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Abstract

Addressing the complex relationship between public health and environmental exposure requires 

multiple types and sources of data. An important source of chemical data derives from high

throughput screening (HTS) efforts, such as the Tox21/ToxCast program, which aim to identify 

chemical hazard using primarily in vitro assays to probe toxicity. While most of these assays target 

specific genes, assessing the disease-relevance of these assays remains challenging. Integration 

with additional data sets may help to resolve these questions by providing broader context for 

individual assay results. The Comparative Toxicogenomics Database (CTD), a publicly available 

database that builds networks of chemical, gene, and disease information from manually curated 

literature sources, offers a promising solution for contextual integration with HTS data. Here, we 

tested the value of integrating data across Tox21/ToxCast and CTD by linking elements common 

to both databases (i.e., assays, genes, and chemicals). Using polymarcine and Parkinson’s disease 

as a case study, we found that their union significantly increased chemical-gene associations and 

disease-pathway coverage. Integration also enabled new disease associations to be made with HTS 

assays, expanding coverage of chemical-gene data associated with diseases. We demonstrate how 

integration enables development of predictive adverse outcome pathways using 4-nonylphenol, 

branched as an example. Thus, we demonstrate enhancements to each data source through 

database integration, including scenarios where HTS data can efficiently probe chemical space 
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that may be understudied in the literature, as well as how CTD can add biological context to those 

results.
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1. Introduction

There are more than 80,000 chemicals registered for use in the United States with an 

estimated two thousand more introduced each year [1]. The majority of these have not 

been adequately tested for their human health effects despite the etiology of many chronic 

diseases involving interactions between environmental factors, including chemicals, and 

genes and pathways modulating physiological processes [2–4]. To address this challenge, 

high-throughput screening (HTS) efforts like the Toxicology in the 21st Century (Tox21) 

federal research collaboration [5] have been developed to automate in vitro biological 

assays and maximize efficiency of evaluating the activity of a large number of chemicals 

on a range of cellular processes. Members of the Tox21 collaboration seek to enhance 

the predictive capacity of toxicology studies and thereby improve efforts to protect human 

health and the environment. The goals of Tox21 include developing and improving models 

that predict biological responses to chemicals, identifying mechanisms of action that 

warrant further investigation, and prioritizing chemicals for further toxicological evaluation. 

Utilizing in vitro assays in a systematic, large-scale operation increases clarification of 

specific molecular endpoints compared to traditional animal toxicology studies. A major 

effort targeted at chemical prioritization is the Toxicity Forecaster (ToxCast) program [6–8], 

which is an ongoing, multiphase component of the U.S. Environmental Protection Agency’s 

(EPA) contributions to Tox21. ToxCast enables prioritization and profiling of chemicals 

of regulatory interest by their AC50/LEC (half-maximal activity concentration/lowest 

effective concentration) values or by mapping assay results onto canonical biochemical or 

physiological pathways by way of implicated genes. However, there is an urgent need to 

understand these data in a broader biological context, including their alignment with human 

disease or exposure implications.

One way to accomplish this is to develop evidence-based associations between HTS results 

and broader biological resources. With the exponential growth in environmental health data, 

new databases and tools have been developed to enable analysis of disconnected datasets [3]. 

The Comparative Toxicogenomics Database (CTD) [9–11] is one such publicly available 

database developed with the goal of advancing understanding about how environmental 

exposures affect human health. CTD accomplishes this goal by manually curating chemical

gene, chemical-phenotype, chemical-disease, and gene-disease relationships as well as 

exposure data from the biomedical literature. These data are integrated with functional 

and pathway data to inform hypotheses about the etiologies underlying environmentally 

influenced diseases. In addition, CTD also includes manually curated chemical-phenotype 

relationships for identifying pre-disease biomarkers associated with experimental and real

world environmental exposures [10–12].
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Like many databases, the Tox21/ToxCast collaborative effort and CTD share objectives 

of better characterizing the role of chemicals on human health outcomes. Where Tox21/

ToxCast assays generate evidence of a chemical affecting gene activity within an in vitro 
context, CTD curates evidence of chemical associations with genes, proteins or disease from 

diverse sources (e.g. model organisms, human populations, in vitro). Establishing methods 

for integrating Tox21/ToxCast results with curated data in CTD represents an initial step 

toward addressing well-known, long-term challenges facing the Tox21/ToxCast effort [4]. 

These challenges include how to extrapolate HTS data to human health by correlating 

perturbation of genes, proteins or cellular-based phenotypes to human disease. Integration of 

HTS results could also address information gaps in CTD owing to the comparatively narrow 

range of chemicals reported in the literature [12,13]. By integrating HTS and environmental 

health data, the respective enhancements to each resource can be analyzed in a human health 

context.

Here, we describe integration of HTS data with a broader environmental health resource 

using Tox21/ToxCast data and CTD. Through this data integration, we demonstrate the 

expansion of chemical-gene coverage. Using chemical-gene interactions associated with 

diseases and pathways in CTD as a case study, we describe the respective enhancements 

to each resource and demonstrate how this data integration can be used to identify new 

chemical-pathway and chemical-disease associations. We assess changes in coverage of 

chemical-gene information for diseases and pathways in CTD to quantify the value of 

this database integration and demonstrate how these integrative techniques can advance 

discovery through development of predictive chemical-pathway-disease frameworks.

