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Supporting materials and methods

Collection of expert opinions

We applied a WoC approach to collect information on the potential adverse effects of ENM
exposures. We approached 79 established experts in the nanosafety community via
email. The experts were provided with a general description of the project and asked
about their interest in contributing to it. The experts showing interest towards the project
were then provided with a table summarizing the 134 ENMs available in a previously
published toxicogenomics data collection! together with their main physicochemical
characteristics and the toxicological endpoints selected for this study. Details of the ENMs
and endpoints are available in the file provided to the experts (Supplementary File 2)
while an overview of the ENMs is provided in Figure S1.

The experts were asked to indicate a potential connection between each of the ENMs and
the 18 endpoints in toxicologically relevant experimental setups. The original endpoints
included “overall hazardous” which was eventually left out and replaced by the computed
concern score “overall concern” which considers the values of the other inferred scores
(see Response modeling and inference of concern levels). To be conservative against false
negatives, the experts were asked to indicate the absence of a connection between an
ENM and an endpoint only if they were convinced the connection does not exist.
Otherwise, a possible connection was to be indicated. While the experts were encouraged
to provide an answer even if they had no specific expertise regarding the exact ENM or
endpoint, they could also provide an indefinite response (i.e., “not sure”).
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Field of study analysis

We wused the Semantic Scholar Application Programming Interface (API)2
(https://api.semanticscholar.org/api-docs) to retrieve the list of all publications
authored by each expert. We extracted the keywords associated with the fields of study
for each paper. We retrieved a total of 3601 papers and collected 23 unique field of study
keywords. The median number of keywords per paper is 3. We built a binary matrix
where each row represents a paper and each column a keyword. Each cell with
coordinates (i, j) in the matrix has a value of 1 if the i-th paper was annotated with the j-
th keyword. To prioritize the keywords that are likely to be significant for distinguishing
and characterizing the papers, we assigned a relevance score to each keyword based on
its inverse document frequency (IDF). In brief, IDF measures the importance of a keyword
across the collection of papers. Common keywords among many papers receive a lower
IDF score, while terms that are less frequent and appear associated with fewer papers
receive a higher IDF score. The IDF of a keyword t in the corpus of papers D is computed
as the logarithm of the total number of papers divided by the number of papers associated

with ¢: IDF(t, D) = log I}

1+|D¢
set of papers that are associated with the keyword t. The addition of 1 in the denominator
ensures numerical stability when D, is empty.

), where |x| is the number of elements in set x and D; is the

To facilitate interpretability of the results we reduced the dimensionality of the IDF
matrix using non-negative matrix factorization (NMF)3. Namely, let X be the 3601 x 23
binary matrix that contains the IDF scores for each paper and each keyword, we factorize
X =~ WH with both

W and H being non-negative. In more detail, H is a k X 23 matrix and its rows contain a
set of basis vectors used to approximate the matrix X, while the rows of the 3601 X k
rows of W store the weights to combine the basis vectors to approximately reconstruct
the original matrix X. Here, we set k = 6.

To quantify the contribution of each keyword to each component, we normalized each
row of H to unit norm and ranked the keywords from the highest contribution to the
lowest and plotted the top 4 keywords in Figure 1A. Similarly, to build the scientific
signature for each expert annotator, we normalized the rows of matrix W to unit norm
and averaged the rows of W that correspond to the papers authored by each expert.
Finally, we clustered the scientific profiles by hierarchical clustering with the Ward
method and cut the corresponding dendrogram to 0.5 to obtain an assignment of experts
into cohesive groups, represented in Figure 1B.

Response modeling and inference of concern levels

We aimed to assign a concern label to each ENM for each individual endpoint as well as
an overall concern level per ENM across all the endpoints. However, the data collected
from the experts was unbalanced in the number of responses for each ENM and for each
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endpoint. To mitigate this, and to obtain more robust estimations, we employed a
Bayesian hierarchical model.

