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ABSTRACT

Carbonaceous nanomaterials (CNMs) are universally being used to make commaodities, as they
present unique opportunities for development and innovation in the fields of engineering, bio-
technology, etc. As technology advances to incorporate CNMs in industry, the potential expo-
sures associated with these particles also increase. CNMs have been found to be associated with
substantial pulmonary toxicity, including inflammation, fibrosis, and/or granuloma formation in
animal models. This study attempts to categorize the toxicity profiles of various carbon allo-
tropes, in particular, carbon black, different multi-walled carbon nanotubes, graphene-based
materials, and their derivatives. Statistical and machine learning-based approaches were used to
identify groups of CNMs with similar pulmonary toxicity responses from a panel of proteins
measured in bronchoalveolar lavage (BAL) fluid samples and with similar pathological outcomes
in the lungs. Thus, grouped particles, based on their pulmonary toxicity profiles, were used to
select a small set of proteins that could potentially identify and discriminate between the tox-
icity profiles associated within each group. Specifically, MDC/CCL22 and MIP-33/CCL19 were
identified as common protein markers associated with both toxicologically distinct groups of
CNMs. In addition, the persistent expression of other selected protein markers in BAL fluid from
each group suggested their ability to predict toxicity in the lungs, i.e. fibrosis and microgranu-
loma formation. The advantages of such approaches can have positive implications for further

ARTICLE HISTORY
Received 5 February 2019
Revised 6 May 2019
Accepted 24 June 2019

KEYWORDS
Pulmonary toxicity;
inflammatory profile;
nanomaterial grouping;
risk assessment

research in toxicity profiling.

1. Introduction

Over the past two decades, the field of nanotechnol-
ogy - aimed to design, characterize, and produce
materials on a nanometer scale — has been fast
growing and has revolutionized many aspects of our
lives. The incorporation of engineered nanoparticles
(NPs) in products used in various industries (e.g.
electronics, manufacturing, construction, energy);
consumer products (e.g. cosmetics, food packaging)
and biomedicine p oses an increased risk of expos-
ure in humans. Incidental human exposure to car-
bonaceous nanomaterials (CNMs) can occur via
treatment of various diseases, as well as through
their presence in manufacturing, occupational, and

environmental settings. Studies of short-term and
prolonged exposure to CNMs, especially carbon
nanotubes, revealed adverse outcomes in the lungs
such as inflammation, fibrosis, and formation of
granulomas in animal models (NIOSH-CIB-65 2013),
suggesting the significance of understanding the
toxicity of CNMs in protecting those exposed. It is
near impossible to test the biological outcomes of
all of the CNMs, which includes both pristine mater-
ial and alterations that may occur along the life cycle
of the particle, because of the time and expense
required to do so. Developing models to forecast
and group NPs based on toxicity responses and the
additional factors that impact such outcomes would
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aid in overcoming the need to assess the toxicity of
each novel NP in a laboratory.

Several considerations have recently been made
to offer frameworks to group or categorize NPs
(Kuempel et al. 2012; Oomen et al. 2014; Arts et al.
2015; Godwin et al. 2015; Arts et al. 2016;
Braakhuis, Oomen, and Cassee 2016). Grouping has
been based on some combination of exposure and
use scenarios, intrinsic and system-dependent prop-
erties, and toxicity end-points in vitro or in vivo.
While these approaches may be sufficient for effect-
ive grouping of NPs, they do not necessarily
address specific mechanisms associated with NP
toxicity and pathology. Complications to current
hazard ranking and generalized mechanisms of tox-
icity of grouped engineered nanomaterials include
methodological inconsistency, variance in, or miss-
ing, end-points across studies considered by differ-
ent groups for evaluating toxicity responses of NPs,
as well as the lack of precise understanding of the
role of different NP characteristics on various bio-
logical responses.

This study presents a statistical/machine-learning
based approach to group together CNMs, in par-
ticular carbon black, multi-walled carbon nanotubes
(MWCNTSs), grapheme, and their derivatives. To
accomplish the goal, a consistent feature that was
measured in all samples was prioritized. In this case,
a panel of proteins measured in lung bronchoalveo-
lar lavage fluid following exposure was utilized. As
a first step, before selecting proteins that could dis-
criminate the responses to different types of CNMs,
a hierarchical cluster analysis was performed to
group CNMs based on similarities in their pulmon-
ary toxicity profiles. Following this, a latent cluster
analysis was performed to see whether similar
groupings of various CNMs would emerge based on
histopathological alterations in lungs. In a recent
study from our group, we have shown that a sparse
classification algorithm would be optimal in select-
ing protein markers that can predict biological or
exposure effects to MWCNTs (Yanamala et al. 2018).
To further extend the applicability of the previous
presented methodology and approach for MWCNTs
to other CNMs, we applied a classification algorithm
to select protein markers to distinguish between
the different groups (e.g. carbon nanotubes, gra-
phene-based materials, and carbon black). This fur-
ther led to identification of potential markers
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through which CNMs could affect the lung and
induce pulmonary toxicity responses, thus allowing
for meaningful grouping of CNMs based on adverse
outcomes in lungs.

2. Materials and methods
2.1. Data selection and pre-filtering/processing

The data used in this study were collected from
various studies (Roberts et al. 2015; Bishop et al.
2017; Roberts et al. 2018; Yanamala et al. 2018) con-
ducted at the National Institute for Occupational
Safety and Healthy (NIOSH), Centers for Disease
Control and Prevention (CDC). All studies referenced
in the paper were conducted in the AAALAC
International accredited NIOSH animal facility in
accordance with the NIOSH Institutional Animal
Care and Use Committee. In this study, the various
training datasets employed consisted of pristine
graphenes of various lateral dimensions (Gr1 -
1Tum; Gr5 —= 5um; Gr20 - 20 um), graphene oxides
(GO - 5um), reduced graphene-oxide (rGO — 5 pum),
pristine as-produced MWCNT (MW-#3, MW-#2), their
polymer-coated counterparts (MW-#3-PC, MW-#2-
PC), MW-#5 (Mitsui-7; MWCNT-7), and carbon black
(CB - is Printex 90 Degussa). All graphene-based
materials including Gr1, Gr5, Gr20, GO, and rGO
were provided by Cabot Corporation, Billerica MA.
Multi-walled carbon nanotube based materials were
generously provided by two companies within the
United States as reported previously (Bishop et al.
2017). This panel of CNMs were chosen considering
variability in particle characteristics such as shape,
size, and surface modifications as well as presence
or absence of adverse pathological outcomes such
as fibrosis or (micro-)granulomatous lesions.