2. Materials and methods

2.1. CTD data

CTD data from the October 05, 2018 release were downloaded as .CSV files from the 

CTD website (http://ctdbase.org/downloads). The disease vocabulary (MEDIC) contained 

36 MEDIC-Slim categories encompassing 5,361 specific diseases [14]. The chemical

gene interactions file included 12,984 chemicals and 46,755 genes and proteins with 

data recorded from 87,428 curated references [15]. Also included were pathway-gene/

protein associations, enriched pathway-chemical associations, gene-disease associations, and 

chemical-disease associations. Only chemicals and genes from the CTD chemical-gene 

interactions file were used as the basis for the CTD chemical and gene datasets.

2.2. HTS assay data from Tox21/ToxCast

The most-recent, full release of the invitrodb_v2 collection of ToxCast and Tox21 HTS 

assay information (October 2015) was obtained from the ToxCast website (These combined 

data are hereafter referred to as “HTS”, in reference to the data type) as a collection of .CSV 

files (https://www.epa.gov/chemical-research/toxicity-forecaster-toxcasttm-data) [16]. These 

data consisted of 9,019 chemicals, 359 assays, 1,112 assay endpoints, and 115,857 

chemical-end-point pairs. Endpoints consist of molecular targets (i.e., gene(s) or protein(s) 

specified by NCBI GeneIDs) or biological processes (e.g., apoptosis) [17]. We focused 

on assays with molecular targets as specified in the “technological target” field of 
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the assay summary file (Assay_Summary_151020.csv). Among these assays, 28 have 

multiple technological targets as designated by several GeneIDs reflecting cases in 

which a specific gene cannot be resolved (e.g., multiple retinoic acid receptors that can 

activate a response element in a reporter assay). The assay endpoint ID (aeid), which 

appears in the assay summary (Assay_Summary_151020.csv) and in the screening results 

(AllResults_flags_151020.csv) files, was used to map chemicals to molecular targets. 

The direction of gene activity (increase versus decrease) was determined using the assay 

component endpoint name and description for each chemical-gene association. For signaling 

assays, chemical-gene associations were characterized based on the direction of the assay 

the chemical was active in (up versus down). Chemicals were described as decreasing gene 

activity if the chemical was active in an inhibition assay. If a direction of activity could not 

be determined from the assay (e.g. binding assays) or a chemical was active in both the up 

and down signaling direction, then the interaction was classified as the chemical “affects” 

the gene rather than increases or decreases activity.

2.3. Integrating databases

Fig. 1 outlines the HTS/CTD data integration process. In brief, all chemicals and genes were 

integrated from the two databases (Fig. 1b and c), along with their respective chemical-gene 

associations (Fig. 1a and d). HTS chemicals are identified using names and Chemical 

Abstracts Service Registry Number (CASRNs). Chemicals in CTD are identified using 

names, synonyms and CASRNs derived from the MeSH Chemicals and Drugs category. 

CASRNs were used to map chemicals between HTS and CTD data sets where possible, 

or by comparing chemical names to names and synonyms in CTD (Fig. 1b). Among HTS 

chemicals, 242 did not have CASRNs. Using this approach, 3,237 chemicals (36% of all 

HTS chemicals and 25% of all CTD chemicals) were shared between these datasets (Fig. 

1b, Grey). Genes in HTS and CTD are both designated using gene identifiers (GeneIDs) 

from the National Center for Biotechnology Information (NCBI) Entrez Gene database and 

were used to map genes across the datasets (Fig. 1c) [18]. Among the 366 genes implicated 

in HTS assays, 285 were identified in CTD (Fig. 1c, Grey). This fraction represents 78% 

of HTS genes and less than 1% of genes in the broader CTD database. The 285 genes and 

3,237 chemicals common to both CTD and HTS form the intersecting dataset (Fig. 1a). HTS 

contained 5,782 chemicals and 81 genes without matches in CTD (Fig. 1b and c, Purple) and 

CTD contained 9,747 chemicals and 46,470 genes without matches in HTS (Fig. 1b and c, 

Blue). These remaining chemicals and genes that were unmatched between the two datasets 

formed the remainder of our union dataset, representing the entirety of the chemicals and 

genes in each resource integrated together (Fig. 1d). These linked chemical names and gene 

names were used to form connections between CTD chemical-disease, chemical-pathway, 

gene-disease, and gene-pathway data and HTS chemical-gene associations.

2.4. Context-defined overlap between datasets

Only chemicals designated as “actives” in HTS assays (i.e., ToxCast hit call = 1, indicating 

association between a given chemical and a given assay), were considered in the analysis 

of overlap between HTS and CTD. In addition, only actives with AC50 concentrations less 

than 1 μM for at least one assay were considered. This stringency is a tunable parameter 

that was set to maximize specificity of assay targets, versus allowing more general chemical 
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cytotoxicity to cloud specific gene signals [19]. This filtered the number of chemicals in 

the intersecting dataset to 1,344 (42% of the 3,237 overlapping chemicals). An additional 

1,808 chemicals from HTS fit these criteria but did not have chemical matches in CTD, thus 

forming part of our union database.