We followed an approach similar to Whitehill et al. # and considered a latent variable that
models the overall level of “concern” of each ENM, given that it is derived from the
collective opinion of a panel of experts instead of experimental assays. The overall
concern level summarizes how likely it is for an ENM to be considered harmful across all
the surveyed endpoints. For each pair of ENM and endpoint considered, we assume a
hidden binary label Z;; ~ Bernoulli(p;) that represents whether ENM i is harmful for
endpoint j, based on the overall concern level p;. In addition, to model the survey
responses, we assumed that not all experts share the same expertise and that not all
endpoints are studied at the same depth (we call this the “difficulty” of an endpoint).
Formally, the probability of expert k answering y;jx € {0,1} for ENM i being harmful for

endpoint j is:

p(Vijr|pi o, B;) = z p(Yiji Zij|pir e, B)
Zii
1]
= Zp(yijklzij =1, B)p(Zij = l|p:)

=0
= p(yijklzij =0, ay, Bj)P(Zij = Olpi)
+P(3’ijk|Zij =1 a; Bj)P(Zij = 1|pi)

_ (1-vii) Yijk Vi
= GO(kBj (1 — O'otkﬁj) (1 — pl) + O-akBj (1 — O-akﬁj

)(1—J’ijk) D

1

where Oayy = Tromery is the probability that expert k correctly labels ENM i in endpoint

J, given its hidden label Zj;.

In more detail, the difficulty of an endpoint is modeled as a non-negative score 3; €
[0, +o0). For values of ; close to 0, the likelihood of any expert to predict the correct
concern label of an ENM for endpoint j approaches 0.5, indicating a more difficult
endpoint to predict. The higher the value of B;, the easier it is for experts to correctly
predict the concern label of any ENM for endpoint j. The model also considers the level
of expertise of each survey participant, using the parameter a; € (—o,+). Higher
values of o, imply that expert k is more likely to predict the correct label of ENM concern
for the various endpoints, while smaller values (towards 0) imply less accuracy in the
predictions of the k-th expert. Conversely, negative values of a;, imply chances lower than
0.5 for expert k to correctly predict concern labels. This phenomenon can be interpreted
either as wrong beliefs (a bias), or an adversarial (malicious) behavior of expert k. For
parameters [3; and py, we used a non-informative prior distribution, while for a; we used
a weakly informative prior distribution assuming cooperative behavior from the experts.
Specifically, aj, ~ Normal(1,1), B = e®* with B’y ~ Normal(1,1) and p, ~ Beta(1,1).

To infer the posterior distributions of the hidden labels Z;; and variables p;, o) and 8, we
applied the framework of stochastic variational inference (SVI) which frames inference
as an optimization problem®. We defined a parametric variational distribution for each
latent variable in the model and applied the Adam® optimization algorithm to minimize
the empirical lower bound (ELBO) of the log data likelihood’. We approximated the
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posterior distribution of p; with a Beta variational distribution gg,(p;), where the set of
parameters 6; correspond to the shape parameters of individual variables. Similarly, the
posterior variational distributions g, (o) and qq,j(B’j), with B; = eP’j to ensure that Bj
is non-negative, are Normal distributions, each parameterized by the corresponding
mean and standard deviation. All these parameters were optimized by the Adam
optimization algorithm to approximate the posterior distributions by minimizing the
ELBO of the data likelihood. The model has been implemented using the probabilistic
programming language (PPL) Pyro8 using Python.

In addition, we infer the hidden labels Z;; by sampling 1000 times the posterior
p(Zij|yl-jk, Ok, B pl-), automatically computed by Pyro, and choosing the most frequent
value as the true hidden label for each pair of ENM i and endpoint j. Finally, each label
assignment is associated with a corresponding uncertainty expressed as the frequency
associated with the most frequent label, so that, e.g,, a hidden label Z;; that has been
sampled 950 times with the value 1 and 50 times with value 0 is decided to be 1 with a
certainty of 95%.

Comparison of the concern levels with experimental data

To assess the quality of our results, we compared the predicted concern scores with
experimental data. We analyzed a harmonized dataset of 2896 samples of ENM cell
viability assays collected from hundreds of peer-reviewed articles®. Briefly, the dataset
includes several annotations about the ENMs (e.g., core material, coating, diameter, Zeta
potential) and the experimental setup (e.g., cell type, concentration, exposure time, type
of test performed, presence of positive controls). Despite containing multiple assays for
cell viability, we focused on the most frequently reported MTT assay.

Since the concern levels are not related to any experimental setup, we considered all
available combinations of cell type, ENM concentration and exposure time to build a
distribution of the measured cell viability across all possible conditions. We identified
matching ENMs between the experimental dataset and our predicted cytotoxicity
concern scores, based on the core material and calculated the most frequent concern
score for each type of ENM. Finally, we compared the distribution of cell viability
measurements associated with each matched ENM with the corresponding concern level.

