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Abstract

Chemical respiratory sensitization is an immunological process that manifests clinically mostly
as occupational asthma and is responsible for 1 in 6 cases of adult asthma, although this may

be an underestimate of the prevalence, as it is underdiagnosed. Occupational asthma results in
unemployment for roughly one-third of those affected due to severe health issues. Despite its

high prevalence, chemical respiratory sensitization is difficult to predict, as there are currently no
validated models and the mechanisms are not entirely understood, creating a significant challenge
for regulatory bodies and industry alike. The Adverse Outcome Pathway (AOP) for respiratory
sensitization is currently incomplete. However, some key events have been identified, and there is
overlap with the comparatively well-characterized AOP for dermal sensitization. Because of this,
and the fact that dermal sensitization is often assessed by /n vivo, in chemico, or in silico methods,
regulatory bodies are defaulting to the dermal sensitization status of chemicals as a proxy for
respiratory sensitization status when evaluating chemical safety. We identified a data set of known
human respiratory sensitizers, which we used to investigate the accuracy of a structural alert
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model, Toxtree, designed for skin sensitization and the Centre for Occupational and Environmental
Health (COEH)’s model, a model developed specifically for occupational asthma. While both
models had a reasonable level of accuracy, the COEH model achieved the highest balanced
accuracy at 76%; when the models agreed, the overall accuracy was 87%. There were important
differences between the models: Toxtree had superior performance for some structural alerts and
some categories of well-characterized skin sensitizers, while the COEH model had high accuracy
in identifying sensitizers that lacked identified skin sensitization reactivity domains. Overall, both
models achieved respectable accuracy. However, neither model addresses potency, which, along
with data quality, remains a hurdle, and the field must prioritize these issues to move forward.

INTRODUCTION

Occupational asthma is one of the most common occupational lung diseases, and it
represents a significant cause of morbidity and occasionally mortality. It is responsible for 1
in 6 cases of adult asthma; however, this is likely an underestimate, as occupational asthma
is considerably underdiagnosed.1=3 Approximately one-third of workers with occupational
asthma will be forced into unemployment due to severe health issues, which results in lost
wages and lost productivity.34

Occupational asthma can be induced by a chemical respiratory sensitizer (often called
“sensitizer-induced occupational asthma” or “allergic occupational asthma”) or a chemical
irritant agent (irritant-induced occupational asthma).> Allergic occupational asthma can be
caused by either a high (HMW) or low-molecular-weight (LMW) chemical—the former
is commonly seen in occupational settings where individuals are exposed to enzymes or
other biological material, especially over a lengthy period of time, and often includes the
development of specific IgE antibodies.® In contrast, LMW chemical-induced asthma can
include non-1gE-mediated responses resembling T lymphocyte-mediated hypersensitivity
reactions.” Here, we will focus on LMW chemical-induced respiratory sensitization.

Despite the high prevalence of these clinical conditions, accurately identifying chemical
respiratory sensitizers remains a challenge.8 There are no validated /n vivo, in vitro, or

in sificomethods to identify chemical respiratory sensitizers. One approach has been to
employ the local lymph node assay (LLNA)?10 —a test commonly used to characterize
dermal sensitizers—in part based on the assumption that there is a common sensitization
mechanism.! However, the LLNA has many limitations: it cannot distinguish a dermal
sensitizer from a respiratory sensitizer, and the only approved route of application for the
LLNA is dermal,12 making it of limited use for substances that are typically inhaled. It also
does not reflect potential differences in tissue ADME for skin versus lung!3 — this is in
addition to the known challenges of the LLNA in general in terms of reproducibility.14-15
Mice, as well as other animal models, such as guinea pigs, have also been used to
measure serum IgE levels and carry out cytokine fingerprinting, which allows for the
distinction of a respiratory sensitizer from a dermal sensitizer;%10 however, the role of
IgE in chemically induced respiratory sensitization is not consistent, especially for lower-
molecular-weight compounds.16:17 Further, results of animal experiments do not always
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translate to humans,18-21 as supported by the lack of accuracy in the LLNA to characterize
sensitization in humans.22

Consequently, /n vitro approaches have been employed, such as reconstituted human
bronchial and nasal epithelium, coculture models, the direct peptide reactivity assay
(DPRA), and the Genomic Allergen Rapid Detection (GARD) Assay.23-25726 However,
these also have their own set of limitations. For example, reconstituted respiratory epithelial
tissues may not account for respiratory sensitization induced through other routes of
exposure (e.g., dermal).1” In addition, although it has been proposed that the DPRA be
modified for respiratory sensitization by incorporating a Lys:Cys ratio,” its inability to
consistently identify respiratory sensitizers means it cannot be used as a standalone tool.27:28
Finally, there are limited data sets for these models.