Data corresponding to a panel of ~51 to 54 pro-
teins in the acellular first fraction of brochoalveolar
lavage (BAL) fluid collected from male C57BL/6J
mice exposed by oropharyngeal aspiration to 4 and
40n1g of each particle by various researchers at
NIOSH were obtained. The pathogen-free male
C57BL/6) mice, 8-10weeks of age and weighing
20-259g, were obtained from Jackson Laboratories
(Bar Harbor, ME). Data from a total of 260 animals
with an n>5 animals per group (12 particles * 2
time points * 2 doses * 5 animals/group + 20
vehicle-exposed controls = 260 animals) were
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considered for analysis. The vehicle, physiological
dispersion media (DM), contained mouse serum
albumin (0.6 mg/mL) and 1,2-dipalmitoyl-sn-glycero-
3-phosphocholine (DPPC; 0.01 mg/mL) and was pre-
pared in United States Pharmacopeia (USP)-grade
phosphate-buffered saline (PBS) without calcium
and magnesium. Following the collection and pool-
ing of data from different experimental groups, all
data were standardized, pre-filtered and normalized.
As a preliminary measure, proteins lacking data at
all exposure levels were eliminated from the data-
set. Proteins with values below the limit of detec-
tion were replaced with values equal to half of the
lower limit of quantification values (LLOQ). This
resulted in the evaluation of 46 proteins at 1 and
28d post-exposure. The pre-filtered data was then
normalized by comparing the raw values to their
corresponding controls for each time point and
exposure level. This resulted in fold change values,
which were further log,-transformed for the
final analysis.

2.2. Hierarchical cluster analysis

To identify clusters of carbonaceous nanomaterials
with similar inflammatory responses, a hierarchical
cluster analysis was performed in BAL fluid proteins
at 24h and 28d post-exposure to various MWCNTs,
graphenes, and their derivatives. This analysis also
included responses upon exposure to carbon black
(CB). RStudio (RCoreTeam 2014) was used to per-
form a hierarchical clustering analysis of the sam-
ples respective to protein exposure and time point
in BAL fluid from mice exposed to various nanoma-
terials. This was done using hclust() function in R
via Euclidean distance similarity between samples,
and by utilizing ward.D2 linkage between members
of the clusters. Merging this information allowed for
the creation of heat maps, with shades of colors
corresponding to relative expression levels of the
proteins at each time point and exposure level. The
heat maps and clusters were created using package
heatmap for R (RCoreTeam, 2014).

2.3. Latent class analysis (LCA)

A cluster analysis was applied to the histology data
as observed at endpoints of 60 or 84d post-expos-
ure to CNMs from corresponding studies (Roberts

et al. 2015; Bishop et al. 2017) using the latent class
model (Collins and Lanza 2010), a special type of
finite-mixture modeling (McLachlan and Basford
1988) which allows one to base the clustering on a
statistical model rather than on an algorithm. The
latent class model assumes that the association
between some observed categorical variables can
be explained by the existence of mutually exclusive
latent classes. The key assumption for the model is
that there is conditional or local independence,
given the assignment of the observations to latent
classes. LCA is sometimes viewed as a type of factor
analysis for categorical data, but it can also be
viewed as a type of cluster analysis, where an
assignment procedure minimizes the number of
incorrect assignments for the latent class model
(Goodman 2007). The Akaike information criterion
(AIC) and the Bayesian information criterion (BIC)
are used to determine the number of LCA classes
or clusters. Although there is no general agreement
about the relative value of these two criteria, the
number of clusters determined by minimizing the
BIC statistic is generally more conservative (i.e. rec-
ommends fewer clusters).

The latent class model was fitted using the free-
ware procedure PROC LCA (Lanza et al. 2015) which
was written to work with SAS® software (SAS-
Institute 2004). The pathology data considered for
LCA are from studies (Roberts et al. 2015; Bishop
et al. 2017) where histology slides were quantita-
tively analyzed by certified veterinary pathologists at
Charles River Laboratories (Frederick, MD), who have
been blinded to the different treatment groups
(Roberts et al. 2015; Bishop et al. 2017). Indices of
inflammation, and fibrosis were scored on scale of
0-5, where 0=no observed effect, 1=minimal
response, 2 =mild response, 3=moderate response,
4=marked response, and 5=severe response. The
final dataset has a total of 129 animals which are
nested within the 24 primary sampling units (i.e.
samples collected at 2 different doses from mice
exposed to 12 different CNM particles), or approxi-
mately five animals per sampling unit. In order to
use these in the analysis, the ‘clusters’ option in
PROC LCA was invoked. Bayes theorem is applied to
the modeling results to calculate the posterior class
probabilities, which estimates the probability that an
assignment to a latent class is correct, conditional



on the
the model.

