.01 ± 6.34
Race

White 388837 (70.74%) 2648 (87.89%)
Black 32889 (5.98%) 106 (3.52%)

Other Specified 31615 (5.75%) 81 (2.69%)
Filipino 15284 (2.78%) 36 (1.19%)

Asian Japanese 2678 (0.49%) 8 (0.27%)
Asian Chinese 28249 (5.14%) 37 (1.23%)

American Indian - Native American 3225 (0.59%) 16 (0.53%)
Asian Korean 4653 (0.85%) 9 (0.30%)

Asian Specified 9528 (1.73%) 20 (0.66%)
Asian Vietnamese 8018 (1.46%) 12 (0.40%)

Asian Thai 842 (0.15%) 4 (0.13%)
Asian Laotian 726 (0.13%) 1 (0.03%)

Samoan 743 (0.14%) 2 (0.07%)
Indian 15497 (2.82%) 21 (0.70%)

Asian Hmong 2951 (0.54%) 2 (0.07%)
Pacific Islander 1447 (0.26%) 3 (0.10%)

Asian Cambodian 1879 (0.34%) 5 (0.17%)
Guamanian 229 (0.04%) 1 (0.03%)
Hawaiian 378 (0.07%) 1 (0.03%)
Eskimo 4 (0.00%) 0 (0.00%)
Aleut 3 (0.00%) 0 (0.00%)

Multirace
Hispanic Single Race 257472 (46.84%) 2201 (73.05%)
Non-Hispanic Black 27608 (5.02%) 85 (2.82%)

Two or More - Any Hispanic Status 20577 (3.74%) 67 (2.22%)
Non-Hispanic White 152522 (27.75%) 499 (16.56%)
Non-Hispanic Asian 87348 (15.89%) 146 (4.85%)

Non-Hispanic Hawaiian - Pacific Islander 2091 (0.38%) 5 (0.17%)
Non-Hispanic American Indian - Native American 1566 (0.28%) 9 (0.30%)

Non-Hispanic Other 491 (0.09%) 1 (0.03%)
Hispanic Code

Mexican 129214 (23.51%) 1249 (41.45%)
Not Hispanic 285335 (51.91%) 781 (25.92%)

Other Hispanic 132702 (24.14%) 976 (32.39%)
Cuban 624 (0.11%) 2 (0.07%)

Puerto Rican 1800 (0.33%) 5 (0.17%)
Education

8th Grade or Less 19756 (3.59%) 128 (4.25%)
9th through 12th - No Diploma 46321 (8.43%) 350 (11.62%)
High School Graduate or GED 138651 (25.22%) 1139 (37.80%)

Some College Credit - No Degree 112370 (20.44%) 503 (16.69%)
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Without
Birth Defects
(N=549,675)

With Birth De-
fects (N=3,013)

Associate Degree 38856 (7.07%) 306 (10.16%)
Bachelors Degree 119937 (21.82%) 392 (13.01%)
Masters Degree 55290 (10.06%) 147 (4.88%)

Doctorate or Professional Degree 18494 (3.36%) 48 (1.59%)
Women Infants & Children Program (WIC) 223120 (40.59%) 1587 (52.67%)

Number of Cigarettes Prepregnancy 0.16 ± 1.77 0.20 ± 1.83
Number of Cigarettes During Trimester 1 0.09 ± 1.16 0.13 ± 1.34
Number of Cigarettes During Trimester 2 0.06 ± 0.86 0.07 ± 0.92
Number of Cigarettes During Trimester 3 0.05 ± 0.77 0.06 ± 0.84

Weight Prepregnancy 155.08 ± 38.94 161.12 ± 38.15
Weight Delivery 183.12 ± 38.54 186.51 ± 38.94