The inability to quickly identify potential respiratory sensitizers with a high degree of
specificity is especially problematic for chemicals with widespread occupational inhalation
exposure and, additionally, makes the diagnosis of occupational asthma difficult: the
molecular etiology of most cases of occupational asthma is not definitively determined,
which makes identification and treating occupational asthma especially difficult, as the
main treatment is to avoid re-exposure.2? The lack of a validated gold-standard assay for
respiratory sensitization makes the development of an /n vitro or in sifico model that can
quickly determine sensitization potentially challenging, as does the lack of a complete
adverse outcome pathway (AOP) with clearly identified key events.

Indeed, the AOP for respiratory sensitization3C is currently incomplete; however, the
molecular initiating event as well as some key events have been identified. Several of these
events overlap with the AOP for dermal sensitization, namely, the molecular initiating event:
covalent binding of the chemical to a protein.11 The mechanism for dermal sensitization has
been largely unraveled,3! and there is a substantial body of chemicals with known dermal
sensitization status.32:33 Further, dermal sensitization status can be easily ascertained by

in vivo or in vitro assays. Consequently, regulatory bodies are defaulting to the dermal
sensitization status of chemicals as a proxy for respiratory sensitization status when
evaluating chemical safety and, additionally, have no way to distinguish the respiratory
potency of a potential sensitizer.34

While this approach is protective of human health, there are also points of divergence
between the dermal and respiratory sensitization AOPs.11 For example, chemical respiratory
sensitizers preferentially bind to lysine, while chemical dermal sensitizers bind to cysteine.2”
Therefore, it remains unclear whether dermal sensitization is a suitable surrogate for
respiratory sensitization in humans.

Previous studies have shown that combining structural alerts and computational models

can result in accurate predictions;3> however, they focused on commercially available
software or models that were not widely accessible. Here, we wanted to focus on two

easily available, public domain models, Toxtree, which is intended to look for structural
alerts to identify chemical skin sensitizers, and the COEH model,3¢ which predicts chemical
respiratory sensitization status. To this end, we have (i) identified several data sets of human
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chemical respiratory sensitizers in the literature to characterize the data availability for
human chemical respiratory sensitizers as well as the likely data gaps, and (ii) evaluated the
accuracy of using Toxtree, a structural alert system designed to identify potential reactivity
domains that may lead to skin sensitization, with the COEH model, a logistic regression
model that computes an occupational asthma hazard index for a chemical based on its
structure.

MATERIALS AND METHODS

Data.

Models.

To establish a data set of human chemical respiratory sensitizers, the search term
“respiratory sensitization” was used in the Hazardous Substances Data Bank (HSDB)

to identify chemicals with respiratory sensitization outcomes in humans. To expand our
data set, we adopted a search strategy similar to a population, exposure, comparison,

and outcome (PECO) literature search strategy (see Supplemental Table 1): occupational
workers with inhalation exposure to chemical respiratory sensitizers that do or do not
experience respiratory sensitization. We used this as a scoping review to examine the
literature; while most papers were focused on instances of single chemical exposure or
occupational surveillance, this ultimately helped us identify 5 papers that collected larger
data sets specifically on low-molecular-weight chemicals. Once the data set was gathered,
chemicals were assigned a Chemical Abstract Service Registry Number (CASRN) (if one
was not identified within its respective reference) using the U.S. National Library of
Medicine’s ChemIDplus Advanced chemical identifier system by entering the chemical
name, as identified in the reference. If a CASRN was not available in either the reference
or ChemIDplus Advanced, the chemical was excluded from the combined data set. CASRNs
were then used to identify simplified molecular input line entry system (SMILES) strings
also using ChemIDplus Advanced. If a SMILES string was not available, the chemical was
excluded from the combined data set.