response probabilities determined by

2.4. Sparse supervised machine learning-based
classification for selection of protein markers

The data, consisting of explanatory variables, fold
changes, and class variables as ‘1" or 2" correspond-
ing to type of exposure or exposed versus vehicle-
exposed controls in each case, was used as input to
the algorithm. For this dataset, samples in one
group were labeled with a “1’, while samples in a
second group were labeled with a 2". A sparse
supervised classification algorithm known as ‘lone-
star’ was applied to the data to identify proteins in
lung lavage fluid that can distinguish between con-
trol and exposed groups. ‘Lone-star,” or “l;-, I,-norm
support vector machine (SVM) t-test with RFE’ algo-
rithm has been described previously and success-
fully applied to various cancer-related issues, as well
as been used to identify MWCNT exposure and/or
toxicity (Vidyasagar 2014; Misganaw et al. 2015;
Ahsen et al. 2017; Yanamala et al. 2018). This algo-
rithm was selected based on its intrinsically benefi-
cial SVM characteristics, as well as its ability to
select correlated features independent of noise and
redundancy regardless of varying dataset sizes. The
lone-star algorithm implements several machine
learning ideas such as combined |;-, I,- norm SVM
(Bradley and Mangasarian 1998), stability selection
(Meinshausen and Buhlmann 2010), and recursive
feature elimination (Guyon et al. 2002) to overcome
such problems and identifies a small number of
highly predictive features. Further details corre-
sponding to the algorithm and the precise parame-
ters employed can be found in previous studies
(Ahsen et al. 2017; Yanamala et al. 2018).
Application of this algorithm on each dataset
resulted in a set of proteins that could potentially
differentiate between the classes under comparison,
as well as the estimated percentage of correctly
classified samples. The use of never seen test data
was used to assess the overall performance and
accuracy of the different classification models in
predicting new data, potentially avoiding over-
fitting. The external validation test set considered
for performance evaluation included protein con-
centrations in BAL fluid samples from C57BL/6 mice
exposed to vehicle (i.e. DM), 4 and 40 ug of Gr5 and
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Table 1. Independent validation of the selected predict-
ive markers.

Classification Details of  Prediction accuracy

model TestDataSet (external-validation) Sensitivity Specificity
DM versus Testset1 90.0 80.0 100.0
group 1 (DM) (MW#5)
DM versus Testset2 92.0 80.0 100.0
group 2 (DM) (Gr5)
Group 1 versus  Testset3 100.0 100.0 100.0
group 2 (MW#5) (Gr5)

The prediction accuracies and performance evaluation measures using
independent datasets with protein fold changes from lung lavage fluid
from C57BL6 mice upon aspiration exposure to vehicle (e.g. DM), 4 and
40 ug of Gr5 and 40 pug of MW#5 (i.e. Mitsui-7). The animals were sacri-
ficed on days 1 and 28 following last day of exposure. Specificity corre-
sponds to TN/(TN+FP), sensitivity to TP/(TP+FN) and accuracy is
determined as (TP +TN)/(TP +FP +TN +FN)) (*TN: true negatives; FN:
false negatives; TP: true positives; FP: false positives).

40 ug of MW#5 and were sacrificed at days 1 and
28 post-exposure (Roberts et al. 2015; Yanamala
et al. 2018). Three subsets (Supplemental Table S2)
containing data from vehicle-exposed mice alone
with those representing high dose (40 g) exposure
to MWH#5, testsetl1, exposure to both (4 and 40 pug)
concentrations of Gr5, testset2, and all samples
exposed to both Gr5 and MW#5 without controls or
vehicle-exposed mice, testset3, were created to
evaluate and assess the performance of the gener-
ated models in classifying the
data (Table 1).

new test

3. Results

3.1. Hierarchical cluster analysis identified groups
of nanoparticles with similar inflammatory
responses

A hierarchical clustering analysis (HCA) was per-
formed to distinguish or discriminate the inflamma-
tory responses induced by different types of multi-
walled carbon nanotubes (MW-#5, MW-#3, MW-#3-
PC, MW-#2, MW-#2-PC, graphene-based materials
(graphene [Gr1, Gr5, Gr20], graphene oxide [GOQ],
and reduced graphene oxide [rGO]), and carbon
black (CB). HCA (unlike model-dependent analyses
of supervised machine learning methods) is a
model-free statistical approach that makes no a pri-
ori assumptions about the class identification of
data. The resulting dendrogram from HCA analysis
of a total of 46 proteins in BALF at 1 and 28 days
post oropharyngeal aspiration exposure to different
nanoparticles considered is presented in Figure 1.
The heat maps show areas of protein upregulation
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Figure 1. Hierarchical cluster analysis of proteins in BAL fluid of mice exposed to various graphene based materials, MWCNTSs,
and carbon black. The samples of BAL fluid in mice exposed to 40 pig/mouse concentrations of various CNMs studied along with
respective controls were clustered based on the Euclidean distance metric and ward.D2 clustering method at 24 h and 28 da post-
exposure. The heat map presents relative log,-transformed fold change values of proteins, increasing from blue to red. The data-
set consisted of responses upon exposure to pristine graphenes of various lateral dimensions (Gr1 - 1pm; Gr5 - 5um; Gr20 -
20 um), a graphene oxide (GO — 5 pum), reduced graphene-oxide (rGO - 5um), a MWCNT standard that is commonly employed in
various previous studies; Mitsui-7 (MW-#5), pristine as-produced MWCNT (MW-#3, MW-#2) and their polymer-coated counterparts
(MW-#3-PC, MW-#2-PC) from two different sources, as well as carbon black (CB - is Printex 90 Degussa).

in red and down regulation in blue. Overall, the
dendrogram initially divided nanoparticle exposure
responses into two clusters or groups, one predom-
inantly containing day 1, and the other containing
28 days post-exposure end points (Figure 1). The
first cluster grouped together all 1d post-exposure
carbonaceous nanomaterials except for Grl. Within
this first cluster, a breaking point further divided it
into two sub-clusters. The first sub-cluster contained
only MW-#2, MW-#2-PC, MW-#3, and MW-#3-PC.
Within this sub-cluster, co-clustering between mate-
rials was evident. Even though MW-#3 and MW-#3-
PC (polymer coated) exhibited co-clustering on the
heat map, MW-#3-PC had a much lower fold
change value, indicating less inflammatory response
from MW-#3. Interestingly, MW-#5 (MWCNT-7), a
well-studied material used as a reference, clustered
with the graphenes, in particular rGO, rather than
other MWCNTs i.e. MW-#3 and MW-#3-PC. This sug-
gests that MW-#3 and MW-#3-PC produce a differ-
ential inflammatory response in comparison to MW-
#5 and rGO. The second sub-cluster showed Gr20 in
close proximity to carbon black (CB) and Gr5 in
close proximity to GO at day 1, and rGO in close
proximity to MW-#5 at both 1and 28d (Figure 1).

