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Do the difficult things while they are easy and do 
the great things while they are small. A journey of a 
thousand miles must begin with a single step. 

 
-Lao Tzu 
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Abstract 

Thyroid disruptions by xenobiotics have been associated with a broad 

spectrum of severe adverse human health effects, such as impaired brain 

development and metabolic syndrome. Ingestion of indoor dust and contact 

with industrial chemicals are two significant human exposure routes of 

thyroid hormone disrupting chemicals (THDCs), raising serious concerns for 

human health. However, it is a laborious and costly process to identify 

THDCs using conventional experimental methods, due to the number of 

chemicals in commerce and the varieties of potential disruption 

mechanisms. 

In this thesis, we are aimed at in silico identification of novel THDCs 

targeting transthyretin (TTR) and thyroid hormone receptor (THR) among 

dust contaminants and commonly used industrial chemicals. In vitro assays 

were used to validate the in silico prediction results. Co-crystallization and 

molecular dynamics (MD) simulations were applied to reveal binding modes 

of THDCs at the studied biological targets and to explain their 

intermolecular recognition. 

The main findings presented in this thesis are: 

1. Over 144 environmental pollutants have been confirmed as TTR-binders in 

vitro and these cover a wide range of environmental pollutants and show 

distinct chemical profiles including a large group of halogenated aromatic 

compounds and a second group of per- and polyfluoroalkyl substances. 

(Paper I) 

2. In total 485 organic contaminants have been reported to be detected in 

household dust. The developed QSAR classification model predicted 7.6% of 

these dust contaminants and 53.1% of their metabolites as potential TTR-

binders, which emphasizes the importance of metabolic bioactivation. After 

in vitro validation, four novel TTR binders with IC50 ≤ 10 µM were identified, 

i.e. perfluoroheptanesulfonic acid, 2,4,2',4'-tetrahydroxybenzophenone 

(BP2), 2,4,5-trichlorophenoxyacetic acid, and 3,5,6-trichloro-2-pyridinol. 

(Paper II) 

3. The development of a robust structure-based virtual screening (VS) 

protocol resulted in the prediction of 31 dust contaminants as potential 

binders to THRβ1 including musk compounds, PFASs, and bisphenol A 

derivatives. The in vitro experiments confirmed four compounds as weak 

binders to THRβ1, i.e. 2,4,5-trichlorophenoxyacetic acid, bisphenol A (3-
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chloro-2-hydroxypropyl) (2,3-dihydroxypropyl) ether, 2,4,2',4'-

tetrahydroxybenzophenone, and 2,4-dichlorophenoxyacetic acid. (Paper III) 

4. We revealed the binding conformations of perfluorooctanesulfonic acid, 

perfluorooctanoic acid, and BP2 in the thyroxine binding sites (TBSs) of TTR 

by co-crystallizing TTR with the three compounds. A VS protocol was 

developed based on the TTR complex structures that predicted 192 industrial 

chemicals as potential binders to TTR. Seven novel TTR binders were 

confirmed by in vitro experiments including clonixin, 2,6-dinitro-p-cresol 

(DNPC), triclopyr, fluroxypyr, bisphenol S, picloram, and mesotrione. We 

further co-crystallized TTR with PBS, clonixin, DNPC, and triclopyr, and 

their complex structures showed that the compounds bind in the TBSs as 

proposed by the VS protocol. 

In summary, 13 indoor dust contaminants and industrial chemicals were 

identified as THDCs using a combination of in silico and in vitro approaches. 

To the best of our knowledge, none of these compounds has previously been 

reported to bind to TTR or THR. The identifications of these THDCs improve 

our understanding on the structure-activity relationships of THDCs. The 

crystal structures of TTR-THDC complexes and the information on THDC-

Target intermolecular interactions provide a better understanding on the 

mechanism-of-actions behind thyroid disruption. The dataset compiled and 

in silico methods developed serve as a basis for identification of more diverse 

THDCs in the future and a tool for guiding de novo design of safer 

replacements. 
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1. Introduction 

Thyroid hormone disrupting chemicals (THDCs) are environmental 

xenobiotics or their mixtures that interfere with the production, release, 

transport, action, metabolism, or elimination of thyroid hormone (TH) and 

might subsequently disrupt TH homeostasis and developmental processes in 

the body (Crofton et al., 2005). Exposure to THDCs poses a significant threat 

to human health and can induce disorders in important physiological 

processes, including macronutrient metabolism, energy balance, brain 

development, and reproduction (Murk et al., 2013). Prenatal 

hypothyroxinemia induced by THDCs can impair the development of the 

embryonic brain and can lead to neurologic deficits in later life such as 

visuo-spatial processing difficulties (Haddow et al., 1999) and reduced 

learning and memory (Gilbert et al., 2012). 

Transthyretin (TTR) and thyroid hormone receptor (THR) have been 

confirmed as two molecular targets for THDCs (Murk et al., 2013). TTR is 

the primary TH transporter in developing rodents (Lans et al., 1994), fish, 

birds, and amphibians (Schreiber 2002), and THDCs can disrupt TH 

transport by competitively binding to TTR (Purkey et al., 2004). TTR can 

also mediate delivery of THDCs across the placental and blood-brain barrier 

into the fetus and brain (Diamanti-Kandarakis et al., 2009; Meerts et al., 

2002). Most TTR in human plasma exists in the apo form because the 

concentration of tetrameric TTR in plasma (4–7 µM) (Ritchie et al., 1999a; 

Ritchie et al., 1999b) is significantly higher than that of thyroxine (T4) ( 

approximately 0.112 µM) (Hollowell et al., 2002). This allows low-affinity 

TTR-binders to bind to TTR without competition with T4 and to be delivered 

to vital organs, which might subsequently cause adverse health effects 

including developmental disorders (Porterfield 2000). THR-targeting 

contaminants such as bisphenol A and hydroxylated polybrominated 

diphenyl ethers (OH-PBDEs) have been shown to disrupt THR-mediated 

gene expression (Freitas et al., 2011; Moriyama et al., 2002; Zoeller 2007), 

which has been associated with underdevelopment of the brain in rats 

(Zoeller et al., 2005). It is thus critical to study THDCs that target TTR or 

THR so as to better understand the molecular interactions through which 

they exert their toxic effects (Boas et al., 2012). 

Computational toxicology is a useful tool for identification of potential 

hazard environmental contaminants and the early risk assessment of 

industrial chemicals. Compared with experimental testing, in silico methods 

are high throughput and cost-efficient. More importantly, these methods can 

reduce the use of animals, which follows the 3R principles of Replacement, 
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Reduction, and Refinement. In practice, in silico prediction results have 

been used, for example, to prioritize potential estrogen disruptors for further 

toxicological testing (Rabinowitz et al., 2008) and to identify compounds 

that induce narcotic effects in fish (von der Ohe et al., 2005). 

In this thesis, we developed virtual screening (VS) models aiming at the in 

silico identification of potential THDCs targeting TTR or THR among dust 

contaminants and industrial chemicals. Representative hits proposed by the 

VS protocols were selected for in vitro experimental validations. Interactions 

between the identified THDCs and the biological targets were further studied 

at the molecular level via MD simulations and co-crystallization. 

The major aims for each of the studies in the thesis were as follows: 

(1) To summarize the current state-of-knowledge of TTR-binding 

environmental contaminants and to analyze their chemical profiles. (Paper I) 

(2) To develop a ligand-based QSAR classification model for the 

identification of potential TTR-targeting THDCs from indoor dust 

contaminants and their in silico-predicted major metabolites. (Paper II) 

(3) To develop a structure-based VS protocol using ensemble docking and 

MM-GBSA rescoring for prioritizing potential THR disruptors among indoor 

dust contaminants. (Paper III) 

(4) To co-crystallize TTR in complex with THDCs and to develop a structure-

based VS protocol for the identification of potential TTR-targeting THDCs 

from industrial chemicals. (Paper IV) 
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2. Background 

2.1 The role of thyroid hormones in human health 

Both T4 and triiodothyronine (T3) are collectively referred to as THs. THs 

are evolutionarily conserved molecules and molecular signaling pathways 

regulated by THs affect development, energy balance, and metabolism in all 

vertebrates (Heyland and Moroz 2005). In humans, TH is important for 

normal development of the brain (Bernal 2007; Oerbeck et al. 2007), lungs 

(Bizzarro and Gross 2004; van Tuyl et al. 2004), heart (Danzi et al. 2005; 

Grover et al. 2005; Stoykov et al. 2006), and other vital organs. Likewise, the 

mechanisms by which THs exert their actions through nuclear receptors that 

influence gene expression is highly conserved across the vertebrates 

(Bertrand et al. 2004; Buchholz et al. 2006; Whitfield et al. 1999). The 

regulation of serum TH levels and of TH action in various tissues involves a 

complex interplay of physiological processes. 