Once the data set was established, each chemical was assigned a chemical category using the
Organisation for Economic Co-operation and Development (OECD) Quantitative Structure
Activity Relationship (QSAR) Toolbox’s U.S. EPA New Chemicals Category profiler to
determine whether there were patterns in the data by chemical class. This profiler was
selected because these chemical categories are those that are used by the U.S. EPA

when assessing the hazards of chemicals.3”:38 Additionally, the distribution of the skin
sensitization reactivity alerts for the overall data set was assessed using Toxtree; the “skin
sensitization reactivity domains” decision tree was used.3°

Classification, Labeling, and Packaging (CLP) data were taken from the C&L inventory
database.40

The Centre for Occupational and Environmental Health’s (COEH) Chemical Asthma Hazard
Assessment Program, a logistic regression model, was used to predict the respiratory
sensitization potential of all chemicals in the data set (COEH undated). The model assigns
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a hazard index, which falls between 0 and 1, with 1 indicating the model is confident that
the chemical is an occupational respiratory allergen. It provides results as “Hazardous”,
“Borderline, may be hazardous”, and “Low index, may still be hazardous”. Two different
approaches were taken to assess the performance of the COEH model. First, in addition to
any chemical designated “Hazardous”, those chemicals assigned the prediction “Borderling,
may be hazardous” were considered to be respiratory sensitizers, while chemicals designated
with the term “Low index, may still be hazardous” were considered to be nonrespiratory
sensitizers. This approach was termed “COEH (Conservative)”. For the second approach,
referred to as “COEH (Not Conservative)”, any chemical predicted to be “Borderline, may
be hazardous” was this time considered to be a nonrespiratory sensitizer along with those
designated “Low index, may still be hazardous”, while only the “Hazardous” chemicals
were considered to be respiratory sensitizers.

Additionally, Toxtree, a structural alert model, was used to predict the skin sensitization
potential of all chemicals to determine if skin sensitization is a suitable proxy for

respiratory sensitization.3® When predicting skin sensitization potential using Toxtree, the
“skin sensitization reactivity domains” decision tree was used. Model performance for both
models was assessed based on accuracy and balanced accuracy, as the data sets were slightly
unbalanced. Additionally, other performance metrics, including sensitivity, specificity, false
positives, and false negatives, were also evaluated.

Visualization.

RESULTS

Chemical similarity maps were calculated based on Tanimoto distance as calculated by the
Score Matrix Service in PubChem.#! Chemicals with a Tanimoto distance of 0.80 or greater
were considered as a link in the network; the network was visualized using degree-sorted
circle layout in Cytoscape.*2

Previously, we used HSDB to identify human skin sensitizers to evaluate various /17 silico
models for predicting sensitization potential.33 Here, we adopted a strategy similar to our
approach used in Golden et al.33 to identify respiratory sensitizers within HSDB. This search
identified 128 chemicals with the term “respiratory sensitization” in their dossiers; however,
only 22 chemicals had sufficient data to characterize respiratory sensitization hazard in
humans. Either the remaining 106 chemicals only had respiratory sensitization data based on
animal studies, or it was not clear how the respiratory sensitization status was determined;
therefore, these 106 chemicals were excluded from this study. Of these 22, 19 were positive.
Although we cannot be certain that this is indicative of lack of data, given the prevalence

of occupational asthma, it is likely many potential respiratory sensitizers are not identified
as such, and very few chemicals can be definitively ruled out as not being respiratory
sensitizers.

Indeed, the lack of results in HSDB search may be attributable to inconsistent terminology
use. Instead of the term “respiratory sensitization”, which is the term used in hazard
labeling—such as the Globally Harmonized System of Classification and Labeling of
Chemicals (GHS) or the CLP regulation—to characterize this hazard endpoint in humans,
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we observed that clinical terms were much more commonly used. For example, 11 of

the 128 chemicals had summaries that contained the term “hypersensitivity pneumonitis”.
In addition, 4 chemicals had summaries that contained the term “occupational asthma”.
The term “asthma” was used as a standalone term—albeit in the context of occupational
exposure—most frequently: 18 chemicals used this term, although this does not distinguish
between immune-related illnesses and, therefore, may include chemicals that are irritants,
which may cause confusion in the literature as well as in the models.

When we evaluated the use of these terms in the broader biomedical literature, respiratory
sensitization was the least common term used, while occupational asthma was by far more
common. Figure 1 presents the distribution of the average number of new publications per
year by decade with these terms in PubMed, a biomedical database.

Over time, the number of overall publications regarding respiratory sensitization and related
terms have increased dramatically, especially since 1980. This can likely be attributed to
the establishment of the Occupational Safety and Health Administration in 1971, which
began to prioritize worker health and safety.#3 Additionally, there has been some shift in
terminology over time, as the term “extrinsic allergic alveolitis™ has lost favor compared to
“hypersensitivity pneumonitis”. While these two terms are synonyms, there has been a shift
in usage in the medical field.

In our scoping search in PubMed, we identified four robust human respiratory sensitization
data sets*4~47 and one list of well-accepted respiratory sensitizers?’ in the literature.
Chemicals were designated as either a sensitizer or non-sensitizer based on human data;
potency was not considered in any of the data sets. The data sets are described in Table 1,
below, and the complete chemical data set is provided in Supplemental Table 2.