2.5. Disease and pathway analysis

Disease analyses were conducted using CTD MEDIC-Slim disease categories, disease

chemical, disease-gene, and disease-pathway association data. Pathway analyses were 

conducted using CTD pathway-chemical and pathway-gene association data. New, enriched 

diseases and pathways for chemicals were identified using genes associated with these 

chemicals in the union dataset and calculating the significance of enrichment using the 

hypergeometric test with a Bonferroni adjustment for multiple testing [20]. Only direct 

disease-gene associations in CTD were used to determine disease enrichment. The number 

of tests used for the Bonferroni adjustment was set as the number of diseases or pathways 

with at least one gene annotation for that gene or pathway in the union dataset. The 

adjusted significance threshold was p less than 0.01. This is the same methodology used 

by CTD’s online tools to determine disease and pathway enrichment (http://ctdbase.org/

tools/analyzer.go). Network diagrams of pathway-gene connections were generated using 

the R/igraph package [21]. Pathway diagrams of gene interactions were developed using 

the genes from enriched chemicalpathway associations with the R/pathview package [22]. 

Heatmaps of disease chemical-gene associations were computed using the R/gplots package 

[23]. Filled curve plots for MEDIC-Slim chemical-disease and gene-disease coverage were 

generated using the R/ggplot2 package [24]. All analyses were done using R version 3.3.2 

[25].

3. Results

3.1. Chemical and gene interactions forming the CTD/HTS integrated database

The union of the entire CTD and HTS datasets contains 14,756 chemicals and 46,836 genes 

and is referred to as the union dataset, with the majority of data coming from CTD (Fig. 

1d). The full dataset of chemical-gene associations is available as Supplemental Table 1. The 

overlapping subset of the union dataset consists of 1,344 chemicals and 285 genes and is 

referred to as the intersecting dataset (Fig. 1a).

To assess the pathway and disease coverage of the union and intersecting datasets, we 

analyzed the associations between genes and chemicals in the entire dataset with pathways 

and diseases found in CTD. An overall network diagram showing gene-pathway annotations 

for all genes in the union dataset, overlaid with genes contained in the intersecting dataset 

was used to assess the relative density and connectivity of genes (Supplemental Fig. 1). 

Genes from the union dataset were connected collectively with 2,352 different pathways; 

genes from the intersecting dataset were connected with 1,181 pathways. Genes contained in 

the intersecting dataset were spread throughout the pathway space rather than concentrated 

in dense hubs, suggesting similar coverage in the two datasets (Supplemental Fig. 1). Next, 

we compared the coverage of disease categories between the union and intersecting dataset 

to determine if the disease associations were similar between the chemical space and the 
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gene space. MEDIC-Slim, a set of terms from CTD that organizes diseases into 36 general 

categories, was used to provide a simplified perspective of the entire disease landscape [26]. 

Overall, there was strong agreement among categories of diseases for both the chemicals 

(rank order p = 0.60) and genes (rank order p = 0.72) in the union (Supplemental Fig. 2a) 

and intersecting datasets (Supplemental Fig. 2b). This indicates similar coverage of disease 

processes between the two datasets. For both the union and intersecting datasets, genes 

and chemicals were most commonly associated with the disease categories nervous system 

disease and cancer; MEDIC-Slim disease categories with few diseases were associated 

with low numbers of genes and chemicals in the union dataset. For example, the nutrition 

disorder disease category contains about 0.5% of the genes and chemicals in the union 

dataset and contains only 38 diseases compared to the nervous system disease category, 

which contains 1,556 diseases and close to 10% of the genes and chemicals in the union 

dataset.

3.2. Integration effects on chemical-gene associations from a disease perspective

To determine the effect of CTD/HTS data integration on understanding potential 

mechanisms and influences on individual diseases, we assessed chemical-gene associations 

in the intersecting dataset (Fig. 1a). Based on our analyses of chemical and gene associations 

with diseases among MEDIC-Slim categories (Supplemental Fig. 2), we determined that 

focusing on the intersecting dataset would be representative of disease associations from the 

entire union dataset. This enables better visualization of the small number of HTS genes 

without the larger number of CTD gene contributions overwhelming our results. As test 

cases, we examined Parkinson Disease (PD), a disease with many chemicals and genes 

associated in CTD, and malnutrition, a disorder with fewer chemical and gene associations 

in CTD.

Parkinson’s Disease (PD): PD is a member of the most common disease category 

(nervous system diseases) associated with chemicals and diseases in the union and 

intersecting datasets (Supplemental Fig. 2). PD is a neurodegenerative disease affecting 

human populations of all ethnicities. Although familial cases are known, a significant 

proportion of PD patients have no known genetic risk factors; thus, environmental 

risk factors are suspected in the etiology of idiopathic PD [27–29]. Furthermore, with 

agricultural pesticides of emerging concern as suspected agents in the etiology of PD 

[28–30], we hypothesized that the pesticide-rich HTS data may augment chemical-gene 

representations in CTD that when integrated with CTD data would provide disease context 

for these chemicals [12]. Over 4,800 chemicals and 20,000 genes associated with PD were 

identified in chemical-disease and gene-disease association data for PD in the union dataset. 

Of these, 744 chemicals and 283 genes were in the intersecting dataset. We generated a 

heatmap to illustrate the differential coverage of genes within the source datasets (CTD and 

HTS), and to underscore the increased coverage that can be attained via integration (Fig. 

2a). The total number of unique chemical-gene associations in the intersecting dataset was 

35,617. Approximately ten percent (3,569) of the chemical-gene associations were the same 

in both databases prior to integration, whereas CTD accounted for 14,735 (41%) distinct 

chemical-gene associations and HTS accounted for 17,313 (49%) distinct chemical gene

associations. Integration increased the mean number of genes per chemical nearly 2-fold 

Kosnik et al. Page 6

Comput Toxicol. Author manuscript; available in PMC 2020 November 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



versus either dataset alone based on existing chemical-disease and gene-disease associations 

in CTD.