TH homeostasis depends on the proper function of the entire TH system, 

including TH synthesis and storage in the thyroid gland, TH release and 

transport through the circulation, hypothalamic/pituitary control of TH 

synthesis, cellular TH transporters, and the metabolism and degradation of 

THs by hepatic enzymes. Given the key role of TH for normal development 

and physiological function in all vertebrates, it is important to identify 

environmental pollutants that might disrupt thyroid function and TH 

signaling and to evaluate their potential threats to human health (Brucker-

Davis 1998). 

2.2 Thyroid hormone disrupting chemicals (THDCs) 

Endocrine disrupting chemicals (EDCs) are environmental xenobiotics or 

their mixture that can disturb the normal functions and hemostasis of the 

endocrine system and potentially induce adverse health effects in the 

organism (Zoeller et al., 2012). EDCs can be categorized according to their 

mode of actions and targeting systems, including THDCs, estrogen 

disrupting chemicals, androgen disrupting chemicals, etc. 

Certain environmental pollutants are known as THDCS that can adversely 

impact the homeostasis of TH system, such as bromophenols and per- and 

polyfluoroalkyl substances (PFASs) (Lopez-Espinosa et al., 2012; Meerts et 

al., 2000; Weiss et al., 2009). Concerns over THDCs have increased because 

of the critical role that THs play during development, especially in the 

nervous system (Porterfield & Stein, 1994; Brucker-Davis, 1998; Zoeller & 
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Crofton, 2000; Morreale de Escobar et al., 2004; Zoeller & Tan, 2007). 

THDCs include a wide range of chemical structures that act through a variety 

of mechanisms, and a wide variety of environmental pollutants are known to 

affect the normal function of the TH system in experimental animals (Capen, 

1994; Brouwer et al., 1998; Brucker-Davis, 1998; DeVito et al., 1999). There 

is also evidence that xenobiotics disrupt thyroid hormone homeostasis in 

humans (Gaitan, 1990; Longnecker et al., 2003; Delange, 2005; Blount et al., 

2006; Steinmaus et al., 2007). However, the identification of THDCs is a 

laborious process due to the varieties of mechanisms by which THDCs can 

alter the normal functions of the TH system. THDCs may bind to THR and 

direct agonistic/antagonistic effects; they are also known to interfere with 

hormone synthesis, transport, and metabolism (Zoeller et al., 2012). 

Assessing the health risks of thyroid disruption by environmental pollutants 

requires an improved understanding of how the pollutants disrupt the 

specific targets or mechanisms in the TH system. 

2.3 Targets for thyroid hormone disrupting chemicals 

2.3.1 Transthyretin (TTR) 

TTR is a homotetrameric serum protein that is responsible for T4 transport 

in the circulation (Hornberg et al., 2000). TTR has been suggested to be a 

possible molecular target of THDCs, e.g. PFASs (Weiss et al., 2009) and 

hydroxylated polychlorinated biphenyls (OH-PCBs) (Cheek et al., 1999). 

THDCs can bind within the two T4 binding sites (TBSs) situated at the 

dimeric interfaces of TTR (Figure 1) (Eneqvist et al., 2004; Purkey et al., 

2004). The binding of THDCs to TTR can induce thyroid disruptions 

through the following two mechanisms. First, because TTR is the primary 

TH transporter in developing rodents (Lans et al., 1994), fish, birds, and 

amphibians (Schreiber 2002), THDCs can disrupt TTR-mediated TH 

transport by competitive binding to the TBSs, and this can subsequently lead 

to the disruption of TH homeostasis in these species. However, the in vivo 

consequences of such competition with T4 are difficult to determine because 

TTR knockout mice appear to exhibit no adverse effects during development 

(Palha et al., 2000; Schreiber, 2002), and pollutants screened in T4-TTR 

competitive binding assays are not tested for other TH-related targets, 

making it difficult to ascribe the adverse effects to disruption of T4 transport. 

Second, TTR can effectively transport THDCs across the placental and 

blood-brain barrier into the fetus and brain in humans (Diamanti-

Kandarakis et al., 2009; Kim et al., 2015; Meerts et al., 2002), which might 

subsequently cause adverse health effects, including developmental 

disorders (Boas et al., 2012; Porterfield 2000). Low-affinity TTR-binders are 

able to bind to TTR in vivo and be delivered to vital organs because the 
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concentration of tetrameric TTR in plasma (4–7 µM) (Ritchie et al., 1999a; 

Ritchie et al., 1999b) is significantly higher than that of T4 (0.112 µM) 

(Hollowell et al., 2002). 

 

Figure 1. The TTR monomers in the dimer structure are shown as ribbons 

and are labeled A and B. The symmetry-related monomers are labeled A’ and 

B’. Locations of the thyroxine binding sites (TBSs) are shown as gray 

surfaces. 

2.3.2 Thyroid hormone receptor (THR) 

 

Figure 2. The ligand binding domain of the THRβ1 isoform is shown in 

ribbons, and the location of the ligand binding site is shown as a gray 

surface. 
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THR, a member of the nuclear receptor family, consists of three conserved 

regions—a variable N-terminal domain, a DNA binding domain, and a C-

terminal ligand binding domain (Figure 2) (Harvey and Williams 2002). 

THR can be expressed in two isoforms—THRα and THRβ—and they often 

co-exist in different tissues. T3 binds to both isoforms with similar affinities 

(Chiellini et al., 1998). THR is located in the cell nucleus and commonly 

exists as a heterodimer by binding with the retinoid X receptor. THR has 

been reported to bind to xenobiotics, such as OH-PCBs, OH-PBDEs, 4-

hydroxybenzhydrazide, and 5-fluorouracil (Freitas et al., 2011; Freitas et al., 

2014a), and by binding to THR these compounds can directly alter THR-

mediated gene expression in target cells (Freitas et al., 2011). 

2.4 The use of in silico methods in hazard identification 

Based on the use of compound information or structural information of 

biological targets, in silico tools can be categorized as ligand-based methods, 

e.g. quantitative structure–activity relationship (QSAR) modeling, or as 

structure-based methods, e.g. molecular docking and molecular dynamics 

(MD). Structure-based methods can also give insights into ligand-target 

binding poses, which provide a better understanding of critical molecular 

interactions between hazardous compounds and their targets. 

2.4.1 Ligand-based in silico hazard identification 

Ligand-based VS utilizes the chemical features of reference compounds as 

input information to identify potentially bioactive ligands from large 

chemical library containing molecules with unknown activities. 

Pharmacophore modeling, QSAR modeling, and shape-based screening are 

the most commonly practiced ligand-based methods in the discovery of 

endocrine disrupting chemicals (Vuorinen et al., 2013).  

Pharmacophore models are developed by summarizing common chemical 

features (such as H-bond donors/acceptors and functional groups) from a 

set of reference ligands in their optimal ligand-target interactions 

conformations (Schneider et al., 1999). Pharmacophore modeling has been 

applied to the identification of xenobiotics disrupting corticosteroid 

homeostasis (Nashev et al., 2012). 

Shape-based screening is a rapid VS method to identify bioactive compounds 

with similarity in volumes or functional groups to the reference compounds 

(Hawkins et al., 2007). The method is developed based on the assumption 

that compounds sharing the same shape will bind to the same target and 

have similar potencies (Hawkins et al., 2007). 
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QSAR modeling searches the mathematical relationships between a response 

variable (biological activity) and a set of predictor variables (chemical 

descriptors or fingerprints) using regression or classification machine 

learning algorithms (Dudek et al., 2006). QSAR models can be based on 

continuous or binary activity data, where the latter can be used to classify 

chemicals in activity classes or as active and inactive. Classification models 

have been developed to predict biodegradability and narcotic effects in fish 

and to prioritize hits for further testing (Mansouri et al., 2013; Singh et al., 

2012; von der Ohe et al., 2005). In this thesis, we applied the QSAR 

modeling method for the identification of THDCs. 