Graham et al.** identified chemical respiratory sensitizers by reviewing the medical
literature and classifying chemicals that met the “Guidelines for Diagnosis and Treatment
of Asthma”. No negative reports were identified for any chemicals using this approach,

so the authors used dermal non-sensitizers as their respiratory non-sensitizers. Jarvis et

al.* took a similar approach: they identified respiratory sensitizers by reviewing medical
literature and designated chemicals with physician-confirmed case reports of occupational
asthma as respiratory sensitizers. A set of controls were also established by these authors by
identifying chemicals with established occupational exposure limits and had established
hazard profiles that lacked positive respiratory sensitization outcomes; however, these
chemicals were not publicly available. Likewise, Enoch et al.*6 examined the medical
literature for physician-confirmed cases of occupational asthma to identify respiratory
sensitizers. Further, they created a set of controls by confirming the chemicals did not cause
occupational asthma yet had established occupational exposure limits; this approach ensures
exposure has occurred and, because no cases of occupational asthma have been reported, it
is very likely that the chemical will not induce a positive respiratory sensitization outcome.
As in the previous three data sets, Seed et al.4’ identified chemicals with confirmed cases
of occupational asthma in the medical literature; however, they also included the term
“hypersensitivity pneumonitis” to identify respiratory sensitizers for their data set. Lalko

et al.2 identified respiratory sensitizers by selecting chemicals from classes of chemicals
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that are well-accepted respiratory sensitizers. Finally, we established the HSDB data set—a
hazard screening level data set—as described earlier. Notably, these data sets mainly use
similar approaches to identify positive respiratory sensitizers; however, the approaches to
identify negative respiratory sensitizers vary greatly.

Table 2 presents the distribution of sensitizers versus non-sensitizers in each of the data sets.
The six data sets were combined to create one data set totaling 519 chemicals; however,
some chemicals lacked necessary chemical identifiers, and there was substantial overlap
among data sets. Chemicals without a CASRN and SMILES string were not included in the
final data set, and duplicate chemicals were removed by eliminating duplicate CASRN to
produce a combined data set of 257 discrete chemicals (referred to throughout this document
as the discrete chemical data set). If a sensitization call differed between two data sets, the
chemical was designated as a sensitizer. The combined data set was slightly skewed in favor
of sensitizers, but a considerable number of nonsensitizing chemicals were also identified.

When looking at the overlap between reported human skin sensitization in HSDB and
harmonized CLP notifications from ECHA in our previous work, we found a high degree of
overlap.33 However, when we compared the substances identified as respiratory sensitizers
based on harmonized CLP data (7= 191) to the current data set (7= 257), there was
relatively little overlap (17 chemicals). In fact, of the 191 chemicals identified as respiratory
sensitizers, over half were metals, and many of the remaining chemicals were read-across
based on a handful of known chemical categories (see Supplemental Figure 1). In contrast,
of the 4600 notified substances in the CLP, there were nearly 1400 identified as skin
sensitizers—7 times the number of respiratory sensitizers—likely reflecting the fact that
LLNA or guinea pig maximization test (GPMT) testing is a requirement of many regulatory
regimes, and skin sensitization potential is identified more proactively. While we do not
know the true number of respiratory sensitizers, the data suggest respiratory sensitization
might be less likely to be correctly identified, especially since respiratory sensitization status
is often based on skin sensitization status.

In order to characterize the chemical diversity of the data set, we calculated Tanimoto
distance and developed a chemical similarity network by linking any chemical with a
similarity greater than 0.80. CIDs were unavailable for 6 of the 257 chemicals, so the
chemical similarity network was built from 251 chemicals. By this criterion, 110 of the 251
discrete chemicals had at least 1 structurally similar “neighbor”. Therefore, the majority
of the data set (141 chemicals) had no chemical sufficiently similar for most read-across
approaches, indicating a chemical diversity that would be a challenge for most QSARs.
Figure 2 shows the chemicals clustered by similarity with sensitization status indicated by
color, and not surprisingly, the two largest clusters represent chemical classes (phthalates
and cyanates) which are well-described in the literature and known classes of chemical
sensitizers. The distribution of nearest neighbors is presented in Table 3, below.