The second cluster grouped all day 28 post-expos-
ure carbonaceous nanomaterials close to the con-
trol (DM), with the exception of rGO and MW-#5. In
addition, a clear distinction between graphene and
MW-#3, MW-#3-PC, MW-#2, and MW-#2-PC was also
made at this time point (Supplemental Figure S1).
The clustering of rGO and MW-#5 at day 28 post-
exposure with 1d post-exposure responses in gen-
eral suggests a persistence of inflammation similar
to that of the acute response even at 28d in these
nanomaterials. Importantly, 19 out of the 46 eval-
uated proteins were found to differentiate between
persistent and resolving inflammatory responses
upon exposure to various carbonaceous nanopar-
ticles. Of these 19 proteins, MMP-9, MCP-1, and
MCP-3 > IL-6, MIP-1B, and MIP-1y > TIMP-1 mouse,
IP-10, and MCP-5 > IL-18, EGF, GM-CSF, KC/GRO, LIF,
MIP-2, MIP-1a, thrombopoietin, eotaxin, and MDC,
in that order were highly indicative of differing
responses. Overall, HCA suggested the existence of
two different groupings of nanomaterials based on
their inflammatory responses at 1 and 28d in BAL
fluid: (1) rGO and MW-#5, MW-#3, MW-#3-PC, MW-
#2, and MW-#2-PC; (2) GO, Gr20, Gr5, Gr1, and CB
(Figure 1 and Supplemental Figure S1).
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Figure 2. The Akaike Information Criterion (AIC) and the
Bayesian Information Criterion (BIC) statistics are plotted for
one to seven clusters. The clustering was performed using
histopathology data as observed at endpoints of 60 or 84d of
post-exposure to different carbon based nanomaterials
investigated.

3.2. LCA grouped together nanoparticles with
similar lung pathologies

LCA was performed to identify and categorize
nanoparticles based on the sub-types of toxicity
responses observed in the lungs (e.g. fibrosis, gran-
ulomas, bronchiolitis obliterans). While the obliter-
ans results were considered as binary (yes|no), the
fibrosis and granuloma results were further reduced
based on minimum/maximum pathological scores
in each case, for the purposes of LCA, to the five
categories ‘1’ to ‘5’ defined by the following: "1"=0,
2'=(0-0.5), 3'=(0.5-1), 4'=(1-1.7), and
'5'=(>1.7). Figure 2 shows the Akaike Information
Criterion (AIC) and the Bayesian Information
Criterion (BIC). Independent of the method used
both showed local minimums at three clusters. The
modeling results for the three-cluster solution are
shown in Table 2, and the actual profiles for the
three clusters are shown in Table 3, where the pro-
files are based on the results for the 129 subsam-
ples. In general, Table 3 shows that all of the
subsamples in the first cluster were classified into
one of the two highest categories of fibrosis and
granuloma, and were classified with obliterans. The
second and third clusters have no obliterans and
are characterized, respectively, by low and middle
levels of fibrosis and granuloma. The estimated pos-
terior class probabilities were all greater than 0.98,
conditional on the response probabilities found in
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Table 2. The parameter estimates and standard errors for the
three classes or clusters, the five response categories for gran-
ulomas and fibrosis, and the two response categories
for obliterans.

Class membership probabilities: gamma estimates (standard errors)

Class: 1 2 3
0.1713 0.4884 0.3403
0.0796 0.1046 0.0998

Item response probabilities: Rho estimates (standard errors)
Response category 1

1 2 3
Granuloma: 0.0061 0.839 0.0031
0.0028 0.1052 0.0009
Fibrosis: 0.0073 0.9973 0.0037
0.0033 0.0006 0.0011
Obliterans: 0.0175 0.9991 0.9984
0.01 0.0002 0.0005
Response category 2
1 2 3
Granuloma: 0.0012 0.1583 0.0006
0.0005 0.1052 0.0002
Fibrosis: 0.0014 0.0005 0.272
0.0006 0.0001 0.165
Obliterans: 0.9825 0.0009 0.0016
0.01 0.0002 0.0005

Item response probabilities: Rho estimates (standard errors)
Response category 3

1 2 3
Granuloma: 0.0015 0.0005 0.2947
0.0007 0.0001 0.1616
fibrosis: 0.003 0.001 0.5666
0.0014 0.0002 0.1393
Response category 4
1 2 3
Granuloma: 0.4547 0.0016 0.6556
0.2108 0.0003 0.1546
Fibrosis: 0.4968 0.0007 0.157
0.2336 0.0002 0.069
Response category 5
1 2 3
Granuloma: 0.5365 0.0006 0.046
0.2104 0.0001 0.0427
Fibrosis: 0.4916 0.0004 0.0006
0.233 0.0001 0.0002

Table 2. There are generally small differences
between the predicted and actual profiles. For
example, the response probabilities for the highest
levels of fibrosis and granuloma for the first cluster,
found near the bottom of the first column, are esti-
mated as 0.5365 and 0.4916, whereas the actual
proportions, calculated for the 129 subsamples, are
approximately 0.55 and 0.50. The membership for
the three clusters is shown in Table 4. Overall they
can be broadly classified into two clusters of par-
ticles: (a) those with medium and/or highest
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Table 3. The approximate profiles for the three clusters
which contain 4, 12, and 8 sampling units.

Cluster 1 Cluster 2 Cluster 3
Condition n=4 n=12 n=38
Granuloma = 0 0.00 0.84 0.00
Granuloma >0-0.5 0.00 0.16 0.00
Granuloma >0.5-1.0 0.00 0.00 0.30
Granuloma >1.0-1.7 0.45 0.00 0.66
Granuloma >1.7 0.55 0.00 0.05
Fibrosis = 0 0.00 1.00 0.00
Fibrosis >0-0.5 0.00 0.00 0.27
Fibrosis >0.5-1.0 0.00 0.00 0.57
Fibrosis >1.0-1.7 0.50 0.00 0.16
Fibrosis >1.7 0.50 0.00 0.00
No obliterans 0.00 1.00 1.00
Obliterans 1.00 0.00 0.00

The profiles are calculated using the 129 subsamples nested within the
24 samples (12 particles and two different doses investigated).