Toxicogenomic and descriptor data layers

Transcriptomic data and physicochemical properties used in this study were previously
curated in Saarimaki et al.! with additional data from Gallud et al.10. These data are
available in Zenodol! at https://doi.org/10.5281/zenodo.6425445 and in NCBI Gene
Expression Omnibus (GEO) under accession number GSE148705, respectively. The
advanced descriptors have been previously published in del Giudice et al.l2 and are
available in the associated data & code repository13 at
https://doi.org/10.5281/zenodo.7674574.
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The collection of toxicogenomics data contains 585 samples spanning 134 ENMs and
multiple experimental setups. The ENMs from the original collection were aggregated
based on the similarity of the supplier product codes, descriptions, and physicochemical
characteristics and grouped by the core material. Since the experimental data collected
contains various platforms, the number of measured genes differs across the
experiments. We selected only human in vitro samples (294 samples) and the 7238 genes
present in most platforms, allowing a max 10% missing values.

The physicochemical data layer included descriptors focusing on both molecular and
electronic structure properties. A detailed description of the physicochemical descriptors
and their computation was presented in del Giudice et al.12 Briefly, the computation of
the ENM properties employed various models and methods. The liquid drop model was
used to calculate attributes like the Wigner-Seitz radius, number of ENMs in
agglomerates, the number of surface elements, the surface-volume ratio, and size-
dependent interfacial thickness. Electronic structure descriptors were computed using
density functional theory and semi-empirical quantum chemical methods, with Hamaker
constants evaluated for bio-nano interactions via van der Waals forces. Atomistic
descriptors were derived from chemical composition, potential energy, lattice energy,
topology, size, and force vectors, providing insights into stability and interaction
potentials. Additionally, properties such as band gaps, heat of formation,
electronegativity, hardness, dispersion energy per atom, dipole moment, and static
polarizability were calculated using advanced parameterization techniques and software.

To build the predictive classifier we considered those physicochemical properties that
were not presented to the experts, thus the following measurements were removed:
shape features (diameter, length, width, surface area, mean diameter in water and mean
diameter in medium), zeta potential and purity. Although endotoxins presence/absence
was one of the values included among the descriptors, this data was omitted given the
endotoxin content is unique to specific experiments and ENM batches and is not always
reported.

To avoid fragmenting the available data, we aggregated the human gene expression data
coming from the different experimental conditions into a single transcriptional profile
assigned to each ENM using either the median of the values for each gene or the absolute
maximum fold-change. Eventually, 88 different ENMs were used to build the machine
learning-based classifier, using those that are present in all three data layers
(toxicogenomics, physicochemical and expert labels).

Machine learning classifiers

We set up several classification task instances depending on the data used (descriptors,
gene expression or both), the type of aggregation for gene expression data (median or
absolute maximum of fold-changes) and the class labels to predict (the ENM concern level
for an endpoint or the overall concern). To establish a binary label also for the overall
concern scores, we considered whether the approximate posterior distributions gg,(p;)
have a mode either above (label 1) or below (label 0) 0.5. We estimated the uncertainty
associated with the overall concern labels by first computing the differential entropy of

each approximate posterior label distribution h(p;) = E[—log (CIei(Pi))]- We then
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transformed the differential entropy of each overall concern label, h, with 1 — exp(h) to
obtain an uncertainty value lying in the range [0,1], where larger values are associated
with more certainty regarding the concern level.

For each classification task instance, we trained a gradient boosting classifierl41> with
5000 trees, each with a maximum depth of 50 levels, to allow the classifiers to learn the
various interactions among the features. In addition, we weighed each sample with a
score proportional to the uncertainty of the corresponding sample's concern label to
allow the models to learn the most relevant features from the samples which were labeled
with the most certainty.

For each classification task, we performed a 5-fold cross-validation repeated 10 times
and measured the ROC-AUC on each test fold in turn to estimate the generalization
capabilities of each model.