The largest cluster (Cluster 1) is a mixture of esters—primarily phthalates—and most
chemicals in this cluster are nonsensitizing. The second largest cluster (Cluster 2) consists
of nitrogen-containing compounds including many isocyanates, but also structurally similar,
but nonsensitizing nitro- and amine-containing chemicals, representing an activity cliff from
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the perspective of a read-across approach. The third largest cluster (Cluster 3) contains
penicillins and their salts, and these chemicals are all respiratory sensitizers. Supplemental
Figure 2 provides numerical identification for all the clusters, and Supplemental Table 3
identifies the individual chemicals in each of the clusters, as well as those that had no
neighbors (and, therefore, were not included in the chemical similarity map).

Additionally, each chemical was assigned to a chemical category using the U.S. EPA New
Chemicals Category profiler in OECD QSAR Toolbox. The distribution of the discrete
chemical data set by chemical category is presented in Figure 3. Almost one-third of the
chemicals were not categorized, followed by neutral organics (12%), esters (acute toxicity)
(11%), and aliphatic amines (8%).

When compared to the distribution of skin sensitizing chemicals from our previous
work,33 there were some similarities, such as the fact that the majority of chemicals

were not categorized, and those that were categorized were largely neutral organics or
esters (acute toxicity). However, there were some notable differences: the skin sensitization
data set contained a higher percentage of aldehydes, while the respiratory sensitization
data set chemical category distribution contained more diisocyanates and anhydrides.
These differences are not surprising, as many aldehydes are well-established dermal
sensitizers,*8:49 while diisocyanates and anhydrides are established respiratory sensitizers.23
This suggests there might be some bias toward chemical classes with known sensitization
mechanisms in the data sets, likely reflecting both publication bias toward positive
results®0:51 and the methodologies used to construct the data sets.

When analyzing the discrete chemical respiratory sensitization data set with Toxtree, the
accuracy and balanced accuracy were relatively high (both 71%, see Figure 4), considering
the model was designed to flag skin sensitization structural alerts. The COEH model had a
balanced accuracy of 72% and 76% with the conservative and nonconservative approaches,
respectively, indicating a modest benefit from its approach of focusing on known respiratory
sensitizers. While the COEH model using the conservative call and the Toxtree model

had similar distribution of false negatives and false positives, the COEH model with the
nonconservative option had a small improvement in false positives (see Supplemental Table
4)—therefore, the COEH model had a higher accuracy and balanced accuracy when a less
conservative approach was taken (i.e., borderline respiratory sensitizers were assigned as
nonsensitizing).

Interestingly, when we considered the results of the two models combined (using the
nonconservative approach for the COEH results), the models agreed on 160 chemicals of the
data set, and the overall accuracy when the models agreed was quite high: 87%, suggesting
that combining the predictions is useful in a weight-of-evidence approach and potentially for
an Integrated Testing Strategy.>?

Figure 5a,b displays the chemical similarity map with mispredictions identified for Toxtree
and COEH (less conservative option), respectively, showing both similarities and difference
between the models depending on cluster. While both models correctly classified all of
cluster 3, this cluster consists of penicillins as well as penicillins salts, which usually
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have the same hazard due to their high structural similarity®3 (including both sets of

these chemicals likely inflates the accuracy of the models, albeit modestly, as there were
only 5 sets of parents and salts, but this does highlight the importance of clear chemical
identification). Cluster 2 was predicted perfectly by Toxtree and nearly perfectly by the
COEH model; this is not surprising as it is well-accepted that isocyanates are both chemical
respiratory and dermal sensitizers.23

Additionally, the Toxtree model predicted the outcomes of the chemicals in Cluster 1 better
than the COEH model; in fact, Toxtree tended to perform better than the COEH model when
there were at least 3 or more neighbors, as supported by an accuracy of 78% for Toxtree vs
59% for the COEH model (see Table 4). Conversely, the COEH model had better success
than Toxtree when predicting chemicals with no other similar chemical in the data set —=77%
Vs 68%, suggesting a modest improvement for chemicals not similar to well-studied clusters
of known-sensitizers for the COEH model.

As previously mentioned, the molecular initiating event for a sensitization reaction—
dermal or respiratory—is the covalent binding of a chemical to a protein, and this is the

only information Toxtree makes use of for predicting sensitization potential. Interesting
questions, therefore, are both how accurate any individual alert is, and whether the COEH
model performed better or worse when presented with chemicals with a specific skin
sensitization reactivity domain. Supplemental Figure 3 presents the distribution of skin
sensitization reactivity alerts in the discrete chemical data set as identified by Toxtree. Some
chemicals had more than one skin sensitization reactivity alert in their structure; all alerts for
every chemical were included in the skin sensitization reactivity alerts distribution analysis.