2.4.2 Structure-based in silico hazard identification 

Molecular docking. Molecular docking is a computational modeling 

method that predicts the ligand-target complex structure and estimates the 

ligand binding affinity using a scoring function. The scoring functions 

estimate the ligand-receptor binding affinity using force field-based, 

empirical, and knowledge-based algorithms (Kitchen et al., 2004). Molecular 

docking has proven its competence by, for example, identifying hazardous 

compounds that bind to estrogen receptors and by revealing the molecular 

mechanisms through which industrial chemicals inhibit cytochrome P450 

(McRobb et al., 2014; Shimada et al., 2013). 

Molecular docking uses a semi-empirical scoring function to estimate the 

free energies of ligand-protein binding. This scoring approach combines 

classical force fields with empirical parameters and is able to rank candidate 

compounds quickly. The enthalpic contributions such as Lennard-Jones, 

electrostatic, and hydrogen bonding interactions are calculated using a 

molecular mechanics approach, while the solvation free energy and 

conformational entropy are estimated by empirical approaches in which the 

empirical parameters are obtained by fitting to known ligand-protein 

binding affinity data that have been experimentally determined. However, 

docking scores generally give poor estimations of the ligand binding free 

energy (ΔG) (Park et al., 2009; Warren et al., 2006) and are often found to 

not be correlated with the binding affinities of bioactive compounds. 

MD simulation. MD simulation is an in silico method to study the time-

dependent behaviors of a molecular system, such as structural fluctuation 

and conformational shift. MD simulations can identify detailed atomic-level 

interactions to explain macroscopic experimental observations. MD 

simulations are mainly performed for three applications (Hansson et al., 

2002): (1) studying the dynamics of a molecular system in solution on 

different timescales, (2) calculating the time-averaged molecular properties, 
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such as estimating the ligand binding free energy, and (3) exploring the 

conformational shift of a molecular system by exploring its free energy 

landscapes. In the studies of endocrine disruptors, the methodology has 

been applied to investigate interactions of OH-/MeO-PBDEs on the 

androgen receptor (Wang et al., 2013b). 

The molecular mechanics force field function is used to calculate the 

potential energy of a molecular system during MD simulations. It contains a 

functional form of the potential energy and a set of empirical parameters 

that are generally derived from experimental results or from quantum 

chemistry calculations (Wang et al., 2004). A typical example is the AMBER 

force field (Wang et al., 2004), where the potential energy term (V) can be 

calculated according to the following pair-additive formula: 

𝑽𝑨𝑴𝑩𝑬𝑹 = ∑ 𝒃𝒊(𝒓𝒊 − 𝒓𝒊,𝒆𝒒)
𝟐

𝒏𝒃𝒐𝒏𝒅𝒔

𝒊

+ ∑ 𝒂𝒊(𝜽𝒊 − 𝜽𝒊,𝒆𝒒)
𝟐

𝒏𝒂𝒏𝒈𝒍𝒆𝒔

𝒊

+ ∑ ∑ (
𝑽𝒊,𝒏
𝟐
) [𝟏 + 𝐜𝐨𝐬(𝒏∅𝒊 − 𝜸𝒊,𝒏)]

𝒏𝒊,𝒎𝒂𝒙

𝒏

𝒏𝒅𝒊𝒉𝒆𝒅𝒓𝒂𝒍𝒔

𝒊

+ ∑ (
𝑨𝒊𝒋

𝒓𝒊𝒋
𝟏𝟐 −

𝑩𝒊𝒋

𝒓𝒊𝒋
𝟔 )

𝒏𝒂𝒕𝒐𝒎𝒔

𝒊<𝒋

+ ∑
𝒒𝒊𝒒𝒋

𝟒𝝅𝜺𝟎𝒓𝒊𝒋

𝒏𝒂𝒕𝒐𝒎𝒔

𝒊<𝒋

 

The classical MD simulations contain several major algorithms for the 

different stages. Prior to MD simulations, energy minimization methods, 

such as steepest descent and conjugate gradient are applied to remove poor 

interactions between atoms in the system. The integration algorithm updates 

the positions (r) and velocities (υ) of the particles in the system. The leap-

frog algorithm shown below is the most commonly used integration 

algorithm. 

𝒗 (𝒕 +
𝟏

𝟐
∆𝒕) = 𝒗 (𝒕 −

𝟏

𝟐
∆𝒕) +

∆𝒕

𝒎
𝑭(𝒕); 𝒓(𝒕 + 𝜟𝒕) = 𝒓(𝒕) + ∆𝒕𝒗(𝒕 +

𝟏

𝟐
∆𝒕) 

Thermostats (e.g., Berendsen, Andersen, and Nosé-Hoover) and barostats  

(e.g., Berendsen and Parrinello-Rahman) are used to sustain the 

temperature and pressure of the system, respectively. Finally, constraint 

algorithms, e.g., SHAKE, constrain the fluctuations of any bond involving 

hydrogen atoms. 

MM-GBSA. Solvent environment is essential for in silico studies of the 

dynamics and functions of macromolecules. In MD simulations, solvent 

(water) effects can be represented by using either explicit solvent models 

with microscopic details of the water molecules (such as, SPC and TIP3P) or 

implicit solvent models based on continuum electrostatic methods (such as, 

generalized Born and Poisson-Boltzmann equations). 
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MM-GBSA is a popular method for estimating the free energy of ligand 

binding to macromolecule developed by Kollman et al (Srinivasan et al., 

1998). The method combines classical molecular mechanics with implicit 

solvent models based on generalized Born and surface area solvation. 

Compared with more accurate alchemical methods (such as free energy 

perturbation), MM-GBSA method reduces compuational cost and increases 

the throughput of virtual screening models. It has been widely applied for 

identification of lead compounds in pharmaceutical industry (Lyne et al., 

2006). 

In MM-GBSA method, the ligand binding free energy can be decomposed as 

follows: 

∆𝐺𝑏𝑖𝑛𝑑 = ∆𝐻 − 𝑇∆𝑆 ≈ ∆𝐸𝑀𝑀 + ∆𝐺𝑆𝑜𝑙 − 𝑇∆𝑆 

ΔEMM is the changes of the gas phase molecular mechanics energy, which 

consists of the internal energy (ΔEInternal), electrostatic (ΔEElectro) and van der 

Waals (ΔEvdW) terms 

∆𝐸𝑀𝑀 = ∆𝐸𝐼𝑛𝑡𝑒𝑟𝑛𝑎𝑙 + ∆𝐸𝐸𝑙𝑒𝑐𝑡𝑟𝑜 + ∆𝐸𝑣𝑑𝑊  

The solvation free energy (ΔGSol) is composed of the polar (ΔGGB) and non-

polar (ΔGSASA) contributions.  

∆𝐺𝑆𝑜𝑙 = ∆𝐺𝐺𝐵 + ∆𝐺𝑆𝐴𝑆𝐴 

The electrostatic contributions (ΔGGB) are calculated as: 

∆𝐺𝐺𝐵 = −
1

2
(1 −

1

𝜀
)∑

𝑞𝑖𝑞𝑗

√𝑟𝑖𝑗
2 + 𝑅𝑖𝑅𝑗exp(−𝛾

𝑟𝑖𝑗
2

𝑅𝑖𝑅𝑗
)

𝑖,𝑗

 

Where is ε the dielectric constant of solvent, qi is partial charge of particle i, 

rij is the interparticle distance, Ri is the Born radius of atom i, and γ is an 

empirical constant.  
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3. Materials and Methods 

3.1 Compound datasets 

Compound-TTR binding potency dataset. This dataset was compiled 

to include organic compounds that had previously been tested in in vitro 

assays measuring their TTR-binding potency (Table S1 of Paper I). The 

literature was collected via ScienceDirect and PubMed. The dataset was 

limited to include compounds reported to have a direct interaction with TTR 

using methods such as competitive binding assays and surface plasmon 

resonance. 

Indoor dust contaminant dataset. The indoor dust contaminant dataset 

was compiled based on the dataset presented by Mercier et al. (Mercier et al., 

2011). The dataset additionally included contaminants reported in PubMed 

and ScienceDirect from Jan 1, 2010, to Oct 30, 2014. The dataset contains 

485 dust contaminants (Table S2 of Paper II.), which is over 200 more than 

the number reported previously by Mercier et al. 