Table 4. The assignments of the 24 samples to the three dif-
ferent clusters based on Latent Class Analysis of histopatho-
logical alterations in the lungs.

Cluster CNMs

1 MW-#2 and MW-#2-PC

2 CB, Gr1, Gr5, Gr20, and GO

3 MW-#3, MW-#3-PC, MW-#5, and rGO

The dataset consisted of pathological outcomes as observed at day 60
or 84 post-exposure to pristine graphenes of various lateral dimensions
(Gr1 = 1um; Gr5 = 5pum; Gr20 — 20 um), a graphene oxide (GO - 5 pum),
reduced graphene-oxide (rGO - 5pum), a MWCNT standard that is com-
monly employed in various previous studies; Mitsui-7 (MW-#5), pristine
as-produced MWCNT (MW-#3, MW-#2) and their polymer-coated counter-
parts (MW-#3-PC, MW-#2-PC) from two different sources, as well as car-
bon black (CB - is Printex 90 Degussa).

categories fibrosis and granuloma - rGO, MW-#5,
MW-#3, MW-#3-PC, MW-#2, and MW-#2-PC (Table 4,
Cluster #1 and #3); and (b) those that cause no or
low fibrosis or granulomas - CB, Gr1, Gr5, Gr20, and
GO (Table 4, Cluster #2). This is because fibrosis and
granulomatous lesions are most common to all of
them including MW-#2 and MW-#2-PC and obliter-
ans is not commonly observed in nanomaterial
exposure studies.

3.3. Predictive markers selected that could
identify exposure to the groups of carbonaceous
nanomaterials

In order to select markers associated with exposure
to each group of CNMs based on clustering, we
performed a sparse supervised classification algo-
rithm using a binary classification technique. In
order to identify protein markers that would specif-
ically predict exposure to each of the two groups of
nanomaterials identified from the HCA and LCA, the
fold changes of 46 proteins from both vehicle-
exposed controls and exposed mice were analyzed

against each other to identify and select markers
that can distinguish exposures with high accuracy.
High accuracies were indicative of the strong ability
of a set of protein markers to predict exposure to
the nanomaterials in the tested group. These pre-
diction accuracies are shown in Table 5. Comparing
the controls to group 1 yielded a 90.2% accuracy
full and 90.8% accuracy testing by using eight pro-
teins selected as optimal for prediction. The eight
protein markers selected for this differentiation
were eotaxin/CCL11, fibrinogen, FGF-Basic, IL-7, LIF,
MDC/CCL22, MIP-38, and TIMP1-mouse. Comparing
the controls to group 2 yielded a slightly lower
accuracy of 86.4% for full and 85.5% for testing
using 6 selected protein markers, IL-6, M-CSF-1,
MDC/CCL22, MIP-1a, MIP-1y, and MIP-38, differenti-
ating between samples from mice exposed to
group 2 materials and vehicle-exposed controls.
Overall, the controls versus group 2 returned the
lowest accuracy indicating that the responses upon
exposure to CNMs, especially at extended time
points, belonging to group 2 could be indistin-
guishable from controls.

Additionally, it is crucial to understand what
inflammatory factors or proteins discriminate
between the groups of CNMs that had distinct toxi-
cological and pathological outcomes. In order to
select protein markers that discriminate between
the two CNM exposure groups (i.e. group 1 versus
group 2), the proteins from each group were
treated as a single class and analyzed similarly
using the sparse classification algorithm. Evaluating
group 1 in comparison to group 2 yielded a full
accuracy of 87.6% and testing accuracy of 85.6% by
using 14 of the 27 proteins selected during pre-fil-
tering. The 14 protein markers were eotaxin/CCL11,
fibrinogen, FGF-basic, GH, IL-18, IL-5, IL-7, IL-11, IL-
18, MIP-1a, MIP-38, PAI-1, VCAM-1, and vWF. Out of
14 protein markers selected, four protein markers
(eotaxin-1/CCL11, fibrinogen, FGF-basic, and MIP-3j3)
and two (MIP-1a0 and MIP-3B) were part of the
markers selected to be distinguishing between
vehicle-exposed controls and CNMs belonging to
group 2 or group 1, respectively (Figure 3). Further,
the predictive power of the three classification
models and the selected feature sets were eval-
uated using test datasets, which was never used
in training the models. The prediction accuracy
along with performance evaluation measures (e.g.



90.8
85.5
.6

Testing (%)
85

Accuracy

Selected Markers
IL-7, LIF, TIMP-1, MDC, MIP-33

IL-6, M-CSF-1, MIP-17, MIP-1a,
IL-1B, IL-5, IL-11, PAI-1, VCAM-1

IL-18, vWF, Fibrinogen, IL-7, GH,
The reported low- and high-dose levels correspond to 4 g and 40 ug per mouse for oropharyngeal aspiration exposure. All particles reported had low and high dose levels at days 1 and 28 post-exposure time

MDC, MIP-3f3
Eotaxin, FGF-Basic, MIP-1a, MIP-1p,

Eotaxin, Fibrinogen, FGF-Basic,

Full (%)
90.2
86.4
87.6

Accuracy

Carbon
Black

B

CB

Multi-walled carbon
nanotubules
MW-#5, MW-#3, MW-#3-PC,

MW-#2, MW-#2-PC

MW-#5, MW-#3, MW-#3-PC,
MW-#2, MW-#2-PC

Graphene-based
materials
Gr20, GO

GO, Gr1, Gr20,
Gr5, GO

Gr1, Gr5,

GO

Time
Points
24h, 28d
24h, 28d
24h, 28d

Controls

Feature Size
Post t-test
38
32
27

Sample Size
(Class 1, Class 2)
159 (31, 128)
132 (31, 101)

Table 5. Details of the training and test datasets for building the classification models along with markers selected by the corresponding trained models of each group for optimal
229 (128, 101)

classification of the exposure to CNMs belonging to each group from vehicle-exposed (DM) controls and different groups.