When assessing model accuracy by skin sensitization reactivity alerts, Toxtree had relatively
high accuracy for all alerts—the highest being Schiff base, which includes the isocyanates.
On the other hand, SN2 alerts were especially prone to false positives. The COEH model
(using the nonconservative approach) had lower accuracy for the SNAr (25%) and for

the Michael acceptor (59%) alert. Overall, some alerts are likely more useful than others,
and the COEH model had higher accuracy for chemicals with no alerts, indicating it can
accurately identify sensitizers with no obvious protein binding mechanism (Figure 6).

116 chemicals had no alert, but, of those, 37 were true sensitizers according to the discrete
chemical data set. Toxtree would, by design, mispredict these chemicals; however, the
COEH model was still able to correctly classify many of them (7= 22) as sensitizers (Table
5).

DISCUSSION

Our analysis indicates that while respiratory sensitization can be predicted with some
accuracy by in sifico models—and that agreement between the two models presented here
provides a relatively confident prediction—there are some significant caveats. Despite overly
general mechanistic assumptions by using Toxtree (i.e., a shared MIE between skin and
respiratory sensitizers), Toxtree structural alerts clearly correctly identify many respiratory
sensitizers; however, it is unclear to what extent this would be accurate in a real-world data
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set of unseen chemicals. The data set itself is likely biased toward chemicals with obvious
sensitization mechanisms, as, in general, structural alerts tend to overpredict sensitization
outcomes.®* Some alerts (e.g., SN2) are more prone to false positives than others, and
Toxtree did not perform as well on chemicals with no similar chemical in the data set,
indicating that it might do less well with novel chemistries or a broader, more diverse
chemical space. On the other hand, the COEH model clearly adds some benefit both
when used alone (in that it has a modestly higher accuracy) as well as in addition to
Toxtree (correctly identifying some respiratory sensitizers in the group which lacked skin
sensitization reactivity alerts), although in some specific skin sensitization reactivity alert
categories it may be at a disadvantage to Toxtree. Regardless of methodology, to some
extent, these data sets are gathered by focusing on respiratory sensitizers based on known
mechanisms; consequently, the performance is likely overstated.>®

Interestingly, the areas where the models agreed but incorrectly called the status point to
some intriguing problems. For some chemicals (e.g., piperazine), both models classified it as
a non-sensitizer, yet the ECHA dossier indicates that human exposure data has established
respiratory sensitization, and there is a positive GPMT indicating skin sensitization
potential®6 —piperazine likely, therefore, has a sensitization mechanism that is simply
poorly understood. On the other hand, diallyl phthalate was classified as a sensitizer by
both models but was labeled as a non-sensitizer, despite a strong structural similarity to
sensitizers, and the ECHA dossier®” indicates a positive LLNA test—it might, actually, be

a sensitizer and simply misidentified if inhalation exposures are avoided because of other
toxicity concerns. Lastly, some chemicals identified by the models as non-sensitizers but do
have some evidence of sensitization, such as acetic acid, are in widespread use, and true IgE
sensitization is likely rare, although given the high levels of exposure experienced by some
occupations, some allergic responses are inevitable. It is likely that some of these chemicals
would not be considered a respiratory sensitizer by GHS standards, and in this case, the call
by the model might be the most relevant.

This points to two broader issues that remain challenges for the field going forward: one,
sensitization is treated by most models (and indeed some regulatory approaches) as a

binary status, but potency is key both for hazard identification and for accurate models—
despite the relative ease of predicting two-class vs multiclass labels, most models will falter
in distinguishing weak from non-sensitizers but will do well when distinguishing strong
sensitizers from non-sensitizers.>® One step forward then would be an undertaking similar to
Basketter et al.32 to identify potency in respiratory sensitization.

A second, and related, issue is data quality. Above and beyond the many issues typically
present in chemical data sets (e.g., redundancy of the data sets, unclear chemical
identifications, etc.), the data sets used in this analysis represent a variety of data quality
issues® and also highlight the major roadblock that is negative respiratory sensitization
data; there simply is no perfect way to identify negative respiratory sensitizers. While an
LLNA or human patch test can provide a skin sensitization status, a similar test does not
currently exist for respiratory sensitization, and this lack of a gold standard complicates
consistent data. Skin prick tests have been employed for diagnosis of clinical respiratory
sensitization outcomes; however, this has almost universally been for high molecular
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weight (i.e., protein) allergy,®0 as these tests have not been demonstrated to be useful