Height 63.67 ± 2.84 63.44 ± 2.81
Prepregnancy BMI 26.88 ± 6.40 28.12 ± 6.27

APGAR Min5
0 193 (0.04%) 7 (0.23%)
1 513 (0.09%) 30 (1.00%)
2 475 (0.09%) 19 (0.63%)
3 648 (0.12%) 19 (0.63%)
4 857 (0.16%) 20 (0.66%)
5 1700 (0.31%) 20 (0.66%)
6 3663 (0.67%) 46 (1.53%)
7 10097 (1.84%) 111 (3.68%)
8 62127 (11.30%) 364 (12.08%)
9 461892 (84.03%) 2334 (77.46%)

10 7510 (1.37%) 43 (1.43%)
APGAR Min10

0 116 (0.02%) 4 (0.13%)
1 254 (0.05%) 26 (0.86%)
2 149 (0.03%) 14 (0.46%)
3 163 (0.03%) 8 (0.27%)
4 222 (0.04%) 7 (0.23%)
5 298 (0.05%) 13 (0.43%)
6 482 (0.09%) 10 (0.33%)
7 914 (0.17%) 17 (0.56%)
8 921 (0.17%) 9 (0.30%)
9 823 (0.15%) 7 (0.23%)

10 44 (0.01%) 0 (0.00%)
Greater Than 5 545289 (99.20%) 2898 (96.18%)

Payment Prenatal Care
Medi-Cal-without CPSP Support Services 195229 (35.52%) 1788 (59.34%)

Private Insurance Company 283232 (51.53%) 931 (30.90%)
Other Government Programs 19194 (3.49%) 48 (1.59%)

Self-Pay 18336 (3.34%) 111 (3.68%)
No Prenatal Care 2890 (0.53%) 63 (2.09%)

Medi-Cal-with CPSP Support Services 24050 (4.38%) 66 (2.19%)
Other 6744 (1.23%) 6 (0.20%)

Birthweight (grams) 3290.89 ± 557.23 3142.44 ± 689.01
Gestation (weeks) 38.60 ± 1.91 37.96 ± 2.55

Continued on next page

161



Table C.1 – continued from previous page

Without
Birth Defects
(N=549,675)

With Birth De-
fects (N=3,013)

Gestation (days) 269.88 ± 35.06 270.35 ± 29.62
Hearing Test

Pending 186978 (34.02%) 649 (21.54%)
Pass (Both Ears) 248064 (45.13%) 346 (11.48%)
Test Not Available 102443 (18.64%) 1860 (61.73%)

Not Screened due to Medical Condition 5751 (1.05%) 101 (3.35%)
One Ear Fail 3851 (0.70%) 19 (0.63%)

Both Ears Fail 2048 (0.37%) 29 (0.96%)
Refused 540 (0.10%) 9 (0.30%)

Number of Children Born Alive
1 216668 (39.42%) 1096 (36.38%)
2 176886 (32.18%) 923 (30.63%)
3 91846 (16.71%) 560 (18.59%)
4 39271 (7.14%) 258 (8.56%)
5 14883 (2.71%) 94 (3.12%)
6 5741 (1.04%) 42 (1.39%)
7 2405 (0.44%) 23 (0.76%)
8 1040 (0.19%) 6 (0.20%)
9 467 (0.08%) 7 (0.23%)

10 252 (0.05%) 3 (0.10%)
11 114 (0.02%) 0 (0.00%)
12 48 (0.01%) 0 (0.00%)
13 26 (0.00%) 0 (0.00%)
14 18 (0.00%) 1 (0.03%)
15 4 (0.00%) 0 (0.00%)
16 2 (0.00%) 0 (0.00%)
18 1 (0.00%) 0 (0.00%)
19 2 (0.00%) 0 (0.00%)
23 1 (0.00%) 0 (0.00%)