For each endpoint and the overall concern level, we defined two classification strategies.
The first strategy was to train a classifier only on a single data view (either
physicochemical properties or gene expression); while the second strategy integrated the
two data views using either an early integration approach or a late integration
approach!6,

The early integration strategy consisted of first concatenating the features of each data
view and then training a single classifier on this composite feature space. This strategy
enables the classifier to learn relevant feature interactions both within each single data
view as well as between the two different data views. Due to the dimensionality of such
integrated datasets, we trained an early integration classifier merging only the top 10
relevant features from the corresponding single view classification tasks. To avoid
overfitting, we used the training folds of the cross-validation to train both the single view
classifiers and the (top 10) early integrated classifier, each of those is then validated on
the respective held-out fold.

The late integration strategy resembles ensemble learning, where each model is trained
on a single data view and the predictions are aggregated to obtain a final answer across
the views. Specifically, we trained a single view classifier on each data view and then built
a new dataset, where the features correspond to the concatenation of all the predicted
class-conditional scores from the single-view classifiers. Then, an integrative classifier is
trained on this dataset, where the assumption is that the multi-view classifier would be
able to catch and correct any systematic errors from the predictions of the single-view
models. Also here, we exploited the structure of the cross-validation splits to reduce the
chances of overfitting. In this case, the predicted label for each given ENM, e, is obtained
by the model in which e was part of the held-out fold and was not used for training.

After each training repetition, we collected the top 10 most relevant features (genes). To
measure feature relevance, we evaluated the overall information gain between the class
label and each feature used to split the data across all the trees of the boosted classifier.
The most recurring relevant features across all the repetitions of each classification task
were reported.
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Interactive viewer implementation

We implemented an interactive data explorer to empower users in exploring the current
data interactively. The R Shiny!7 based implementation of the provided data explorer is
focused on delivering a seamless, interactive and responsive user experience. Exploiting
the capabilities of R packages as InteractiveComplexHeatmap8 and plotly1?, the viewer is
designed to handle dynamic interactions as users go through the exploration of the
different plots representing the data. The data explorer and further instructions for its
use are provided in GitHub alongside other code used in this study at
https://github.com/thaive /wisdom_of_the_crowds.

Supporting results

The expert panel incorporates expertise from multiple domains

In the absence of robust large-scale experimental data for many of the ENMs included in
the collection, the reliability of the expert opinion can be improved by including diverse
expertise and using data-driven approaches that support consensus-building without the
influence of biased group dynamics. Hence, we compiled a panel of nanosafety experts
with specific competence spanning various fields, ensuring richness of perspectives and
breadth and depth of knowledge, and mitigating the risk of inherent biases that may arise
from a homogenous group. With 17 expert opinions, our panel size aligns with the
suggestion from Rowe and Wright (2001)2° for structured expert elicitation. Moreover,
Mannes et al. (2014)21 showed that smaller, well-selected expert groups can outperform
larger, less specialized ones in these types of tasks.

The diversity of the expert panel was further clarified by characterizing their individual
expertise profile based on all the available publications associated with each expert. We
consolidated all the fields of expertise into six components that summarize the possible
contributions of each publication (Figure 1A). The components are expressed as the
combination of the scientific fields relevant for each of them. Figure 1A reveals a clear
mapping of each component to a specific discipline. Notably, component 5 highlights
medicine (which includes toxicology in this case) as the main contributor with minor
contributions from engineering and psychology, while component 3 displays a greater
degree of heterogeneity, comprising engineering, physics, and computer science in more
equal proportions. These fields are, however, closely related and largely overlapping,
especially within the context of synthesis and characterization of chemicals and ENMs,
where computation of numerical descriptors and binding affinity simulations are
performed.

We then summarized the contribution fields represented by all the publications from
each expert to obtain individual scientific profiles (Figure 1B). These profiles were
obtained by summarizing the scientific context of each paper they authored. This analysis
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underscores the multi-faceted nature of the field of ENMs safety assessment, reinforcing
the need for a varied group of experts. A heterogeneous group not only enhances the
accuracy of annotations but also enriches the collective intelligence, allowing a broader
spectrum of expertise that better reflects the complexity of real-world scenarios than
possessed by individuals. In harnessing the power of the wisdom of crowds, the
incorporation of diverse knowledge and expertise is fundamental for ensuring a more
robust and nuanced understanding of ENMs and their potential health effects.