Gr5 - 5um; Gr20 - 20 um); a graphene oxide (GO — 5pum); reduced graphene-oxide (rGO — 5pum); Mitsui-7 (MW-#5); pristine as-produced MWCNT (MW-#3 and MW-#2) and their polymer-coated counterparts

points with the exception of Gr1, GO, and Gr20, at day 28, which only had data high-dose exposure. Physiological dispersion media or vehicle (DM); Pristine graphenes of various lateral dimensions (Gr1 - 1 pum;
(MW-#3-PC and MW-#2-PC) from two different sources; carbon black (CB - is Printex 90 Degussa).

Group 1 versus group 2

(Exposure Method)
DM versus group 1
DM versus group 2

Dataset Name
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sensitivity and specificity) is reported in Table 1.
Importantly, the selection of set of markers as dis-
criminating features between exposure to groups 1
and 2 resulted in the overall higher accuracy of pre-
diction than the DM versus group 1/group 2 mod-
els. Interestingly the specificity, which determines
how often the model can truly classify a CNM
exposed sample, was 100% in each case irrespective
of the overall accuracies (Table 1). This suggests
that the identified and selected markers in each
case have the potential to serve as predictive
markers of exposure to each type of CNM consid-
ered as well as can discriminate between CNMs
with and without adverse pathological outcomes.

4, Discussion

In this study, we present an approach to group or
categorize various CNMs (i.e. multi-walled carbon
nanotubes, graphene-based materials, carbon black,
and/or their derivatives) based on their altered pro-
tein secretion profiles in BALF and pulmonary
pathological outcomes following exposure. As a first
step, hierarchical cluster analysis was performed to
identify subgroups of CNMs with similar pulmonary
response profiles using a panel of proteins meas-
ured in the BAL fluid at 1 and 28d post-exposure
to each material investigated. Following this, a LCA
was performed to show the similarity between pro-
tein and pathology based groupings. This allowed
us to assign all the CNMs, considered as part of this
study, to two toxicologically distinct groups, groups
1 and 2. Finally, a sparse supervised classification
algorithm was applied to the data to select protein
markers that would distinguish between these two
distinct groups, as well as between vehicle-exposed
controls versus exposure to set of CNMs segregated
under each group.

HCA assigned all the CNMs investigated as part
of this study to two distinct groups, groups 1 and
2, based on their inflammatory responses at 1 and
28d in BAL fluid. While all graphene-based materi-
als, with the exception of reduced graphene-oxide
(rGO), along with CB were separated into group 2,
the different types of MWCNTs were all grouped
together into group 1. However, within group 1, a
co-clustering of (a) MW-#3 and MW-#3-PC, (b) MW-
#2 and MW-#2-PC, and (c¢) rGO and MW-#5 was
observed, suggesting that MWCNTs with different
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DM vs Group 1
(rGO, MW-#5, MW-#3,

MW-#3-PC,MW-#2,
MW#2-PC)

Eotaxin
Fibrinoge!
FGF-basic
IL-7

MDC/CCL22
MIP-3p

MIP-18, IL-18, vWF, GH, IL-
1B, IL-5, IL-11, PAI-1,
VCAM-1

DM vs Group 2
(Gr1, Gr5, Gr20,
GO, CB)

IL-6
M-CSF-1
MIP-1y/CCL9

Acute
Inflammation &
Tissue
damage/repair

Persistent
inflammation &
Vascular damage.

Group 1 vs Group 2

Figure 3. Selected protein markers were found to be extremely predictive of pathological outcomes associated with graphene-
based materials, MWCNTSs, and carbon black. Successful predictions were attained in the classifier model when comparing group 1
CNMs (rGO, MW-#5, MW-#3, MW-#3-PC,MW-#2, and MW-#2-PC) with group 2 (Gr1, Gr5, Gr20, GO, and CB). Vehicle or physiological
dispersion media (DM); Pristine graphenes of various lateral dimensions (Gr1 — 1pum; Gr5 — 5um; Gr20 — 20 um); a graphene
oxide (GO - 5pum); reduced graphene-oxide (rGO — 5 pm); Mitsui-7 (MW-#5); pristine as-produced MWCNT (MW-#3, MW-#2) and
their polymer-coated counterparts (MW-#3-PC, MW-#2-PC) from two different sources; carbon black (CB - is Printex 90 Degussa).

physicochemical properties produce a slightly differ-
ent inflammatory response. This is further in line
with the fact that the properties of these CNMs,
even though belonging to the same family of
materials, i.e. MWCNTs, are rather different. The
LCA-based segregation of CNMs on histological
responses including fibrosis, microgranulomas, and
proliferative bronchiolitis obliterans also resulted in
similar groupings. Importantly, CNMs from group 1
were classified to be belonging to medium and/or
highest categories of fibrosis and granuloma (a)
without obliterans - rGO, MW-#5, MW-#3 and MW-
#3-PC; and (b) with obliterans - MW-#2 and MW-#2-
PC. Thus, a possible explanation for the slight separ-
ation of MW-#2 and MW-#2-PC within the overall
clustering of Group 1 CNMs. In fact, fibrosis and
granulomatous lesions were most common to all of
Group 1 CNMs including MW-#2 and MW-#2-PC,
while obliterans was only observed in MW-#2 and
MW-#2-PC exposure studies.