Dust contaminant metabolite dataset. The potential major metabolite 

of each dust contaminant was predicted by MetaSite v4.1 under the ‘Liver’ 

setting. The software first proposed the all-possible Phase I metabolites 

mediated by CYP2C9, CYP2D6, and CYP3A4, and then it retrieved the 

metabolite with the highest likelihood for tissue accumulation. (Cruciani et 

al., 2005) The dataset contains 433 major metabolites (Table S3 of Paper II). 

Industrial compound dataset (Tox21). The Tox21 dataset (US-NRC 

2007) was used to represent industrial compounds that could pose potential 

threats to human health. The dataset contains 7,849 unique industrial 

compounds and pharmaceuticals (Tice et al., 2013). 

Benchmarking sets. Two benchmarking sets were used for the 

development and evaluation of the structure-based VS protocols. 

(1) Benchmarking set for the THR VS Model. The THR subset in the 

Database of Useful Decoys: Enhanced (DUD-E) (Mysinger et al., 2012) 

contains 103 THR binders and 7450 in silico-generated decoys. This subset 

was used as the benchmarking set for developing and evaluating the VS 

model that was used to identify and prioritize potential THR-targeting 

THDCs among dust contaminants (Paper III). 
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(2) Benchmarking set for the TTR VS model. The TTR benchmarking 

set used in Paper IV contains 155 TTR binders and 10197 decoys generated 

by the DUD-E server (Table S3 of Paper IV) (Mysinger et al., 2012). The TTR 

binders were collected from the scientific literature and public databases 

(Bento et al., 2014; Liu et al., 2007) with an activity cutoff of Ki or IC50 ≤100 

μM as suggested by the US EPA in the studies of THDCs (Freitas et al., 

2014b) and estrogen disruptors (Browne et al., 2015; Rabinowitz et al., 

2009) and that was used in the Tox21 Challenge in silico model-development 

contest (Huang et al., 2016). 

3.2 Ligand-based virtual screening 

The calculation and selection of descriptors. We calculated 188 2D 

descriptors for the compounds in the three datasets (the compound-TTR 

binding potency dataset, the indoor dust contaminant dataset, and the 

indoor dust contaminant metabolite dataset) with the MOE software (MOE 

2015). A set of 14 chemical descriptors was selected using the Mutual 

Information-Differential Shannon Entropy (MI-DSE) method (Wassermann 

et al., 2010) to develop the classification model. 

Modeling algorithms and performance assessment. The k nearest 

neighbor (kNN), partial least squares-discriminant analysis (PLS-DA), and 

support vector machines (LIB-SVM) algorithms were used with 80% of all of 

the compounds to build three different QSAR classification models for 

classifying compounds as TTR binders or non-binders. The remaining 20% 

of the compounds were used as external validations for the models. The 

model performance was compared in terms of the correct classification rate, 

specificity, and sensitivity of the validation set. The model with the highest 

performance was used for identifying potential TTR-targeting THDCs among 

dust contaminants. 

3.3 Structure-based virtual screening 

Water molecules in crystal structures. Because water molecules can 

mediate interactions between protein residues and ligands by forming 

hydrogen bonds with them, their presence can improve VS performance (Li 

et al., 2010; Osterberg et al., 2002; Verdonk et al., 2005). However, they can 

also hinder the identification of ligands by blocking direct interactions with 

proteins (Bortolato et al., 2013). In the present work, both possibilities were 

considered by either including (PDB ID with “-W”) or excluding (PDB ID 

with “-nW”) explicit waters in any X-ray structure with identified 

crystallographic waters in its ligand binding site. The structures of these 

complexes were then used in the development of the VS protocol.  
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Molecular docking of THDCs into crystal structures of ligand-

THRβ1 and ligand-TTR complex. Crystallographic structures of ligand-

THRβ1 and ligand-TTR complex structures provided the coordinates that 

were used to describe the ligand binding sites. The complex structures were 

prepared in the OPLS2005 force field using the Protein Preparation Wizard 

of the Schrödinger Suite (Schrödinger 2015b). The prepared compounds in 

the ligand sets were docked individually into each structure under the 

standard precision scoring function of the Schrödinger Glide module 

(Schrödinger 2015a). The results of molecular docking were assessed by 

determining the area under the curve (AUC) value of the receiver operating 

characteristic curve and the enrichment factors (Huang et al., 2006). 

MM-GBSA rescoring. We applied the MM-GBSA method in the 

Schrödinger Prime module (Li et al., 2011) for further improving the VS 

performance of the molecular docking. During the calculation, the energy 

minimizations were performed with the generalized Born (GB) solvation 

model by allowing the conformation of the ligand in the docking pose to 

relax while the rest of the complex was held rigid. The MM-GBSA scores 

were determined for the optimized poses. The results of the MM-GBSA 

rescoring were also assessed by the number of identified active compounds, 

AUC values, and enrichment factors. 

Ligand-protein interaction analysis. To refine the initial hits proposed 

by molecular docking, we performed the ligand-protein interactions analysis 

by counting the number of electrostatic or/and hydrophobic interactions 

between each ligand and the residues (including waters) in the ligand 

binding sites. The numbers of interactions together with the score functions 

were used to refine the initial hits and to prioritize the bioactive compounds 

for in vitro validations. 

3.4 Molecular dynamics (MD) simulations 

MD simulations of ligand-THRβ1 and ligand-TTR complex 

structures. MD simulations were used to examine the stability of ligand-

protein binding poses and to investigate the molecular interactions of the 

complexes. The complex systems for MD simulations were prepared based 

on the ligand-protein binding poses determined by crystallography or 

proposed by molecular docking. The MD simulations of each prepared 

system were performed with the following three steps: 1) each system was 

energy minimized to remove poor atom contacts, 2) the system was 

gradually heated up to 310K and then equilibrated under isobaric and 

isothermal conditions, and 3) production MD was performed under isobaric 

and isothermal conditions. 
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MM-GBSA binding free energy calculations. We calculated the 

binding free energies of ligand-protein interactions using the MM-GBSA 

method in AmberTools 15 (Case et al., 2015) based on the selected MD 

trajectory. The contributions of each residue in the binding site to the ligand 

binding were revealed by decomposing the binding free energy onto these 

residues using the pairwise decomposition method. The residues that 

contributed the most to the enthalpic binding free energy of each coligand 

were considered to be important for ligand-protein interactions. The entropy 

contributions were neglected due to the high computational cost and low 

prediction accuracy (Hou et al., 2011). The important residues were used to 

refine the initial hits proposed by molecular docking. 

3.5 In vitro validation methods 

Isothermal Titration Calorimetry (ITC) measurement of the 

binding affinities of THDCs to TTR or THRβ1. The binding affinities 

of selected compounds to THRβ1-LBD or TTR were measured using an Auto-

iTC200 (MicroCal, Malvern, UK) at 25 °C. The experiments were performed 

in the department of medical chemistry, Umeå University. We prepared 

stock solutions of the compounds in DMSO, and the stock solutions were 

diluted with ITC buffer immediately prior to the experiments. The 

experiments were conducted by titrating aliquots of each compound into the 

protein buffer solution to reach a 10-fold molar excess. For the control 

experiment, the compounds were titrated into the cell with only buffer. Raw 

data were collected, subtracted for compound heats of dilution, and 

processed using the MicroCal Origin software. Calorimetric data were 

plotted and fitted using the single-site binding model to yield the binding 

affinities (Kd), enthalpy changes, and entropy changes. 

Radioligand TTR binding assay. The binding potencies of selected dust 

contaminants to human TTR were measured in a competitive radiolabeled 

ligand binding assay. The experiments were performed at IVM, VU 

Amsterdam following a previously established protocol (Lans et al., 1993). 

The stock solutions of these compounds were dissolved in DMSO, and all 

stock solutions were diluted to the experimental concentrations immediately 

before the experiment. Dose-response curves were least-squares fitted using 

the nonlinear regression model (Hill equation) in GraphPad (version 5.02), 

yielding 50% inhibition concentrations. 

3.6 Crystallization of ligand-TTR complexes  

Human wild-type TTR was purified and crystallized in complex with 

environmental contaminants following the procedures described previously 
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(Johnson et al., 2009; Lindhagen-Persson et al., 2008). The experiments 

were performed by Prof. A. Elisabeth Sauer-Eriksson’s group at the 

department of chemistry, Umeå University. The X-ray diffraction data were 

collected at the European Synchrotron Radiation Facility (Grenoble, France). 