A

Component 1 Component 2 Component 3

chem- bio 1 eng-
COMPpSCi compsci phys-
phys med compsci-
1072 10° 1072 10° 1072 10°
Component 4 Component 5 Component 6
envsci med A matsci
geo- eng- phys
compsci- psy- art-
102 10° 102 10° 1072 10°
B expert_04 expert_06 expert_17 e expert_10 expert_14
c2 _C1 c2_C1 c2_C1 c2_C1 c2_C1
C3 c3 co j o C3 o C3 co c3 co
C C5 C4—C5 C C5
expert_07 expert_08 expert_12 expert_03 expert_13 expert_16
c2_C1 c2_C1 c2_C1 c2_C1 c2_C1 c2_C1

C C5 C C5 C C5 C C5 C C5 C C5

exp expert_02 expert_09 expert_ 11 expert_15
c2 c2_C1 c2_C1 c2_C1 c2_C1
C C4—C5 C4—C5 C C5 C4—C5

Figure 1. (A) Visual representation of how the collective literature published by the expert
annotators can be decomposed into six different components (plotted in logio scale to
enhance visibility). Each component is linked to various scientific fields, highlighting the
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diverse nature of expertise relevant to the publications. Abbreviations: chem = chemistry,
compsci = computer science, phys = physics, bio = biology, med = medicine, eng =
engineering, envsci = environmental science, geo = geology, psy = psychology, matsci =
material science (B) The scientific profiles of each expert annotator. To facilitate
comparisons, the profiles are clustered and assigned distinct colors. The shape of each plot
emphasizes commonalities among experts in the same group and reveals differences among
those in different clusters, highlighting patterns and variations in their expertise.
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Supplementary Figures and Tables
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Figure S3. (A-B) 95% Highest Density Interval (HDI) of Posterior Distribution for Inferred
Expert Agreement Scores of experts in labeling ENMs based on the estimated hidden labels
(A). Higher scores indicate a greater likelihood of correct labeling. By comparison, the plot
on the right summarizes the count of instances answered by each expert, indicating that
agreement scores are not related to the quantity of answers provided by the experts (B). (C-
D) 95 % Highest Density Interval (HDI) of Posterior Distribution for Inferred Endpoint
Difficulty Scores of the posterior distribution (C), showing the inferred scores for endpoint
difficulty. Lower values for endpoints indicate greater difficulty for experts in labeling,
reflecting less consensus among the annotators. Also in this case, endpoint difficulty scores
exhibit a weak association with the quantity of answers provided by the experts (D).
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Figure S4. Comparison of predicted cytotoxicity concern levels and experimental evidence
derived from cell viability assays. ENMs have been grouped by their core material/type and
the distributions of cell viability across all viability assays performed on the distinct types of
ENMs are shown. The grouped ENMs are sorted based on the mode (i.e., the most frequent
value) of the distributions in ascending order, while the color represents the corresponding
cytotoxicity concern score (color scale for concern with 0 indicating low concern, 1 high
concern). This means that, on average, cell viability is consistent with the corresponding
computed concern scores.
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Figure S5. Violin plots illustrating the distribution of uncertainty in concern label
assignment for each endpoint. Blue and red densities represent non-concerning (label 0)
and concerning (label 1) ENMs, respectively. Individual ENMs are represented by lines
within the density plots. The horizontal dashed lines divide the confidence levels into three
groups: low confidence (< 0.6), mild confidence (0.6 - 0.8) and high confidence (> 0.8).
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Figure S6. Classifier ROC-AUC. (A) Depiction of the single view classifier performance. The
classifier based on ENM descriptors outperforms the one using transcriptomic features for
all endpoints. (B) Multi-view classifier performance. The multi-view classifier based on the
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late integration strategy has the highest performance for most of the endpoints over the
early integration and single-view classification strategies.

Table S1: Top 10 most relevant genes for each endpoint.

gene

GNB2

MT1G
DEXI
RAD52

BIN3
SLC30A1
MT1F
MT2A
RETREG2
RCC1L
MFSD5
SYNGR2
NAAA
THOC1
PACSIN2
ESRP1
ZNF408
HS1BP3
AMDHD2
MAP3K5
PRPSAP1
ZNF76
PEX7
B4GALT7
AP571
NEO1
BTN2A2
CAPN10
SPRY2
CLK4
PORCN
NES
ARNT2
ZBED5

endpoints

Cytotoxic, Deregulation of cellular metabolism, Genotoxic, Overall,
Immunotoxic, Neurotoxic