Significantly, two markers, MDC/CCL22 and MIP-
3B (Figure 3), were selected as common markers
that could distinguish exposure to any of the CNMs
from their respective controls investigated as part
of this study. Even though MDC was selected as a
marker for predicting general pulmonary particulate

exposure, a sustained increase in MDC levels (e.g.
day 28) was associated only with CNMs belonging
to group 1, in particular MW-#3, MW-#3-PC, rGO,
and MWCNTs (Figures 1 and Supplemental Figures
S1 and S2). Interestingly, a persistent increase in
MDC levels over time upon exposure to these CNM
materials in this study was correlated with adverse
outcomes such as fibrosis and microgranuloma for-
mations (Table 2 and Figures 1 and 2). This is in
line with previous studies that found increased
MDC/CCL22 in mouse models of human fibrotic
lung disease (Belperio et al. 2002), rat radiation
pneumonitis/pulmonary fibrosis (Inoue et al. 2004),
and rats treated with cigarette smoke (Ritter et al.
2005). Additionally, MDC/CCL22 was also found to
be highly elevated in first responders with pulmon-
ary diseases following the 2001 collapse of the
World Trade Center (Nolan et al. 2012). Studies eval-
uating cytokine profile in BALF of lung transplant
recipients also showed that the markers identified, i.
e. MDC/CCL22 and MIP-33/CCL19, have been found
to be early onset markers predictive of lung failure
due to bronchiolitis obliterans syndrome (Meloni
et al. 2008). In contrast to group 1 CNMs, exposure
to particles such as CB or other group 2 materials
resulted in  neither fibrosis/microgranuloma
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formation nor showed sustained expression of
MDC/CCL22 in the lungs over time (Supplemental
Figures S1 and S2, compare rGO/MW-#5 with group
2 CNMs at different post-exposure time points).

In addition to MDC/CCL22 and MIP-33/CCL19, a
panel of six protein markers was identified to differ-
entiate between CNM particles of group 1 from
group 2 or controls with a high accuracy, shown in
Table 5. These protein markers were eotaxin/CCL11,
fibrinogen, FGF-basic, LIF, TIMP1,0uses and IL-7
(Figure 3). Eotaxin/CCL11, one of the six protein
markers identified as discriminating, has the ability
to upregulate lung eosinophil and neutrophil accu-
mulation and to increase the expression of profibro-
genic cytokines (Huaux et al. 2005). In addition to
being an important mediator in eosinophil-medi-
ated inflammatory reactions, eotaxin/CCL11 was
shown to regulate neutrophil recruitment into the
lungs leading to inflammatory damage (Guo et al.
2001). Similarly, increased levels of eotaxin/CCL11
upon exposure to group 1 particles in this study
were inline with the presence of eosinophilic
inflammation and accumulation of PMNs in the BAL
fluid (Bishop et al. 2017). Additionally, FGF-basic lev-
els was found to be elevated in children with
severe community acquired pneumonia, an infec-
tion marked by inflammation (Haugen et al. 2015).
TIMP-1 expression was found to be up-regulated
and associated with fibrogenic responses to bleo-
mycin in rodents (Kim et al. 2005; Manoury et al.
2006; Reinert et al. 2013). IL-7 was found to be
linked to early inflammatory responses in the saliv-
ary gland, lungs, and liver (Zhou et al. 2015). The
selection of eotaxin/CCL11, FGF-basic, TIMP-1, and
IL-7 is further supported by the sustained presence
of PMN'’s even after 28 d post-exposure for group 1
particles (Roberts et al. 2015; Bishop et al. 2017). Of
the protein markers selected to discriminate group
1 from unexposed controls (Figure 1 and Table 2),
eotaxin/CCL11, TIMP-1, and FGF-basic are all che-
mokines that contribute to Ty2-related allergic and
immune responses. IL-7, in particular, was reported
to accelerate neutrophil recruitment (Wynn 2004;
Dong et al. 2016). The detected protein patterns in
BAL fluid were able to successfully classify/group
different CNM samples, thus establishing a connec-
tion between identified protein markers in the BAL
fluid to that of lung pathology.
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Moreover, a significant increase in the expression
of certain cytokines (e.g. MDC/CCL22, eotaxin/
CCL11, FGF-basic, TIMP-1, and fibrinogen), selected
to predict exposure to group 1 CNMs, were
reported to be associated with Th2 granulomatous
inflammation and fibrosis (Chiu et al. 2003; Chensue
2013). Notably, exposure to all of the CNM particles
in group 1 showed fibrosis and/or granulomatous
lesions, albeit with differences in severity (Bishop
et al. 2017; Yanamala et al. 2018). In fact, research
has shown that FGF-basic, TIMP-1, and fibrinogen
have all been found to exacerbate the fibrotic
response in interstitial lung diseases (Inoue et al.
1996; Shibata et al. 2013; Giannandrea and Parks
2014). Another study reported increased levels of
fibrinogen in granulomatous lesions in horses with
chronic pulmonary disease (Winder et al. 1990). LIF
also showed levels of elevation in a study of granu-
loma annulare, suggesting a similar link (Friedman-
Birnbaum et al. 1983). Collectively, these findings
suggest that the selected protein markers could dif-
ferentiate CNMs causing persistent inflammation
with fibrosis and/or formation of granulomatous
lesions in the lungs from exposures that resolved
over time. Thus, MDC/CCL22's sustained expression
together with other protein markers (e.g. IL-7, FGF-
basic, fibrinogen, TIMP-1, etc.) could be critical in
classifying CNMs associated with adverse pulmonary
outcomes including fibrosis and granulomatous
inflammation (Yanamala et al. 2018). Even though
proteins such as MMP-9, MCP-1 and MCP-3 were
highly overexpressed compared to controls (i.e. DM
exposed animals), they were not among the pro-
teins that discriminated neither between each CNM
group nor those exposed to CNMs compared to
controls (Figure 3). This may because they are either
expressed upon exposure to all CNMs belonging to
both groups at earlier timepoints (Figure 1) or
showed increased levels upon exposure to only cer-
tain CNM materials of group 2 at later time points
of post-exposure (Supplemental Figures S1 and S2).
This could have contributed toward their ability to
be identified and selected as proteins that could
discriminate biological and pathological responses
of exposure to group 1 CNMs from that of group 2
using only days 1 and 28 post-exposure.