Malnutrition: Malnutrition (Fig. 2b) is from the nutrition disorder MEDIC-Slim category, 

one of the categories with the lowest percentage of genes and chemicals in the union 

and intersecting dataset (Supplemental Fig. 2). Unsurprisingly, there are fewer chemicals 

and genes associated with malnutrition than PD in the union dataset: 226 chemicals and 

4,543 genes. Numbers were reduced to 79 chemicals and 134 genes in the intersecting 

dataset. As with PD, we generated a heatmap to analyze the differential contribution of 

chemical-gene associations from the original data sources. CTD incorporates significantly 

more information than HTS with 67% of the 4,771 chemical-gene associations coming from 

CTD compared to 15.8% coming exclusively from the HTS data.

3.3. Integration effects on chemical-disease and chemical-pathway associations from a 
specific chemical perspective

To characterize how differing sources of chemical-gene associations (CTD vs HTS) 

influence disease and pathway enrichment in the union and intersecting datasets and identify 

the scenarios where this integration is most useful, we analyzed data for a well-studied 

chemical (benzo[a]pyrene, or BaP) and a relatively understudied chemical (polymarcine, or 

metiram). BaP is a well-studied polycyclic aromatic hydrocarbon (PAH) [13] with a role 

in the etiology of many diseases [31,32]. PD has an inferred disease-association with BaP 

in CTD, and the majority of chemical-gene associations for BaP in the union dataset came 

from CTD. In contrast, polymarcine belongs to the ethylene-bisdithiocarbamate (EBDC) 

class of fungicides, and is understudied compared to other fungicides of the same class, 

such as maneb and mancozeb [33]. This class of fungicides is widely used and has been 

shown to lead to oxidative stress and neurotoxicity. Both maneb and mancozeb are suspected 

environmental agents in the etiology of idiopathic PD [30,33,34], and are associated with 

PD in CTD. In contrast, almost all chemical-gene associations in the union dataset for 

polymarcine came from the HTS data, and interestingly, polymarcine is not associated with 

PD in CTD. We hypothesized that by adding the HTS data to CTD, new diseases associated 

with polymarcine could be identified along with pathways involved in the etiology of these 

diseases. Since all the chemical-gene information for BaP is contained within CTD, we 

did not expect a similar enhancement in new disease and pathway associations to be seen 

following data integration with HTS.

To analyze disease enrichment for these two chemicals, existing chemical-disease 

associations in CTD and new, enriched disease associations based on the union chemical

gene set were identified (Table 1). In CTD, BaP has 11,894 chemical-gene associations and 

4,520 chemical-disease associations, including PD. After integration with HTS data, there 

was no increase in the number of chemical-gene associations because the 13 genes identified 

in HTS were already associated with BaP in CTD. We used the 11,894 genes associated with 

BaP in the union dataset to identify enriched diseases using direct gene-disease associations 

from CTD with the hypergeometric test and identified 3,707 diseases. However, these 

diseases were already associated with BaP in CTD (Table 1).
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In CTD, polymarcine is associated with 11 genes and has 135 chemical-disease associations. 

After CTD/HTS data integration, the number of genes associated with polymarcine 

increased to 147 with HTS adding 136 new genes. By using these 147 genes from the 

union dataset to identify enriched diseases as we did for BaP, 411 diseases were identified 

(Table 1). Of these, 307 were not previously associated with polymarcine in CTD, and one 

of these newly identified diseases was PD (corrected p-value less than 0.001).

To analyze pathway enrichment for these chemicals, existing gene-pathway annotations in 

CTD and new, enriched pathway associations based on the union gene set were identified. 

To assess the connectivity of the gene-pathway data, we developed network diagrams 

showing gene-pathway annotations for these chemicals before and after the addition of 

HTS chemical-gene associations to CTD. In CTD, BaP is associated with 1,357 pathways. 

Between these 1,357 pathways and the 11,894 genes associated with BaP in CTD, we 

generated a network diagram with 85,433 gene-pathway connections (Fig. 3a). After using 

the 11,894 genes associated with BaP in the union dataset to search for new, enriched 

pathways using gene-pathway associations from CTD with the hypergeometric test, the 

number of pathways associated with BaP increased to 1,545 with an additional 535 gene

pathway connections formed (Fig. 3b). In contrast, polymarcine is associated with only 

seven pathways in CTD. Between these seven pathways and the 10 genes associated with 

pathways in CTD, we generated a network with 16 gene-pathway connections (Fig. 3c). 

After incorporating the 147 genes associated with polymarcine in the union dataset and 

identifying enriched pathways the number of pathways increased to 453 with 4,401 total 

gene-pathway connections formed (Fig. 3d).