in detecting chemical respiratory sensitization responses.®! Some quantitative measures of
pulmonary function, such as “forced expiratory volume in 1 second” (FEV1), have been
considered as potential metrics of human respiratory sensitization outcomes;> however,
these are traditionally utilized for high-molecular-weight sensitizers rather than chemical
respiratory sensitizers. Overlap with other coexposures (e.g., smoking) or outcomes (e.g.,
COPD, emphysema, etc.) and physical irritation may also confound these measures.
Further, although data for immunoglobulins may be available for high-molecular-weight
allergens, such as proteins, the role of immunoglobulins in the clinical manifestation of
chemical respiratory sensitization remains unclear,” which diminishes the usefulness of
these tests in the diagnosis of chemical respiratory allergy. Most of what is available for
chemical respiratory sensitization is occupational observational data, but this too always
has confounders. Indeed, since it is often the practice in industrial hygiene to identify the
molecular etiology of occupational asthma based on suspicion of sensitization potential of
the candidate exposures (one of the suggested uses of the COEH model), mapping out a
more diverse and less redundant sample of the chemical universe of possible respiratory
sensitizers and non-sensitizers is key for advancing the field.

In the absence of a validated animal model (and it is unlikely an animal model could
recapitulate the totality of exposure scenarios that lead to occupational asthma), one way
forward is to focus on a more data-driven capture of exposures (e.g., exposomics)52 and
phenotypes and look for possible sensitizers in a more unsupervised manner—this would
have the added benefit at looking for possible synergistic mixtures as well, since most
occupational exposure scenarios involve multiple chemicals. Further, the development of
additional /n vitro models based on human cell lines or organ-on-a-chip models will improve
our ability to understand the molecular mechanism of respiratory sensitization. In fact,
the absence of an /in vivo model could provide an opportunity to break away from the
traditional validation paradigm of comparing /n vitro methods to /n vivo animal models,
which conventionally carry the label of “gold standard” but may not always be the case.?!
Additionally, the available data needs to be curated and organized in a more accessible
way: the lack of clear and consistent terminology between toxicologists and the medical
community, and the ambiguity of occupational asthma in terms of true sensitizers, makes
assembling a high-standard data set quite difficult.

Nonetheless, our results indicate that both Toxtree and the COEH model are useful for a
screening-level determination of respiratory sensitization potential, and the COEH model
in particular is likely useful when trying to identify chemicals with no clear mechanism.
Moreover, our data indicate that when combined, a consensus between the two models
actually represents a high-confidence determination of respiratory sensitization status, and
looking at instances where the models agree and disagree, or disagree with the literature,
points the way to improving our understanding of respiratory sensitization. Specifically,
we need to better understand the divergence of the AOP between respiratory and dermal
sensitizers, and establish a gold-standard data set identifying chemicals that have both
dermal sensitization status and respiratory sensitization status unambiguously established
(both positives and negatives, and ideally with potency data) to further assess the usefulness
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of dermal sensitization status to characterize respiratory sensitization potential. Models
require an accurate survey of the terrain before they can be fairly judged.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.
Use of terms to describe respiratory sensitization conditions. The figure presents the average

number of new articles per year in PubMed by decade that contain the search terms
commonly used to describe respiratory sensitization and related conditions. Please note
that the average number of articles for Respiratory Sensitization from 1970 to 1979 was

0 and, therefore, is not included in the chart. The number of articles overall is increasing
each decade, with occupational asthma being the most frequently used term and respiratory
sensitization being the least frequently used term.
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Figure 2.

Chemical similarity map for the discrete chemical data set. Chemicals in green are non-
sensitizers and chemicals in red are sensitizers. Cluster 1 is a mixture of esters (primarily
phthalates), Cluster 2 includes isocyanates and other nitrogen-containing compounds, and
Cluster 3 contains penicillins and their salts.
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Figure 3.
Chemical category distribution. Chemical categories were assigned using OECD QSAR

Toolbox. Nearly one-third of chemicals were not categorized, as they did not fall under the
definition of any of the U.S. EPA New Chemicals Categories. Of the chemicals that were
categorized, the largest categories were neutral organics, esters (acute toxicity), and aliphatic
amines. Chemicals categories that account for less than 4% of the total chemical category
distribution have been omitted for clarity.
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Figure 4.
Accuracy of Toxtree vs COEH. Model performance was assessed using accuracy

and balanced accuracy. COEH performed better than Toxtree at predicting respiratory
sensitization outcomes, but minimally. Toxtree performed almost identically to COEH when
a more conservative approach was used (i.e., when borderline sensitizer results from COEH
were considered sensitizers). Toxtree did not perform quite as well as the COEH model
when borderline chemicals were considered non-sensitizers (i.e., COEH Not Conservative
results).

Chem Res Toxicol. Author manuscript; available in PMC 2022 March 09.