The prepared and processed structures of the TTR complexes have been 

deposited with the Protein Data Bank. 
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4. Results and Discussions 

4.1 Compound-TTR binding potency dataset (Paper I) 

Here we summarized the TTR-binding potencies of a large variety of 

environmental contaminants. Their structural features were visualized in a 

Venn diagram, and their chemical profiles were analyzed with principal 

component analysis (PCA). 

Compound-TTR binding potency dataset. The compound-TTR binding 

potency dataset contains 250 compounds that were tested for their binding 

affinity for TTR. The compositions and characteristics of the 250 compounds 

are illustrated in a Venn diagram (Figure 3). Among them, 198 compounds 

are halogenated (79%); 195 contain at least one aromatic ring (78%); 106 are 

hydroxylated (42%); 88 are aromatic, halogenated, and hydroxylated (35%); 

and 15 (6%) of the compounds lack any of the three main characteristics 

above.  

 

Figure 3. The Venn diagram showing the compositions of the compound-

TTR binding potency dataset.  

PCA of the TTR-binding environmental contaminants. A PCA was 

applied to study the chemical variations of the 220 compounds that were 

tested for binding to human TTR. Four significant principal components 

(PCs) could explain 85% of the chemical variation, of which the first two PCs 

explained 64% of the variation. From the PCA plot (Figure 4), the majority of 

the active compounds are clustered (the left dashed oval), and these 

compounds share common structural features such as aromatic rings, 

halogens, and hydroxyl groups. The PCA also clearly illustrates the 

distinctive chemical profiles of the PFASs (the right cycle) in relation to the 
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majority of the active compounds, which indicates unique structure-activity 

relationships. Also noteworthy is the unique chemical profile of T4. 

 

Figure 4. PCA score plot showing principal component 1 (PC1) versus PC2. 

4.2 Identifying TTR-targeting THDCs from dust 
contaminants (Paper II) 

In this study, we developed QSAR classification models using the kNN, LIB-

SVM, and PLS-DA algorithms to discriminate TTR-binders from non-

binders. Considering its high performance in both internal and external 

validations, the kNN model was selected and applied to identify new TTR-

targeting THDCs from an in-house dataset including 485 dust contaminants 

and their 433 in silico-derived metabolites. According to the prediction 

results, 11 predicted binders and 12 predicted non-binders among the dust 

contaminants were tested in a radiolabeled T4-TTR competitive binding 

assay. 

Indoor dust dataset. In total, 485 organic compounds have been reported 

to be present in indoor dust, and this number has increased by 263 

compounds since the review by Mercier et al. (Mercier et al., 2011). Among 

the dust contaminants, the largest groups are polychlorinated dioxins and 

dibenzofurans together with some of their brominated analogues 

(PXDD/Fs), and polychlorinated naphthalenes (PCNs) (Figure 5). However, 

these compounds contain many congeners that were detected at low levels in 

dust samples from Japan (Suzuki et al., 2010). Significant shares of the 

contaminants are composed of biocides (11%), PCBs (10%), flame retardants 

(10%), PFASs (9%), and phenols (6%). The bar chart (Figure 5) also shows 

that an increasing number of studies have identified emerging industrial 

compounds in indoor dust in recent years, including organic UV filters, 

organophosphates, parabens, and phthalates. 
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Figure 5. The chemical composition of indoor dust contaminants (in 

percentages). 

Dust metabolites dataset. Major metabolites of 433 dust contaminants 

were proposed by MetaSite, and the rest of the dust contaminants were 

predicted to be resistant to Phase I metabolism. The prediction outcomes for 

three contaminants were compared to the results of previous experimental 

investigations, and the software correctly predicted the major metabolites of 

PCB 153 and PBDE 99 to be 3-OH-PCB 153 and 5′-OH-PBDE 99, 

respectively (Erratico et al., 2012; Norback et al., 1981). In contrast, the most 

abundant metabolite of PBDE 47 in rat liver microsomes is 3-OH-PBDE 47 

(Hamers et al., 2008), whereas MetaSite predicted its major metabolite in 

humans to be 5-OH-PBDE47. This difference might be due to variation in 

metabolism between the two species. 

QSAR classification model. The QSAR classification models using the 

kNN, LIB-SVM, and PLS-DA algorithms were built based on a training set of 

178 compounds described with 14 selected descriptors. The kNN (k = 4) 

model showed the best performance in both internal and external 

validations. The kNN model was therefore used to predict the activity classes 

for the dust contaminants and their in silico-derived metabolites. 

Among the 485 dust contaminants, the kNN model predicted 37 compounds 

as TTR binders, and these mainly belonged to UV filters, PFASs, and 

biocides. Among the predicted TTR-binders, 11 compounds were tested 

previously and 10 were found to be true positives. Among the predicted non-

binders, 69 were tested previously and only 3 were false negatives. 
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Among the 433 potential metabolites, 230 were classified as potential TTR-

binders. The percentage of binders in the metabolites dataset was 53.1%, 

whereas that in the parent dataset was only 7.6%. This indicates the 

profound impact of metabolism on TTR interactions. The increase in the 

proportion of predicted binders was primarily due to bioactivation of the 

halogenated aromatic compounds that dominate the dust contaminant 

dataset. During metabolic processing, these compounds are prone to 

hydroxylation of their aromatic rings, which is known to favor TTR binding 

(Hamers et al., 2008; Ucan-Marin et al., 2009). 

TTR binding assay. We selected 23 parent dust contaminants (11 

predicted binders and 12 predicted non-binders) for testing in the 

radiolabeled binding assay. According to the assay results (Figure 6), 4 out of 

11 predicted binders exhibited strong TTR interactions (IC50 ≤10 µM), 

including perfluoroheptanesulfonic acid, 2,4,2',4'-

tetrahydroxybenzophenone, 2,4,5-trichlorophenoxyacetic acid, and 3,5,6-

trichloro-2-pyridinol. However, perfluorodecylphosphonic acid was 

predicted as a TTR-binder but instead showed weak binding potency, which 

might be due to its long fluorinated tail that makes it more difficult to fit into 

the TBS. All 12 predicted non-binders showed no or weak TTR binding 

potency (IC50 > 10 µM). However, the three parabens in this group should be 

further investigated considering their usage as preservatives in food and 

personal care products (European-Commission 1995). 

 

Figure 6. Dose-response curves for the binding of selected ligands to 

transthyretin (TTR). Thyroxine (T4) was used as the positive control, and the 

remaining compounds are abbreviated according to Table 1. 
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Table 1. Classification of selected compounds as competitive binders or non-

binders from the k Nearest Neighbor model and experimentally determined 

IC50 values. 

Chemical Prediction IC50 (μM) 

Thyroxine (T4) - 0.090 

Perfluoroheptanesulfonic acid (PFHpS) Binder 0.64 

2,4,2',4'-Tetrahydroxybenzophenone (BP2) Binder 0.62 

2,4,5-Trichlorophenoxyacetic acid (2,4,5-T) Binder 10 

3,5,6-Trichloro-2-pyridinol (3,5,6-TC2P) Binder 2.9 

Perfluorodecylphosphonic acid (C10-PFPA) Binder 23 

Ethyl paraben (EP) Non-Binder 138 

Propyl paraben (PP) Non-Binder 19 

Butyl paraben (BP) Non-Binder 43 

4.3 Identifying THRβ1 disruptors from dust contaminants 
(Paper III) 

In this study, we developed a robust VS protocol to identify and prioritize 

potential THRβ1-targeting THDCs from the in-house indoor dust 

contaminant dataset. Representative predicted binders were selected and 

tested in vitro by ITC. MD simulations were performed to further study the 

molecular interactions of the confirmed THRβ1 binders. 

Virtual screening of dust contaminants. A VS protocol was developed 

based on an ensemble structural model with four structures (i.e., 1N46-nW, 

1Q4X-nW, 1R6G-nW, and 1XZX-nW) using molecular docking and MM-

GBSA rescoring methods. In silico identification of THRβ1 binders was 

achieved in two steps. First, the VS protocol was applied to the dust 

contaminant dataset (Zhang et al., 2015), and a total of 131 compounds (the 

top 20% hits) were predicted as initial hits. Second, ligand-THRβ1 

interactions were analyzed for the seven representative ligand-THRβ1 crystal 

structures. We identified four hydrophilic residues in the ligand binding 

site—Arg282, Arg320, Asn331, and His435—that are critical for hydrogen 

bonds and/or salt bridge interactions with the bound ligands. Ligands that 

interact with the residues are more likely to be specific binders to THRβ1 (Ye 

et al., 2003). We refined the 131 initial hits by analyzing their electrostatic 

interactions with the four residues and 31 contaminants (refined hits) that 

showed at least one electrostatic interaction with any of these four residues. 