3.4. Data integration informs disease-pathway activity for chemical classes

Between the 135 diseases already associated in CTD and the 307 new, enriched diseases we 

identified, there were 442 diseases associated with polymarcine after data integration, where 

PD was among the new, enriched diseases. To demonstrate the utility of our data integration 

efforts in enhancing mechanistic understanding of a chemical’s role in disease progression, 

we studied the gene-pathway associations of polymarcine for pathways associated with 

PD. In CTD, PD is associated with 517 pathways, 242 of which are also associated with 

polymarcine. We narrowed down the overall network of gene-pathway connections for 

polymarcine to just those associated with both polymarcine and PD (Fig. 4a, left). To better 

characterize the gene-gene interactions involved in these polymarcine and PD pathways, 

we selected the tumor necrosis factor (TNF) signaling pathway for further analysis (shown 

in pink in network diagram with the associated genes shown in green, Fig. 4a left). TNF 

is an immune system regulator with an important role in inflammation and the potential 

to subsequently induce oxidative stress [35–38]. Consequently, the signaling pathway is 

believed to be involved in the progression of PD and other neurodegenerative diseases 

while also speculated to be a therapeutic target [35–37]. By determining the direction of 

chemical-gene activity from the ToxCast assay analysis, we assigned a direction of activity 

to each chemical-gene interaction for polymarcine and the genes associated with both the 

TNF signaling pathway and PD. Pathview [22] was used to develop a mechanistic diagram 

of these genes to characterize the role that polymarcine may play in the progression of PD 

via the TNF signaling pathway (Fig. 4a, right).
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To demonstrate the utility of this process for groups of chemicals, we analyzed whether 

other EBDC fungicides covered similar pathways associated with PD to elucidate a potential 

toxicological response common to this disease progression. As with polymarcine, we used 

the union genes associated with maneb and mancozeb to identify enriched pathways. Of 

the 242 pathways associated with PD, 206 were common to all three EBDC fungicides. 

Of the 133 genes associated with polymarcine and PD pathways, 75 were common to all 

three EBDC fungicides. The gene-pathway network of PD pathways for polymarcine was 

adjusted to just those genes and pathways associated with all three EBDC fungicides (Fig. 

4b, left). One of the pathways common to all three EBDC fungicides is the TNF signaling 

pathway. To better characterize the toxicological response of the EBDC fungicides that 

may be involved in PD, we generated a diagram of the TNF signaling pathway showing 

the direction of activity of EBDC fungicide-responsive genes (Fig. 4b, right). We found 

that there was general agreement in the pattern of gene activity among the three EBDC 

fungicides with multiple chemicals exhibiting activity in the same direction or exhibiting a 

general effect in some chemicals and directionality in others.

3.5. Data integration generates chemical-disease and chemical-pathway connections for 
chemicals without gene associations in CTD

In the union dataset, there were 1,808 chemicals that were either missing from or had 

no gene associations in CTD (Fig. 1b, Purple). The source of these chemicals’ gene 

associations came solely from the HTS dataset with a median of 10 genes per chemical 

(range 1 to 117 genes). To assess how HTS results can be leveraged to mitigate information 

gaps in the literature and how CTD can provide biological context to HTS data, we used 

the hypergeometric test to identify enriched diseases for these 1,808 chemicals using the 

HTS chemical-gene associations and CTD’s direct gene-disease associations. Based on 

the new chemical-disease enrichment we found for polymarcine after data integration, we 

hypothesized that there would be similar enrichment for these chemicals. In total, we 

identified 300,009 disease associations across the 1,808 chemicals, with a median of 132 

diseases per chemical. These chemical-disease associations are presented in Supplemental 

Table 2. The total number of diseases enriched per chemical is shown in Fig. 5a. The 

most common diseases were liver neoplasms, female infertility, and adenocarcinomas, each 

enriched in over 1,700 chemicals. Bronopol and milbemectin had the most associations, 

each with over 430 enriched diseases. To determine which disease categories had the 

most enrichment from HTS chemicals, we calculated the percentage of enriched disease 

associations for these chemicals among MEDIC-Slim disease categories (Supplemental Fig. 

3). Interestingly, the distribution of diseases differs from what we found for the union and 

intersecting datasets (Supplemental Fig. 2) with cancer still highly enriched, but nervous 

system disorders and other disease categories have a more even distribution.

To provide further context to these diseases and demonstrate the potential to study molecular 

mechanisms associated with these chemicals, we identified enriched pathway associations 

for the 1,808 chemicals using CTD gene-pathway associations and the same HTS chemical

gene associations. We identified 207,724 pathway associations across these chemicals with 

a median of 113 enriched pathways per chemical. These chemical-pathway associations are 

presented in Supplemental Table 3. The total number of pathways enriched per chemical is 

Kosnik et al. Page 9

Comput Toxicol. Author manuscript; available in PMC 2020 November 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



shown in Fig. 5b. The most common pathways enriched across chemicals were nuclear 

receptor transcription pathway and pathways in cancer, each enriched for over 1,700 

chemicals. The chemicals associated with the most pathways were isopropyl triethanolamine 

titanate and PHA-00568487, each associated with over 360 pathways. Generally, the same 

chemicals had similar numbers of new disease and pathway associations (correlation 

coefficient = 0.49) and the number of new associations was correlated with the number 

of genes per chemical (correlation coefficient = 0.86 for diseases, 0.43 for pathways, Fig. 

5a–d).