Number of Children Ever Born
1 215434 (39.19%) 1092 (36.24%)
2 176492 (32.11%) 920 (30.53%)
3 92118 (16.76%) 562 (18.65%)
4 39791 (7.24%) 256 (8.50%)
5 15284 (2.78%) 97 (3.22%)
6 5948 (1.08%) 42 (1.39%)
7 2514 (0.46%) 25 (0.83%)
8 1077 (0.20%) 7 (0.23%)
9 514 (0.09%) 8 (0.27%)

10 269 (0.05%) 3 (0.10%)
11 122 (0.02%) 0 (0.00%)
12 50 (0.01%) 0 (0.00%)
13 27 (0.00%) 0 (0.00%)
14 21 (0.00%) 1 (0.03%)
15 6 (0.00%) 0 (0.00%)
16 4 (0.00%) 0 (0.00%)
18 1 (0.00%) 0 (0.00%)
19 2 (0.00%) 0 (0.00%)
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Without
Birth Defects
(N=549,675)

With Birth De-
fects (N=3,013)

23 1 (0.00%) 0 (0.00%)
Delivery Final Route

Vaginal - Spontaneous 352663 (64.16%) 1762 (58.48%)
Vaginal - Spontaneous - After Previous Cesarean 9127 (1.66%) 25 (0.83%)

Vaginal - Vacuum 16884 (3.07%) 109 (3.62%)
Vaginal - Vacuum - After Previous Cesarean 727 (0.13%) 3 (0.10%)

Vaginal - Forceps 1330 (0.24%) 2 (0.07%)
Vaginal - Forceps - After Previous Cesarean 138 (0.03%) 1 (0.03%)

Cesarean - Primary 64640 (11.76%) 501 (16.63%)
Cesarean - Primary - Labor Attempted 21478 (3.91%) 110 (3.65%)

Cesarean - Primary - With Vacuum 1411 (0.26%) 9 (0.30%)
Cesarean - Primary - With
Vacuum - Labor Attempted

1468 (0.27%) 8 (0.27%)

Cesarean - Repeat 74293 (13.52%) 463 (15.37%)
Cesarean - Repeat - With Vacuum 2900 (0.53%) 10 (0.33%)

Cesarean - Repeat - With Vacuum - Labor Attempted 177 (0.03%) 0 (0.00%)
Cesarean - Repeat - Labor Attempted 2439 (0.44%) 10 (0.33%)

Previous Cesarean
0 459863 (83.66%) 2501 (83.01%)
1 60623 (11.03%) 304 (10.09%)
2 21503 (3.91%) 161 (5.34%)
3 6025 (1.10%) 33 (1.10%)
4 1316 (0.24%) 13 (0.43%)
5 255 (0.05%) 1 (0.03%)
6 65 (0.01%) 0 (0.00%)
7 19 (0.00%) 0 (0.00%)
8 4 (0.00%) 0 (0.00%)
9 2 (0.00%) 0 (0.00%)

Fetal Presentation
Cephalic 525076 (95.52%) 2816 (93.46%)
Breech 20343 (3.70%) 171 (5.68%)
Other 4256 (0.77%) 26 (0.86%)

Payment Delivery
Medical 222643 (40.50%) 1876 (62.26%)

Private Insurance 282980 (51.48%) 919 (30.50%)
Other Government 15715 (2.86%) 51 (1.69%)

Self-pay 18274 (3.32%) 144 (4.78%)
Champus-Tricare 3059 (0.56%) 13 (0.43%)

Other 6578 (1.20%) 6 (0.20%)
Indian Health Service 87 (0.02%) 1 (0.03%)

Medically Unattended Delivery 339 (0.06%) 3 (0.10%)

Physical & Social Environment

Ozone 0.05 ± 0.01 0.05 ± 0.01
PM2.5 10.37 ± 2.16 9.79 ± 1.89

Diesel PM 0.23 ± 0.36 0.18 ± 0.21
Drinking Water 540.47 ± 233.70 505.43 ± 176.71

Lead 50.31 ± 23.47 47.29 ± 19.60
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Without
Birth Defects
(N=549,675)