Measuring binding affinities of THDCs to THRβ1. Based on the VS 

results, six dust contaminants (five predicted binders and one predicted non-

binder) (Table 2) were selected for measurement of binding affinities to 
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THRβ1 by ITC. These represent different chemical structures and 

applications and are environmentally relevant contaminants. The derived 

ITC thermograms (Figure 7) clearly show that four out of the five predicted 

THDCs bound to the THRβ1 LBD with Kd values between 60 μM and 463 μM 

(Table 2), which can be compared with a typical hit rate of around 40% for 

commonly used VS protocols (Schneider 2010; Zhu et al., 2013). The results 

also revealed the lack of response for triclosan (the predicted non-binder), 

suggesting that the developed VS protocol can distinguish binders from non-

binders.  

Table 2. Studied compounds with abbreviations, predictions from the virtual 

screening protocol, and binding affinities (Kd) determined using isothermal 

titration calorimetry. 
Compounds (abbreviations) Prediction Kd (μM) 
Triiodothyronine (T3) - 1.6 
2,4,5-Trichlorophenoxyacetic acid (2,4,5-T) Active 60 
Bisphenol A (3-chloro-2-hydroxypropyl) 
(2,3-dihydroxypropyl) ether 
(BADGE-HCl-H2O) 

Active 87.5 

2,2',4,4'-Tetrahydroxybenzophenone (BP2) Active 200 
2,4-Dichlorophenoxyacetic acid (2,4-D) Active 463 
1-((2,4-Dichlorophenyl)carbamoyl) 
cyclopropanecarboxylic acid 
(Cyclanilide) 

Active ND 

5-Chloro-2-(2,4-dichlorophenoxy)phenol 
(Triclosan) 

Inactive ND 

aND refers to non-detected affinity. bThe binding affinity of BADGE-HCl-

H2O was only an approximate value, probably due to poor solubility in the 

ITC buffer.  
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Figure 7. Structures of active compounds and thermograms of their binding 

to THRβ1 determined by isothermal titration calorimetry. The abbreviations 

of the compounds are given in Table 2. 

MD simulations of ligand-THRβ1 complexes. Three confirmed 

binders (2,4,5-T, BADGE-HCl-H2O, and BP2) were selected for MD 

simulations (Figure 8). All three compounds were stably bound near their 

corresponding predicted poses during the entire simulations. The MD-

averaged structure of 2,4,5-T was nearly identical to its predicted pose 

(Figure 8B), which might be due to three interactions. First, its carboxyl 

group formed salt-bridged interactions with Arg282 and Arg316 (Martinez et 

al., 2009). Second, chlorine atoms on the phenoxy-group formed 

hydrophobic contacts with Ile275, Ala279, Met310, and Asn331. Third, a 

chlorine atom formed a hydrogen-bond like interaction with Ser314. The 

extra hydrophobic interactions allow 2,4,5-T to bind to THRβ1 with a better 

affinity than 2,4-D. For BP2 and BADGE-HCl-H2O, the MD simulations 

showed ligand orientations that were slightly displaced, which might be 

caused by rotations around the two bonds at the central carbon atom. 

Nevertheless, the two ligands still bound within the pocket, likely stabilized 

by hydrophobic interactions between the two benzyl groups and the 

hydrophobic residues. 
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Figure 8. Comparison of docking poses (gray) and MD-averaged poses 

(colored) of potential THR disrupters: (B) 2,4,5-T, (C) BP2, and (D) BADGE-

HCl-H2O. 

4.4 Identifying TTR-targeting THDCs from industrial 
chemicals (Paper IV) 

In this study, we first determined the binding conformations of PFOS, PFOA, 

and BP2 in the TBS of TTR and analyzed their molecular interactions via MD 

simulations. A VS protocol for identifying TTR binders from industrial 

compounds was developed based on the novel TTR complex structures and 

the information on molecular interactions. Selected predicted TTR-binders 

were tested in vitro using ITC. Several confirmed binders were further co-

crystallized with TTR. 

Crystal structures of the TTR-THDC complexes. We co-crystallized 

human TTR in complex with PFOA, PFOS, and BP2 and determined their 

structures at 1.2–1.4 Å resolution. The structures showed that all three 

ligands bind at the deep end of the TBS (Figure 9). TTR complex structures 

with PFOA and PFOS revealed that the two ligands bind with their 

hydrophobic tail inside the pocket and their hydrophilic acid groups exposed 

on the surface, which is different from our previous assumption (Zhang et 

al., 2015). BP2 interacts with TTR by forming hydrogen bonds with Ser117 

and Thr119. Interactions between the aromatic rings of BP2 and TTR involve 

van der Waal contacts with the side chain of Leu17. 
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Figure 9. (A) The TTR monomers in the dimer structure are shown as 

ribbons and are labeled A and B. The symmetry-related monomers are 

labeled A  ́and B .́ Locations of the thyroxine binding sites (TBSs) are shown 

as gray surfaces. (B) Close-up view of the crystallographic binding 

conformations of (a) BP2, (b) PFOA, and (c) PFOS in the TBS. 

MD simulations for ligand-TTR interaction studies. We investigated 

the molecular interactions between TTR and THDCs by performing MD 

simulations on the TTR complex structures with BP2, and PFOA (Paper IV), 

and TBBPA (Iakovleva et al., 2016). All three ligands remained bound in the 

TBS, and the root-mean-squared-deviation (RMSD) of the protein and 

ligands was under 2 Å throughout the simulations. 

The ligand-TTR binding free energies were calculated using the MM-GBSA 

method based on the last 10 ns of the MD trajectory and further decomposed 

to reveal five residues of significance for the ligand-TTR interactions in each 

of the three complex structures (Table S2 of Paper IV). Two types of ligand-

TTR interactions were revealed. The first were electrostatic interactions with 

the polar residues B-Thr119, B-Ser117, B’-Ser117, B-Lys15, and B’-Lys15, and 

the second were hydrophobic interactions with the non-polar residues B-

Leu110, B-Leu17, B’-Leu17, and B-Ala108. The electrostatic interactions 
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account for specific ligand-TTR recognition and a large proportion of the 

binding free energies (Alhamadsheh et al., 2011; Trivella et al., 2012; 

Yokoyama et al., 2014), whereas the hydrophobic interactions are less 

significant for ligand binding. The results also revealed that the three ligands 

interact with residues deeper in the TBS, such as Ser117, whereas T4 

interacts with residues at the opening of the TBS, such as Glu54 (Wojtczak et 

al., 1996). Information on the molecular interactions with the identified 

residues (Table S2 of Paper IV) was used to better understand the ligand-

TTR interactions and to refine potential TTR binders for better prioritizing 

of bioactive compounds. 

Virtual screening of industrial compounds. The docking model based 

on the TTR-TBBPA structure was used as the basis for screening the 

industrial compounds in the Tox21 inventory due to its high VS performance 

and the specific binding of TBBPA to TTR in the presence of human plasma 

(Iakovleva et al., 2016). We applied a two-step procedure to identify and 

prioritize potential TTR binders from the Tox21 inventory. In the first step, 

compounds were docked into the TTR-TBBPA structure followed by ranking 

based on their standard precision docking scores. The top 20% scored 

compounds covering 1,282 hits were considered as initial hits for TTR, and 

these were extracted for further analysis. In the second step, the initial hits 

were further refined by selecting those that showed at least three 

electrostatic interactions with the identified polar residues (including W188) 

and at least two hydrophobic interactions with the non-polar residues. The 

criteria were based on the interactions between TTR and TBBPA, which 

binds to TTR with a Kd of 20 nM (Iakovleva et al., 2016). The electrostatic 

interactions have been suggested to be critical for specific recognition of TTR 

(Alhamadsheh et al., 2011; Trivella et al., 2012; Yokoyama et al., 2014). A 

total of 192 substances among the top 20% scored compounds also fulfilled 

the molecular interaction criteria (Table S5 of Paper IV) and thus were 

predicted to be potential TTR binders by the VS protocol. Eleven known TTR 

binders were identified (Table S6 of Paper IV), including five 

pharmaceuticals (including diflunisal and aceclofenac) (Iakovleva et al., 

2015), two flame retardants (TBBPA and tetrachlorobisphenol A), one 

herbicide (2,4,5-trichlorophenoxyacetic acid (2,4,5-T)) (Zhang et al., 2015), 

one UV filter (BP2), and one T4 derivative (3,3 ,́5,5 -́tetraiodothyroacetic 

acid) (Muziol et al., 2001). Identification of these compounds indicates that 

the VS protocol is capable of prioritizing potential TTR binders. 