3.6. Data integration can inform adverse outcome pathways by connecting chemical, 
gene, disease, and pathway associations

An adverse outcome pathway (AOP) is a framework that organizes existing information to 

provide biologically supported explanations of how a toxicant can lead to adverse outcomes, 

such as diseases [39]. CTD has been demonstrated to aid in predictive AOP development 

by linking chemical-gene and phenotype data to disease and exposure data [10], however 

this process would not be possible for the 1,808 HTS chemicals without chemical-gene 

information in CTD. We hypothesized that by relating the chemical-gene activity from the 

HTS dataset, the pathway-disease data from CTD, and the chemical-pathway and chemical

disease associations identified through enrichment, we could begin to develop predictive 

AOPs for new chemical-disease linkages. For this study, we chose to continue focusing 

on PD and selected a toxicant that was also enriched for the TNF signaling pathway. Of 

the 1,808 chemicals with disease associations, 88 were enriched for PD (shown in blue 

and pink, Fig. 5a and c) of which 84 were also enriched for the TNF signaling pathway 

(shown in green and pink, Fig. 5b and d). One of these chemicals enriched for both PD 

and the TNF signaling pathway was 4-nonylphenol, branched (hereafter referred to as 

4-nonylphenol, shown in pink, Fig. 5a–d). 4-nonylphenol is a recognized endocrine disruptor 

that is widespread throughout the environment and can produce reactive oxygen species 

leading to neurotoxicity [40–42], but its potential role in PD development is understudied. 

In developing an AOP for 4-nonylphenol, we characterized the HTS chemical-gene activity 

associated with 4-nonylphenol as the molecular initiating event (MIE) and the pathways 

associated with both 4-nonylphenol and PD as the downstream key events (Fig. 6). Of the 

286 pathways enriched for 4-nonylphenol, 173 were associated with PD in CTD. For AOP 

development, we limited these pathways to the 40 that characterized phenotypes of PD 

(e.g. dopaminergic synapse) rather than comorbidities (e.g. asthma, breast cancer) and had 

a corresponding pathway ID in Pathview [22]. Each of these 40 pathways can be used to 

generate a diagram of HTS gene interactions to better characterize the connections between 

these key events (Fig. 6a–d). For example, as we did with polymarcine and the EBDC 

fungicides, we used Pathview to visualize the TNF signaling pathway for 4-nonylphenol 

(Fig. 6, panel c). In addition to the MIEs connected to and depicted in the TNF signaling 

pathway, the pathway also feeds into the PI3K-Akt pathway (Fig. 6, panel b) and the NF-κB 

signaling pathway (Fig. 6, panel d).
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4. Discussion

Data integration can leverage information in public databases to generate new knowledge 

not contained in any single resource. We present a method for data integration using Tox21/

ToxCast data and the Comparative Toxicogenomics Database as a case study to align 

high-throughput screening results with disease-relevant pathways. We found that integration 

augmented chemical-gene, gene-disease, and pathway-gene coverage. By assessing changes 

in coverage of, as well as connections between, chemical-gene information for diseases 

and pathways, we demonstrate that integration of HTS and CTD data can augment the 

biological context and depth of each resource. These data are currently available as a 

supplemental table (Supplemental Table 1) to provide valuable evidence for development of 

new hypotheses for under-studied chemicals. The analysis can be updated with future source 

database downloads by following the procedures described in our methods.

The connection of HTS data through CTD to a high-level, complex disease (PD) illustrates 

the value of integration through an increased number of chemical-gene associations. When 

compared to malnutrition, a disorder with fewer chemical and gene annotations in CTD, 

we did not see as much enhancement following integration. This is unsurprising given that 

biological and socioeconomic factors are considered the primary underlying determinants of 

malnutrition [43]. However, these results could suggest that the health effects of malnutrition 

may be compounded by exposure to environmental toxicants, which if identified, could 

lessen adverse consequences associated with diets of inferior nutritional quality.

Polymarcine, a chemical with the majority of chemical-gene associations coming from HTS, 

had a substantial increase in chemical-disease and chemical-pathway associations following 

integration. In contrast, we found less benefit from data integration for benzo[a]pyrene, a 

chemical with all chemical-gene associations already in CTD. BaP is well-studied and was 

identified as one of the top 20 compounds most frequently studied in a 2011 bibliometric 

analysis of research articles studying chemical compounds [13]. Owing to this, BaP 

has substantial information already contained in CTD, including the same chemical-gene 

associations identified from the HTS screening of BaP. This indicates that, for chemicals that 

are well-studied in the literature, HTS provides less benefit as compared to those chemicals 

like polymarcine that are less frequently studied.

We also identified a potential PD association with polymarcine, an understudied EBDC 

fungicide, demonstrating the utility of these data integration efforts to promote discovery. By 

relating the HTS chemical-gene activity to PD and the TNF signaling pathway, a pathway 

enriched for polymarcine and associated with PD in CTD, we were able to characterize the 

mechanistic role that polymarcine may play in activating a PD-related signaling pathway. 

We also demonstrated how identification of enriched pathways using HTS/CTD chemical

gene associations with CTD gene-pathway and pathway-disease associations could provide 

further mechanistic perspective into the etiology of diseases for classes of chemicals by 

analyzing pathways associated with PD and enriched for EBDC fungicides. Through this, 

we identified common pathways and genes that may be implicated in the toxicological 

response of these chemicals in the development of PD and characterized the chemical-gene 

responses for the TNF signaling pathway. These approaches demonstrate an application of 
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our data integration efforts to clarify chemical-disease mechanisms of action that can be 

pursued for further analysis, and these efforts help to advance the goals of both Tox21 and 

CTD by creating associations between environmental chemicals and their mechanisms of 

action while connecting these mechanisms to human health.