With Birth De-
fects (N=3,013)

Pesticides 384.74 ± 2960.42 528.78 ± 3009.70
Toxic Release 2088.88 ± 5862.24 1062.00 ± 4774.44

Traffic 1118.74 ± 983.62 947.06 ± 826.21
Cleanup Sites 8.60 ± 16.36 9.40 ± 13.48

Groundwater Threats 17.50 ± 33.87 16.33 ± 27.87
Hazardous Waste 0.50 ± 1.71 0.37 ± 1.18

Impaired Water Bodies 3.56 ± 4.85 10.29 ± 9.32
Solid Waste 1.89 ± 3.88 3.45 ± 5.82

Asthma (prevalence rate) 55.85 ± 31.53 75.19 ± 35.59
Low Birth Weight 5.10 ± 1.44 4.80 ± 1.22

Cardiovascular Disease 14.34 ± 5.42 17.13 ± 4.76
Education (regional) 20.59 ± 15.79 26.87 ± 14.46
Linguistic Isolation 10.92 ± 9.74 17.95 ± 13.42

Poverty 35.63 ± 19.17 44.38 ± 18.95
Unemployment 7.32 ± 4.03 11.80 ± 6.27
Housing Burden 19.57 ± 8.20 19.56 ± 7.73

Table C.2: Overview of the optimized hyperparameters for each machine learning model
evaluated using a grid search cross validation process. All other parameters were taken as
default.

Hyperparameter Possible Values Optimized Value

Logistic Regression

C [0.1, 1, 10] 0.1
Solver [‘lbfgs’, ‘saga’] ‘saga’

Penalty [‘l1’, ‘l2’, ‘elasticnet] ‘l1’
Max Iterations [100, 1000] 100
Class Weight [‘balanced’, None] ‘balanced’

Random Forest

Number of estimators [100, 200, 500] 500
Maximum Tree Depth [10, 20, None] 10

Minimum Samples per Split [2, 5, 10] 10
Minimum Samples per Leaf [1, 3, 5] 3

Class Weight [‘balanced’, None] ‘balanced’

XGBoost

Maximum Depth [6, 8] 6
Learning Rate [0.1, 0.3] 0.1

Number of Estimators [100, 200, 500] 100
Minimum Child Weight [1, 5, 10] 10
Scale Position Weight [# Negative/# Positive, 1] 1

Gamma [0, 0.1, 0.3] 0.3
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Figure C.1: Dependence plots for the top twenty features contributing to model output in
the All Variables feature set, presented as risk ratios (RR). Shaded bands represent the
standard deviation of the population per bin, and dashed lines indicate the baseline risk
ratio (RR = 1). RR > 1 signifies a positive relationship with the model output, while
RR < 1 signifies a negative relationship.
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Figure C.2: Comparison of global feature importance for the All Variables feature set across
variable subsets. (A) Original contributions based on the summed absolute SHAP values.
(B) Normalized contributions, where SHAP values were summed for each variable subset and
divided by the number of features (f) within the subset. The legend indicates the number
of features (f) in each variable subset.
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Figure C.3: Dependence plots for the top twenty features contributing to model output in
the Top Variables feature set, presented as risk ratios (RR). Shaded bands represent the
standard deviation of the population per bin, and dashed lines indicate the baseline risk ratio
(RR = 1). RR > 1 signifies a positive relationship with the model output, while RR < 1
signifies a negative relationship.
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Figure C.4: Comparison of global feature importance for the Top Variables feature set across
variable subsets. (A) Original contributions based on the summed absolute SHAP values.
(B) Normalized contributions, where SHAP values were summed for each variable subset and
divided by the number of features (f) within the subset. The legend indicates the number
of features (f) in each variable subset.
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Figure C.5: Bar charts displaying the distribution of categories among top nodes with multi-
ple categories. Statistically significant differences are marked with a black asterisk (p < 0.05).
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