Binding affinities of selected compounds. We selected twelve 

representative predicted binders (Table 3) for in vitro validation based on 

their various applications, structural diversity, and environmental relevance. 

We fitted the thermodynamic profiles using a single-site mode because 
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although TTR allows two ligands to bind in the TBSs, binding of the first 

ligand dominates the total binding energy and its affinity is 100 times greater 

than the second (Cheng et al., 1977; Ferguson et al., 1975). The ITC 

thermograms (Figure 10) showed that seven compounds bound to TTR with 

Kd values below 100 μM (Table 3) indicating that our VS protocol gave 

comparable hit rates to the commonly used VS protocols (Schneider 2010; 

Zhu et al., 2013). 

Table 3. Studied compounds with abbreviations and binding affinities (Kd) 

determined using isothermal titration calorimetry. 

Compounds (abbreviations) Kd (μM)a 

Thyroxine (T4) 0.09b 

2-Nitro-5-(2-chloro-4-trifluoromethylphenoxy)benzoic acid 
(Acifluorfen) 

ND 

2,2'-Dihydroxy-4,4'-dimethoxybenzophenone (BP6) ND 

4,4'-Dihydroxydiphenyl sulfone (BPS) 52 

2-(3-Chloro-2-methylanilino)pyridine-3-carboxylic acid 
(Clonixin) 

0.26 

2,6-Dinitro-p-cresol (DNPC) 1.3 

Diphenolic acid (DPA) ND 

2-[(4-Amino-3,5-dichloro-6-fluoro-2-pyridinyl)oxy]acetic acid 
(Fluroxypyr) 

45 

L-γ-Glutamyl-p-nitroanilide (GPNA) ND 

2-[4-(Methylsulfonyl)-2-nitrobenzoyl]-1,3-cyclohexanedione 
(Mesotrione) 

99 

3,5,6-Trichloro-4-aminopicolinic acid (Picloram) 63 

1-(4-Sulfophenyl)-3-carboxy-5-pyrazolone (PyT) ND 

3,5,6-Trichloro-2-pyridinyloxyacetic acid (Triclopyr) 4.6 

aND refers to non-detected affinity. bThe binding affinity of T4 is only an 

approximate value due to its thermal instability and poor solubility in the 

isothermal titration calorimetry buffer. 
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Figure 10. Structures of active compounds and thermograms of their binding 

to TTR as determined by isothermal titration calorimetry. The abbreviations 

of the compounds are given in Table 3. 

Co-crystal structures of TTR and hits identified. Four confirmed TTR 

binders (clonixin, DNPC, triclopyr, and BPS) were selected for co-

crystallization with human TTR. The crystal structures were determined at 

1.5–1.6Å resolution. As predicted by molecular docking, all four compounds 

were shown to bind within the TBSs of TTR (Figure 11). Most interestingly, 

DNPC presented different binding conformations in the two TBSs. In the 

TBS at the AA’ interface, two DNPC molecules bind within the TBS 

simultaneously. One DNPC interacts with Ser117, whereas the other DNPC 

interacts with Lys15. In the TBS at the BB’ interface, DNPC binds in two 

alternative orientations. However, both molecules cannot bind 

simultaneously because their binding poses overlap (Figure 11). The unique 

conformations of DNPC provide better knowledge on interactions between 

TTR and nitro compounds, which provides guidance for molecular design 

and risk assessment. 
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Figure 11. Crystallographic binding conformations of the selected active 

compounds and T4 in the thyroid-binding site of TTR; (a) clonixin, (b) 

DNPC (in the AA’ interface), (c) DNPC (in the BB’ interface), (d) triclopyr, 

(e) T4 (PDB ID: 2ROX, for comparison), and (f) BPS. 
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5. Summary and Future perspectives 

In this thesis, we developed VS models for identifying potential TTR- or 

THR-targeting THDCs among indoor dust contaminants and industrial 

compounds. After in vitro validation, 13 hazardous compounds were 

confirmed as novel THDCs (Figure 12). To the best of our knowledge, none 

of these contaminants has previously been reported to bind to TTR or THR. 

We also studied the molecular interactions between these THDCs and their 

targets via molecular docking and MD simulations. The identified THDCs 

and information on their molecular interactions provide solid data for a 

better understanding on the structure-activity relationships of THDCs and 

the mechanisms behind thyroid disruption. 

Pros and Cons for each modeling method.  We have been employing 

mainly three modeling methods including QSAR modeling, molecular 

docking, and MD simulations with MM-GBSA for in silico identification of 

THDCs. The strengths and weaknesses of these methods are discussed 

below. 

QSAR modeling is an efficient method that searches for the relationships 

between structure-related features of chemicals and their biological activity. 

The method was used to identify TTR-targeting THDCs from 485 dust 

contaminants and their 433 in silico-derived metabolites (Paper II). The 

QSAR model was able to identify four contaminants—BP2, 3,5,6-TC2P, 

2,4,5-T, and PFHpS—as novel TTR-binders (Paper II). The method has two 

obvious shortcomings (Maggiora 2006): 1. the applicability domain of the 

QSAR model is always limited by the diversity of input chemicals. 2. It may 

be difficult to interpret the relations between structural features of 

importance and the biological activity. 

Molecular docking predicts the binding mode of a ligand at a biological 

target and estimates the ligand-target binding affinity using a scoring 

function (Schneider 2010). The method was successfully applied in Paper III 

to identify four dust contaminants (2,4,5-T, BADGE-HCl-H2O, BP2, and 2,4-

D) as weak THRβ1 binders and in Paper IV to identify seven industrial 

chemicals (clonixin, DNPC, triclopyr, fluroxypyr, BPS, picloram, and 

mesotrione) as TTR binders. Compared with QSAR modeling, molecular 

docking is able to propose and visualize the potential ligand-target complex 

and to indicate possible molecular interactions. The method also allows to 

virtually screen a relative large chemical library due to its usage of an 

empirical scoring function. However, molecular docking has been reported 

with following two limitations (Warren et al., 2006): 1. the ligand binding 
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pose proposed might not represent the actual binding conformation, as the 

method often fails to take solvent effects and flexibility of the residues into 

consideration. 2. The empirical scoring function only gives a rough 

estimation of the ligand-target binding affinity. The estimated affinity have 

been found to correlate poorly with experimentally measured values. 

MD simulations can provide detailed time-dependent dynamic behaviors of 

a molecular system (Karplus and McCammon 2002). The method was 

applied to examine the stability of the THRβ1 complex structure with 2,4,5-

T, BADGE-HCl-H2O, and BP2 as predicted by molecular docking (Paper III) 

and explain the molecular recognitions of PFOS, PFOA, and BP2 by TTR 

(Paper IV). Compared with molecular docking, MD simulations are more 

computationally demanding, but the method can be used to explore 

structural dynamics and thermodynamic features of a molecular system. 

Ligand-target binding affinities can be more accurately calculated by MD 

simulations together with free energy calculation methods, such as MM-

GBSA and alchemical free energy calculations (Karplus and McCammon 

2002). In MD simulations, it is critical to select a preferable initial 

configuration of the molecular system as the system is often trapped in a 

close local minimum by using classical MD. However, enhanced sampling 

strategies, such as umbrella sampling and accelerated MD, can be employed 

to reach the desired configuration (Andersen et al., 2015). 

Environmental implications of the identified THDCs. In total, 13 

hazardous compounds were confirmed as novel THDCs (Figure 12). These 

compounds warrant further toxicological analyses as humans may be 

chronically exposed at doses that are similar or significantly higher than the 

physiological TH levels. In human serum, typical levels of T3 are 0.9-2.8 nM 

(Bunevicius et al., 1999) and the that of T4 are approximately 0.112 μM 

(Hollowell et al., 2002), whereas the in vivo levels (in serum or urine) in 

humans of the representative THDCs identified are given in Table 4. 