For chemicals without gene associations in CTD, we demonstrate how HTS data can provide 

evidence for disease-gene and pathway-gene enrichment. By using the HTS chemical-gene 

associations with disease-gene and pathway-gene associations in CTD, we demonstrate the 

mutual enhancements to each dataset following integration. We show how HTS data can 

fill gaps in CTD owing to gaps in the literature while CTD can provide biological context 

to HTS results through disease and pathway associations. By forming these new chemical, 

disease, and pathway associations from existing datasets, we demonstrate the potential for 

data integration to spur hypothesis generation. Our analyses identified over 300,000 enriched 

chemical-disease associations. When we evaluated the disease categories, we found cancer 

to have more disease associations than nervous system disorders. This finding highlights the 

importance of testing these chemicals for a variety of disease associations, as they may have 

a role in the etiology of unexpected diseases. We also found over 200,000 chemical-pathway 

associations highlighting potential chemical-disease-pathway mechanisms for future study 

of these chemicals.

We provide evidence for the utility of this data integration strategy by demonstrating 

how linking these new gene, disease, and pathway associations for a chemical can 

aid in development of AOPs. We found 4-nonylphenol, a chemical with chemical-gene 

associations from the HTS screening dataset that are missing from CTD, was enriched 

for both PD and the TNF signaling pathway and demonstrated how linking these chemical

disease and chemical-pathway associations can provide a framework for toxicant-disease 

processes. By characterizing the connections between these pathways, this data integration 

technique can identify the connections between key events in AOPs and elucidate the 

connections between upstream signaling processes and adverse outcomes for understudied 

chemicals. This method could be replicated for any of the chemical-disease and chemical

pathway associations we identified (Supplemental Tables 2 and 3), providing potential to 

characterize thousands of new toxicant-disease mechanisms. These new chemical-disease 

and pathway associations demonstrate the utility of these integration efforts to provide 

disease and pathway context to understudied chemicals. These chemical-pathway-disease 

mechanisms can be prioritized for AOP development by identifying chemicals enriched 

for diseases and pathways of greatest concern. Associations could also be prioritized 

based on the most significant disease and pathway enrichment p-values. Additionally, by 

characterizing chemicals with the least redundant pathway-disease associations, unique 

toxicological responses can be identified. Alternatively, by characterizing AOPs with 

similar key events and outcomes, chemicals with similar toxicological responses may be 

identifiable. Future efforts can improve upon these AOPs by relating the key events we 

characterized to more specific biological responses, such as the phenotype data in CTD [10].

A challenge in our analysis is determining the relative value of each chemical-gene, 

chemical-disease, and chemical-pathway association. While we only incorporated HTS 

chemical-gene associations that were active, these data are likely to have inherent errors, 
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such as false positives or chemical-gene associations resulting from activity downstream 

of the original chemical interaction. Similarly, biases inherent in the literature, including 

differences in data standards and experimental methods, affect data curation by CTD 

[44]. As described in our analysis of MEDIC-Slim categories, cancer and nervous system 

diseases have more chemical and gene associations due to the prevalence of studies of these 

disease categories in the literature. As such, it is probable that additional chemical-disease 

associations from less well-described disease categories (e.g. nutrition disorders) were not 

captured in our enrichment analysis because of the dearth of relevant gene-disease studies 

and their consequent underrepresentation in CTD. A similar study bias effect is likely 

at play in chemical-pathway associations owing to unresolved gene-pathway associations 

in the literature. Future efforts should focus on ways to identify the chemical-gene, 

chemical-disease, and chemical-pathway associations that are least likely to be influenced by 

underlying data errors and have the strongest associations. One approach for this would be to 

prioritize chemical-gene associations that were captured in both the HTS analysis and CTD 

or to refine the chemical-disease and chemical-pathway enrichment analysis.

Another limitation to our efforts is the small number of genes associated with chemicals 

in the Tox21 gene library. We propose that our integration efforts can be used to inform 

inclusion of additional assays to increase coverage of biomedical disease domains. For 

example, there are 19,216 genes associated with PD that are curated in CTD but were not 

assayed in HTS data. By using this set of genes to search for assays in resources such as the 

PubChemBioAssay Database, new assays could be identified targeting these PD-associated 

genes. Additional efforts could be focused on identifying assays for disease domains with 

less existing chemical-gene association data across either database (Supplemental Fig. 2). 

Further, while our study has focused on the utility of our strategy to identify associations 

between toxicants and adverse outcomes, our method can also be applied to identify new 

therapeutic routes for chemical-gene-pathway-disease connections. As we demonstrated, the 

chemical-gene activity for a toxicant can be identified from the HTS chemical-gene data and 

linked to the pathway-disease data from the union dataset. Therefore, a potential therapeutic 

may be characterized by identifying drugs that are associated with the same pathway-disease 

mechanisms but exhibiting opposite activity.

Integrating large datasets, whether from structured databases or unstructured collections 

of data, requires identification of common data elements. These elements serve as a 

foundation upon which more complex interrelationships between datasets can be discerned 

using a variety of data mining techniques. Unique terms or keys such as gene and 

chemical identifiers that are shared between databases like Tox21/ToxCast and CTD, offer 

a straightforward means of identifying intersections between the datasets. These shared data 

can then be used to leverage associated data from both resources and construct broader 

biological contexts such as pathway and disease relationships [3,45,46]. Our work presents 

a method for data integration between two distinct datasets and demonstrates the resulting 

benefits to promote discovery. Additional datasets could be integrated by using our data

matching methods. Many chemical datasets use CASRNs as a chemical identifier, such as 

the Chemical/Product Categories Database [47] and the Hazardous Substances Database 

[48]. Other chemical links could be used in place of CASRNs such as Standard IUPAC 

Chemical Identifier (InChI) representations as found in ChEMBL [49]. The same linkages 

Kosnik et al. Page 13

Comput Toxicol. Author manuscript; available in PMC 2020 November 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



could be done for genes, diseases, assays, or any other data so long as the datasets of interest 

contain a common element to link across. We also demonstrate the utility of linking broader 

biological data to HTS results and provide a method for new HTS data to be annotated.