1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

Golden et al. Page 20

a) - - - o ® o s - =
b = bl Rl

- -

- - Cluster 2 - » e ~ R

- Cluster 1 - ”

- - * - « - .

el - Rl - - - -® 9 L X N X N

R & - - -

R i = - - @ ~ @ = = - @ - -
- e
“*  Cluster3 - il ® - PO - PO ® - - -
& 0 . -— - e e
- -
g ->®o e
b) S 4 --- e e -
- - - -
B Y Cluster 2 ® -~ e » ®
= Cluster 1 - -~
I\ uster P < 7 | L \
C " ® = -- e -~oooeoe
- -
- - v/ o &b
el oo
y NP - oo ~—>® -
- -
- PO - - - -

-
* Cluster3 *

Figure5.
Mispredictions by the Toxtree and COEH models in the context of chemical similarity:

Chemical similarity map for the discrete chemical data set and identification of
mispredictions by Toxtree and the COEH model, respectively. Chemicals in the discrete
data set are presented in clusters based on structural similarity. A structurally similar
chemical was defined as having a Tanimoto distance of 0.80 or greater. Nodes in green
are nonsensitizing chemicals, while nodes in red are sensitizing chemicals; these statuses
were taken from the sensitization calls in the discrete chemical data set. The ellipses with
the yellow border indicate a misprediction by the model. The yellow borders in Figure
5a identify mispredictions for Toxtree, while the yellow borders in Figure 5b identify

the mispredictions for the COEH model (when characterizing the “borderline, may be
hazardous” outcome from COEH as nonsensitizing).
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Distribution of accuracy across skin sensitization reactivity alerts.
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Number of Sensitizers and Non-sensitizers among Data Sets?

Table 2.

total sensitizers

non-sensitizers

data set n
Graham et al.* 80
Jarvis et al.* 100
Enoch et al.*6 186
Lalko et al.?’ 20
Seed et al.4’ 111
HSDB 22
all data sets 519

discrete chemicals from all data sets 257

n
40
100
104
20
111
19
394
141

%
50
100
56
100
100
86
76
55

n
40
0
82
0
0
3
125
116

%
50
0
44
0
0
14
24
45

Page 23

a. .. - T, . . .
Sensitizers and non-sensitizers, as identified in the literature, among all data sets. The “All Data Sets” line represents the number of chemicals
found in all data sets, while the “Discrete Chemicals from All Data Sets” row represents the number of chemicals once duplicates were removed.
Overall, there were more sensitizers than non-sensitizers; however, when combining the data sets and removing duplicate chemicals, the data set

was relatively balanced, but still with more sensitizers than non-sensitizers.
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Table 3.

Neighbor Distribution among Chemicals®

number of neighbors  number of chemicals

0 141
1 51
2 16
3 12
4 2
=5 29

aSummary of the number of chemicals by neighbor using a Tanimoto distance of 0.80. Over half of the data set had no neighbors, and 20% had
only 1 neighbor. Only 10% of the chemicals in the discrete data set had 5 or more neighbors. Only 251 of the 257 chemicals had a chemical
identifier (CID) in PubChem. The 6 chemicals without a CID could not be assessed for structural similarity to the other chemicals in the data set, so
they are not included in this table.
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Table 4.

Model Accuracy by Number of Neighbors?

accuracy (%)

number of neighbors number of chemicals(n) Toxtree COEH (not conservative)

0 139 68 7
1-3 80 73 78
>3 32 78 59

aThe COEH model had a higher accuracy for chemicals with no neighbors in the data set, while Toxtree had a higher accuracy when there were
more neighbors (i.e., greater than 3). This suggests that COEH has a broader coverage than Toxtree.
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Accuracy According to Skin Sensitization Reactivity Alert?

Table 5.

skin sensitization reactivity alert

SNAr
chemicals () 8
sensitizers (1) 6
non-sensitizers (/) 2
toxtree accuracy (%) 75

COEH (not conservative) accuracy (%) 25

Schiff base  Michael acceptor

49
43
6
88
87

33
27
6
82
59

acyl transfer agent
56
41
15
73
83

SN2
29
14
15
48
76

noalert
116
37
79
68
77

Page 26

aAccuracy of the models when broken down by skin sensitization reactivity alert. Toxtree had relatively high accuracy for all alerts except SN2,
while the COEH model had relatively high accuracy for all alerts except SNAr and Michael acceptors. However, when no alerts were identified in a

chemical, the COEH model was still able to identify true sensitizers (7= 22 out of 37) when Toxtree could not.
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