Four proteins, IL-6, M-CSF-1, MIP-1a, and MIP-1y
(Figure 3), in addition to eotaxin/CCL11, were
selected as protein  markers capable of
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differentiating between the vehicle-exposed con-
trols and exposure to CNMs of group 2. Group 2
particles showed an acute inflammation albeit with
a lack of persistence inflammation at 28d post-
exposure (Figure 1). IL-6, MIP-1a, and MIP-1y have
been found to be heavily associated with the acute
inflammatory response, while controlling the devel-
opment of chronic inflammation by eliciting an
immune response. This response is produced by
shifting the leukocyte infiltrate from neutrophils
to macrophages (Gabay 2006; Krafts 2010).
Additionally, IL-6, MIP-1a, MIP-1y, and M-CSF-1 have
been found to be chemoattractants associated with
wound healing and repair during tissue damage
(Krafts 2010; Jones and Ricardo 2013). Similarly, pre-
vious studies have shown the persisting presence of
macrophages even after 28d post-exposure in
group 2 particles, particularly graphenes (Roberts
et al. 2015; Bishop et al. 2017). This further suggests
and supports the ability of these protein markers to
discriminate between CNMs belonging to group 2
from controls but not group 1, in particular those
that are associated with short-term inflammation
which resolves over time.

There have been multiple considerations and
suggestions put forth in the literature regarding
how to classify and group NMs for safety assess-
ments (Kuempel et al. 2012; Arts et al. 2014; Lynch,
Weiss, and Valsami-Jones 2014; Arts et al. 2015,
2016; Riebeling et al. 2017). Based on the physico-
chemical properties of CNMs some of them, in par-
ticular MWCNTs, could resist clearance and
degradation leading to persistence and accumula-
tion in the lungs. Such persistence of particles,
some of which have a high aspect ratio, in the
lungs can lead to chronic inflammation, interstitial
fibrosis, granuloma formation, and carcinogenicity
(Poland et al. 2008; Mercer et al. 2011). Fibrosis as a
pathological outcome, in particular, is observed in
most chronic inflammatory diseases as well as
nanomaterial exposures (Wynn 2008; Wynn and
Ramalingam 2012). Although typically increased
inflammation precedes or coincides with the devel-
opment of fibrosis, results from a variety of experi-
mental models suggest that fibrosis is not always
characterized by intense continued inflammation.
This may be due to the shift in the Th1/Th2 cyto-
kine response of the immune cells especially the
macrophages found in close proximity of the

fibrotic site. Studies investigating the gene expres-
sion patterns of fibrotic tissues in Th1/Th2 polarized
mice showed markedly different inflammatory
response and fibrotic granulomas. While Th1-polar-
ized mice developed small granulomas with less
fibrosis, they expressed genes characteristic of tis-
sue damage. In contrast, Th2-polarized mice formed
large granulomas with massive collagen deposition
and up-regulated genes associated with wound
healing (Sandler et al. 2003). This is further corrobo-
rated by our study. The proteins that discriminated
exposure to group 1 CNMs from group 2 were rep-
resented by markers associated with persistent
inflammation and vascular damage (Figure 3). This
is also inline with the increased risk of vascular dis-
eases associated with idiopathic pulmonary fibrosis.
In particular, exposure to CNMs in group 1 was
accompanied by enhanced pulmonary fibrosis and
granulomatous lesions. Thus, this study identified a
set of protein markers with an attempt to facilitate
the grouping of NMs based on the correlations
found in both BALF inflammatory proteins
and pathological manifestations in the lungs.
Identification of specific markers predictive of such
biological responses, will not only help us under-
stand the process leading to toxicity but can also
be applied as a confirmation or screening tool for
grouping NPs into toxicologically relevant groups,
thus limiting the amount of testing needed for risk
assessment of nanomaterials.

Several limitations were inherent to this study.
One effect that was not considered as an adverse
outcome in this study was the potential for carcino-
genicity. Importantly, two materials that were
included as part of this study, i.e. MW#5 from group
1 and CB from group 2 CNMs were both reported
to induce lung cancer in animal models and desig-
nated as group 2B carcinogens, or possibly carcino-
genic to humans, by IARC (Heinrich et al. 1995;
Mohr et al. 2006; Sargent et al. 2014; Kasai et al.
2015a, 2015b). Such studies are completely absent
for graphene-based materials. The necessary data
needed to model carcinogenic outcomes including
species differences (e.g. rat versus mouse), evalu-
ation of pathological outcomes at longer time-
points and lack of studies for certain CNMs, were
not within the scope of this study. In the current
study, CNMs segregated into group 1, in general,
showed a relatively increased hazard when



compared to group 2 CNM materials that were less
potent in terms of fibrosis, inflammation and granu-
lomatous lesions in the lungs. These results do sug-
gest that severity/persistence of inflammation or
developing pathology may not necessarily be linked
to carcinogenicity for the CNMs evaluated.
However, having a nanomaterial (i.e. CB) that is
classified as ‘possibly carcinogenic’ for humans in
the ‘benign’ or ‘non-hazardous’ group (group 2
CNMs) definitely has implications. Thus, care should
be taken when interpreting the findings outlined in
this paper. The segregation of CNMs into group 2
does not mean they are ‘safe’ or ‘non-hazardous’
but rather these CNMs exhibit similarities in the
outcomes and endpoints initially inputted in the
model. Further studies incorporating various meas-
urements (e.g. cellular influx, cell viability/toxicity
responses, DNA damage, changes in genes/proteins,
disease markers and other endpoints) to clarify
the segregation of CNM materials into different
groups and their relationship to specific CNM
characteristics.

5. Conclusions

The power of this approach is the opportunity for
continued adaptation and inclusion of discrimin-
atory parameters. For example, in this work we con-
sidered a single consistent feature (e.g. analyzed
protein analytes from lavage) in relationship to
pathological outcomes as a proof of concept. As
toxicity of NMs can be multi-parametric and typic-
ally involves assessing various end-points, the mod-
eling approach described can be broadened to
include, for example, other toxicity endpoints (e.g.
cell death, DNA damage, and omics profiles) and
intrinsic material and function-related properties.
However, it would be advantageous if the toxicity
endpoints and assessed material properties are
harmonized across studies. By creating a decision-
making framework for grouping and testing nano-
materials, it was indicated that most likely grouping
of nanomaterials will provide preliminary hypothe-
ses as to mode of action while potentially laying
the foundation for the development of adverse out-
come pathways. Inclusion of a modeling approach,
such as the methods described within, has the pos-
sibility to predict and prioritize potential mode of
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action by linking material properties and

adverse outcomes.
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