We highlight the importance of database integration by demonstrating improvements in 

chemical-gene, chemical-disease, and chemical-pathway coverage following the integration 

of HTS data with curated data from the literature. Where HTS provided new chemical

gene information to CTD and enhanced CTD’s chemical-disease and chemical-pathway 

connections, CTD provided human health context to HTS results by aligning HTS chemical

gene associations in a disease framework. These efforts can inform new chemical-disease 

and chemical-pathway hypotheses as well as aid in AOP development by linking these 

chemical-gene-pathway-disease processes into a structured framework. Future efforts will 

be aimed at incorporating additional datasets with the CTD/HTS integrated dataset and 

further understanding the connections between chemical-gene information and human health 

outcomes.
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Fig. 1. 
Overview of the data integration process. C = Chemical, G = Gene. C-G = Chemical-gene 

association. Blue = Genes/chemicals/chemical-gene associations found only in CTD, Purple 

= Genes/chemicals/chemical-gene associations found only in HTS, Grey = Genes/chemicals 

found both in CTD and HTS, Green = Chemical-gene associations found in both CTD 

and HTS. (A) Intersecting dataset chemical-gene associations. Formed from overlapping 

chemicals and genes in B and C. (B) Chemical integration. (C) Gene integration. (D) Union 

dataset chemical gene associations. Formed from all chemicals and genes in B and C.
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Fig. 2. 
Chemical-gene associations are varied between sources for different diseases. Chemical

gene associations for chemicals and genes common to both HTS and CTD (the intersecting 

dataset) associated with Parkinson’s disease or malnutrition in CTD. Rows = Genes. 

Columns = Chemicals. For each chemical in the intersecting dataset, the gene was originally 

mapped to that chemical in: Purple = HTS, Blue = CTD, Green = Both databases, Grey = No 

gene association. (A) Parkinson’s Disease. (B) Malnutrition.

Kosnik et al. Page 19

Comput Toxicol. Author manuscript; available in PMC 2020 November 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Fig. 3. 
Integration of HTS and CTD augments pathway coverage for chemicals. Network diagrams 

of gene-pathway connections for benzo(a)pyrene and polymarcine. (A) BaP, CTD-only 

genes and pathways. (B) BaP, union dataset genes and new, enriched pathways. (C) 

Polymarcine, CTD-only genes and pathways. (D) Polymarcine, union dataset genes and 

new, enriched pathways.
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Fig. 4. 
Integration of HTS and CTD informs disease-pathway connections. Left: Network diagrams 

of gene-pathway connections for pathways associated with Parkinson’s disease in CTD. 

Networks generated for (A) Polymarcine, (B) EBDC fungicide class, from genes in the 

union dataset (HTS + CTD). Right: Mechanistic view of TNF signaling pathway generated 

using Pathview. Genes color coded by direction of activity determined from chemical

gene association in HTS assay. (A) Polymarcine, gene-pathway connections from Fig. 

3d narrowed down to just PD connections. (B) EBDC fungicides (polymarcine, maneb, 

mancozeb), gene-pathway connections from Fig. 3.6a narrowed down to just polymarcine 

and other EBDC fungicides. Activity in the TNF signaling pathway is shown for all three 

chemicals colored by: Left = Polymarcine, Middle = Maneb, Right = Mancozeb.
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Fig. 5. 
Integration of HTS and CTD identifies new chemical-disease and chemical-pathway 

associations. Left panels = disease associations, Right panels = pathway associations. Top: 

Enriched disease or pathway associations for chemicals with only HTS gene associations in 

union dataset. Chemical order on x-axis is the same in both figures. Bottom panels: Number 

of HTS genes associated with each chemical in union dataset versus the number of new 

disease or pathway associations.
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Fig. 6. 
Integration of HTS and CTD aids in development of adverse outcome pathways. 

Adverse outcome pathway for 4-nonylphenol, branched. Orange triangles = Chemical-gene 

associations from HTS. Blue circles = Pathways associated with PD in CTD and enriched 

for 4-Nonylphenol. Black arrows = Connections between pathways. Pathway (A) AMPK 

signaling pathway, (B) PI3K-Akt signaling pathway, (C) TNF signaling pathway, (D) NF-κB 
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signaling pathway. Direction of gene activity as determined from HTS assays: Green = 

Increases activity, Red = Decreases activity, Grey = Affects activity.
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Table 1

Integration of HTS and CTD augments disease coverage for chemicals. Sources of gene and disease 

associations for the chemicals benzo(a)pyrene and polymarcine. Gene data: number of genes from HTS, 

CTD, or both data sources. Disease data: number of diseases originally associated with chemical in CTD, 

enriched diseases identified using HTS + CTD genes, and how many of these enriched diseases were not 

already associated with CTD.

Benzo(a)pyrene Polymarcine

# Genes 11,894 147

HTS only 0 136

CTD only 11,881 6

Both 13 5

# Diseases 4,520 442

CTD 4,520 135

Enriched 3,707 411

New, Enriched 0 307
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