Environmental hazard, Hepatotoxic, Intestinal toxicity, Nephrotoxic,
Reproductive toxicity, Skin irritation

Genotoxic, Overall, Hepatotoxic, Immunotoxic, Neurotoxic
Carcinogenic, Genotoxic, Overall, Immunotoxic

Cardiovascular toxicity, Deregulation of cellular metabolism, Genotoxic,
Immunotoxic

Environmental hazard, Hepatotoxic, Intestinal toxicity, Nephrotoxic
Environmental hazard, Intestinal toxicity, Nephrotoxic, Skin irritation
Environmental hazard, Intestinal toxicity, Nephrotoxic, Skin irritation
Environmental hazard, Hepatotoxic, Intestinal toxicity, Nephrotoxic
Genotoxic, Overall, Immunotoxic, Neurotoxic

Cardiovascular toxicity, Nephrotoxic, Reproductive toxicity
Cytotoxic, Deregulation of cellular metabolism, Immunotoxic
Deregulation of cellular metabolism, Immunotoxic, Neurotoxic
Environmental hazard, Intestinal toxicity, Nephrotoxic

Asthma, Lung fibrosis

Asthma, Lung fibrosis

Cardiovascular toxicity, Genotoxic

Environmental hazard, Nephrotoxic

Environmental hazard, Intestinal toxicity

Environmental hazard, Intestinal toxicity

Genotoxic, Reproductive toxicity

Overall, Neurotoxic

Overall, Neurotoxic

Overall, Hepatotoxic

Hepatotoxic, Reproductive toxicity

Lung fibrosis, Reproductive toxicity

Nephrotoxic, Skin irritation

Neurotoxic, Reproductive toxicity

Asthma

Asthma

Asthma

Asthma

Asthma

Asthma
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GRAMD4
COPs4
TMEM185B
VRK3
CHPT1
ATG101
SLC16A2
ACTR1B
ALDH9A1
SLC1A5
PRMT1
INPP1
ECE1
TMEMS53
DYRK3
KIAA0930
RGP1
PTPN14
YIF1A
TMED1
TOP3B
NAGA
TNNC1
MRM2
STX6
PQBP1
GFRA3
CCDC170
ARL15
ARMH3
C2orf49
NCDN
PHF7
TSFM
CFAP74
TTC12
ZNF157
RARRES1
PDE6D
PBXIP1
ALG6
NRF1
DHX38

Asthma

Asthma

Carcinogenic

Carcinogenic

Carcinogenic

Carcinogenic

Carcinogenic

Carcinogenic

Carcinogenic

Carcinogenic

Carcinogenic

Cardiovascular toxicity
Cardiovascular toxicity
Cardiovascular toxicity
Cardiovascular toxicity
Cardiovascular toxicity
Cardiovascular toxicity
Cardiovascular toxicity

Cytotoxic

Cytotoxic

Cytotoxic

Cytotoxic

Cytotoxic

Cytotoxic

Cytotoxic

Cytotoxic

Deregulation of cellular metabolism
Deregulation of cellular metabolism
Deregulation of cellular metabolism
Deregulation of cellular metabolism
Deregulation of cellular metabolism
Deregulation of cellular metabolism
Environmental hazard

Genotoxic

Genotoxic

Genotoxic

Overall

Overall

Overall

Hepatotoxic

Hepatotoxic

Hepatotoxic

Hepatotoxic
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SLC39A8

Immunotoxic

ENSA Immunotoxic
USP46 Immunotoxic
APH1B Intestinal toxicity
HAMP Intestinal toxicity
SPAG4 Lung fibrosis
ACSF2 Lung fibrosis
HTRA2 Lung fibrosis
ZNF189 Lung fibrosis
CD14 Lung fibrosis
KYNU Lung fibrosis
ARHGEF2 Lung fibrosis
KCNE5 Nephrotoxic
MARCHF6 Neurotoxic
ZDHHC18 Neurotoxic
RHOG Neurotoxic
TMED3 Reproductive toxicity
GRIK3 Reproductive toxicity
GRK5 Reproductive toxicity
IRF1 Reproductive toxicity
MLLT11 Skin irritation
H3C8 Skin irritation
FAM111A Skin irritation
TXNRD1 Skin irritation
POLR3G Skin irritation
IER5 Skin irritation
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