Table 4. Some of the THDCs identified and their in vivo levels (in serum or 

urine) in humans. 
Compounds In Vivo levels (μM) References 
2,4-D 0.17 (Burns and Swaen 2012) 
BP2 0.22 (Asimakopoulos et al., 2014) 
BADGE-HCl-H2O 0.0087 (Wang et al., 2012b) 
Clonixin 35844 (Bica et al., 2000) 
Triclopyr 0.312 (Marin-Water-Agency) 
BPS 3.72 (Liao et al., 2012) 
Picloram 9.19 (Hall et al., 1989) 
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Figure 12. Novel THDCs identified in this thesis including those targeting 

TTR that are enclosed in the blue area and those targeting THR enclosed in 

the red area. 

The 13 THDCs identified can be categorized into two groups— TTR-targeting 

or and THR-targeting THDCs according to their biological targets (Figure 

12). The 13 compounds include 11 TTR-targeting THDCs and 4  THR-

targeting THDCs, and among these 2 contaminants (2,4,5-T and BP2) are 

targeting both TTR and THR. 

The 11 TTR-targeting THDCs can cause human health adverse effects 

through two potential mechanisms (Boas et al., 2012; Porterfield 2000). 

First, THDCs disrupt TH transport by competitively binding to the TBSs of 

TTR (Eneqvist et al., 2004; Purkey et al., 2004). Second, THDCs can be 

effectively transported by TTR across the placental and blood-brain barrier 

into the fetus and brain (Diamanti-Kandarakis et al., 2009; Meerts et al., 

2002). We consider that the second mechanism could be more relevant for 

the exposure of the 11 TTR-targeting THDCs identified to humans, 

considering their in vivo levels and relatively weak affinities. Our hypothesis 

is supported by the findings from the two following studies: 1. TTR knockout 
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mice appear to exhibit no adverse effects during development (Palha et al., 

2000; Schreiber, 2002). 2. Long-term studies of Inuit populations who are 

chronically exposed to relatively high levels of TTR-targeting THDCs but that 

showed normal T4 levels. However, this population show high levels of 

contaminants in sensitive organs that could potentially cause developmental 

disorders and these compounds are likely distributed by TTR (Audet-Delage 

et al., 2013; Dallaire et al., 2009; Plusquellec et al., 2010). 

The 4 THR-targeting THDCs can induce TH-related adverse effects by 

directly binding to the receptor and exert agonistic/antagonistic effects, 

which will affect THR-mediated gene expressions (Freitas et al., 2011; 

Moriyama et al., 2002; Zoeller 2007) and might cause underdevelopment of 

the brain in animals (Zoeller et al., 2005). 

Prenatal exposures of THDCs have been suggested to induce severe adverse 

health effects including impaired brain development and metabolic 

syndrome (de Cock et al., 2014; Wang et al., 2014; Yang et al., 2016), as TH 

plays a crucial role in fetal growth and neurodevelopment. Therefore, it is 

important to avoid use of the identified THDCs in maternal-infant products. 

Based on the findings in this thesis, particular emphasis should be focused 

on replacements of BP2, an UV absorber in plastic products, BPS, a 

plasticizer in plastic product, and PFHpS, a grease repellent in food package.  

We also observed a clear pattern that well-known THDCs are often replaced 

by structurally similar compounds, e.g. 2,4-D and triclopyr are replacements 

for 2,4,5-T, and BPS is an alternative to bisphenol A. Therefore, the new 

alternatives are frequently found to pose similar threats to human health as 

their predecessors. This pattern can be avoided by taking mechanism-of-

actions of well-known THDCs into consideration during de novo design of 

replacement chemicals. 

The use and environmental relevance of the identified THDCs are 

summarized as follows: 

BP2 has been confirmed to bind to both TTR and THR in this thesis. BP2 is a 

high volume production chemical (Rannar and Andersson 2010) and a 

representative of the benzophenone-type UV absorbers used in cosmetics 

and plastic products (Liao and Kannan 2014; Nakajima et al., 2006). In vivo 

experiments have shown that BP2 exerts weak anti-thyroidal activity in both 

rats and frogs (OECD 2008). It was also found in household dust samples 

from the USA and from East Asian countries (Wang et al., 2013a).  
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2,4,5-T binds to both TTR and THR and it was previously used as a herbicide 

for broad-leaved plants and a primary ingredient of the defoliant Agent 

Orange deployed during the Vietnam War (Stellman et al., 2003). Exposure 

to Agent Orange that contains both 2,4,5-T and 2,4-D has been associated 

with the development of hypothyroidism, autoimmune thyroiditis, and skin 

cancer (Ansbaugh et al., 2013; Clemens et al., 2014; Goldner et al., 2013). 

2,4,5-T and 2,4-D were found in dust samples collected from private homes 

and daycare centers in North Carolina, USA (Morgan et al., 2014). 

BPS was found to be a weak TTR binder. It is claimed as a safer alternative to 

bisphenol A (BPA) and used extensively as a plasticizer and an anticorrosive 

agent. BPS has been reported to pose similar potential health hazards as BPA 

in a number of in vitro and in vivo studies (Rochester and Bolden 2015). In 

vivo animal studies have shown that BPS decreases plasma TH levels and 

impair the reproductive potential (Naderi et al., 2014). BPS has been found 

in dust samples in twelve countries (Wang et al., 2015). It is critical to 

further study the toxicological effects of BPS and design safer replacements 

to BPA and BPS. 

DNPC has been confirmed as a TTR-binder. It is used as a polymerization 

inhibitor and a dye intermediate. DNPC is an oxidative phosphorylation 

uncoupler and can induce acute hyperthermia, kidney and liver failure, and 

cerebral edema in humans (ATSDR 1995). It has a high accumulation 

potential in biota (ATSDR 1995). 

Triclopyr and its major metabolite 3,5,6-TC2P (Schmidt et al., 2013) were 

identified as TTR binders. They are used as alternatives to 2,4,5-T. Exposure 

to these two compounds has been reported to disrupt the levels of T4 and 

thyroid stimulating hormone in humans (Fortenberry et al., 2012), which 

might cause thyroid-related developmental toxicity (Carney et al., 2007). 

PFHpS was identified as a TTR-binder and its TTR binding potency is 

similar to PFOS and perfluorohexane sulfonic acid (PFHxS) (Weiss et al., 

2009). To our best knowledge, its thyroid adverse effects have not been 

reported previously. PFHpS was found in the plasma of pregnant mothers in 

Norway (Rylander et al., 2009; Starling et al., 2014). 

BADGE-HCl-H2O was found to be a weak THR binder. The compound is 

used as an additive in personal care products, food packages and material 

coatings. To our best knowledge, its thyroid related adverse effects have not 

been reported. BADGE-HCl-H2O was found in dust samples from the USA 

and East Asian countries (Wang et al., 2012a). More importantly, the 
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concentration of BADGEs in US urine samples were 3-4 fold higher than the 

corresponding concentrations of bisphenol A (Wang et al., 2012b). 

Clonixin, a non-steroidal anti-inflammatory drug, was the strongest TTR 

binder identified. The compound shares a similar structure and TTR binding 

affinity as meclofenamic acid (Iakovleva et al., 2015). 

Fluroxypyr, mesotrione, and picloram were confirmed as weak TTR-binders. 

The compounds are relatively recent herbicides and exposure to the 

compounds has shown to decrease the weight of the thyroid gland in female 

rats (US-DA 2009). They have been detected in soil and groundwater 

samples from a variety of countries, including China (Wang et al., 2011), USA 

(Ki et al., 2015), France (Cederlund et al., 2012; Lazartigues et al., 2011), and 

Sweden (Ulen et al., 2014). 

Future perspectives. We would like to proceed these studies in mainly 

two aspects: 1. development of in silico models with greater precision and 

efficiency, 2. investigation of other mechanisms and biological targets 

relevant to thyroid disruption. 

In silico models have proven their capacity in the identification of novel 

THDCs and molecular level investigations of interactions with various 

biological targets. Their precision and efficiency can be further improved by 

employing state-of-art computational techniques, such as deep learning, 

GPU-accelerated MD simulations, and alchemical free energy calculations. 

Besides TTR and THR, the thyroid binding globulin (TBG) and the 

thyrotropin receptor (TSHR) are two other biological targets critical for 

sustaining the homeostasis of the TH system. TBG is the most relevant TH 

transporter in humans, and TSHR is a G protein-coupled receptor located at 

the pituitary gland. TSHR responds to thyroid-stimulating hormone and 

regulates TH production downstream. Identification of THDCs targeting 

these two biological targets will present a more comprehensive picture of the 

mechanisms for compound-induced thyroid hormone system disruption. 
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