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ABSTRACT

Background: To enhance the accuracy of allergen detection in cosmetic compounds,
we developed a co-culture system that combines HaCaT keratinocytes (transfected
with a luciferase plasmid driven by the AKR1C2 promoter) and THP-1 cells for
machine learning applications.

Methods: Following chemical exposure, cell cytotoxicity was assessed using CCK-8
to determine appropriate stimulation concentrations. RNA-Seq was subsequently
employed to analyze THP-1 cells, followed by differential expression gene (DEG)
analysis and weighted gene co-expression net-work analysis (WGCNA). Using two
data preprocessing methods and three feature extraction techniques, we constructed
and validated models with eight machine learning algorithms.

Results: Our results demonstrated the effectiveness of this integrated approach. The
best performing models were random forest (RF) and voom-based diagonal
quadratic discriminant analysis (voomDQDA), both achieving 100% accuracy.
Support vector machine (SVM) and voom based nearest shrunken centroids
(voomNSC) showed excellent performance with 96.7% test accuracy, followed by
voom-based diagonal linear discriminant analysis (voomDLDA) at 95.2%. Nearest
shrunken centroids (NSC), Poisson linear discriminant analysis (PLDA) and
negative binomial linear discriminant analysis (NBLDA) achieved 90.5% and 90.2%
accuracy, respectively. K-nearest neighbors (KNN) showed the lowest accuracy at
85.7%.

Conclusion: This study highlights the potential of integrating co-culture systems,
RNA-Seq, and machine learning to develop more accurate and comprehensive in
vitro methods for skin sensitization testing. Our findings contribute to the
advancement of cosmetic safety assessments, potentially reducing the reliance on
animal testing.

Subjects Bioinformatics, Cell Biology, Immunology, Data Mining and Machine Learning
Keywords Machine learning, Skin sensitization, Co-culture, THP-1, RNA-Seq

INTRODUCTION

An important endpoint for consumer and occupational safety assessment is
chemical-induced skin sensitization, which is an allergic reaction caused by repeated skin
exposure to a single substance or mixture (United Nations, 2017). Continuous skin
sensitization can lead to allergic contact dermatitis (ACD), a severe skin condition that
affects consumer health and the experience of using cosmetic products (Kimber et al.,
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2002). Following the implementation of Cosmetics Regulation 1223/2009 and similar
legislation in 2009, traditional animal testing for cosmetic products and ingredients has
been progressively banned. As a result, there has been a growing demand for non-animal
testing methods, with increasing requirements for accuracy (European Union, 2009). Based
on the complexity of the biological processes involved in allergic reactions, the OECD Test
Guidelines break down the allergy Adverse Outcome Pathway (AOP) into four key events
(KEs): (i) covalent binding of electrophilic substances to nucleophilic sites in skin proteins
initiates downstream activation (Enoch et al., 2011); (ii) keratinocyte activation (Emter,
Ellis & Natsch, 2010); (iii) dendritic cell (DC) activation (Ashikaga et al., 2010); (iv)
proliferation of T cells in the lymph nodes (Gerberick et al., 2007). From key events (i) to
(iii), various methods such as direct peptide reactivity assay (DPRA), KeratinoSens™™ and
the human cell line activation test (h-CLAT) have been developed, but their accuracy
remains unsatisfactory. To improve the accuracy, the following integrated approaches to
testing and assessment (IATA) methods have been established (Rovida et al., 2015).

The Genomic Allergen Rapid Detection (GARD) method employs transcriptome wide
microarray analysis in a myeloid cell line to assess 200 transcriptomic biomarkers, which
function as predictive signatures (Johansson et al., 2011, 2014). Microarrays, which provide
limited gene-related data, use pre-designed probes to capture specific mRNA sequences
(Karakach et al., 2010). With the advancement of next-generation sequencing (NGS)
technology, RNA-Seq has been widely applied to protein-coding genes, non-coding RNA,
and immune genes, with the cost and sequencing time rapidly decreasing (Qiao et al,
2024). The researchers used RNA-Seq to analyze the changes in the expression of the THP-
1 gene and molecular mechanism under different treatment conditions (Zhang et al,
2016). Weighted gene co-expression network analysis (WGCNA), which can cluster genes
with similar expression patterns and examine the relationships between these modules, is
widely applied in studies investigating the association between phenotypic traits and gene
expression (Langfelder & Horvath, 2008).

Machine learning (ML), a branch of artificial intelligence, comprises numerous
algorithms such as support vector machine (SVM) (Cortes ¢» Vapnik, 1995), random forest
(RF) (Breiman, 2001), K-nearest neighbors (KNN) (Begum, Chakraborty ¢ Sarkar, 2015)
and linear discriminant analysis (LDA) (Goksuluk et al., 2019). With the increase in data
and advances in computing power, ML has found extensive applications in RNA-Seq data
analysis, including gene expression data classification (Wang et al., 2018), feature selection
(Li et al., 2016), differential gene expression analysis, and the development of classification
and prediction models (Johansson et al., 2014). The GARD method achieves high
sensitivity and accuracy by using SVM to classify and predict tested compounds. It has
been established as one of the OECD 442E standard methods (OECD, 2024). Co-culture
systems offer several advantages over monoculture-based assays, including facilitating
intercellular crosstalk and enabling the combination of multiple key events in a single assay
(Thélu, Catoire ¢ Kerdine-Romer, 2020). To date, numerous THP-1 co-culture methods
have been employed, primarily involving the co-culture of different cell types and the
co-culture of reconstructed human epidermis. Hennen developed a co-culture model
comprising HaCaT keratinocytes and THP-1 cells, which has demonstrated excellent
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potential for identifying skin sensitizers (Hennen ¢ Blomeke, 2017). Galbiati et al. (2020)
showed that keratinocytes promote DC activation by co-culturing the epithelial-like cell
line NCTC2544 with THP-1 cells. Schellenberger et al. (2019) combined RHE in coculture
with THP-1 cells placed underneath RHE, applying compounds using topical exposure to
avoid issues related to water solubility.

In this present study, we focused on the evaluation of RNA-Seq analysis of THP-1 in
co-cultured system to predict sensitizing and non-sensitizing compounds. The co-cultured
combines two different cell types (HaCaT transfected with a luciferase plasmid driven by
the AKR1C2 promoter and THP-1) that address KE2 and KE3 of AOP. The overall
experimental design, as depicted in Fig. 1. In the first step, we co-cultured HaCaT and
THP-1 cells; compounds were added, and cytotoxicity was assessed. In a second step, we
collected the THP-1 cells, extracted the RNA and performed transcriptome sequencing.
Finally, data processing, machine learning model construction and prediction were
performed. Based on the results of this study, we established a robust experimental design
that compared different data processing methods, feature selection, and various machine
learning models to evaluate their impact on prediction accuracy. These results provide
valuable insights for future applications.

MATERIALS AND METHODS

Regents

A total of 15 (excluding blank) chemical compounds (Table 1), including 10 skin
sensitizing compounds and 5 none-sensitizing compounds, were used for subsequent
cells stimulation, RNA-Seq data generation, and supervised machine learning model
construction. Tert-butylhydroquinone (THBQ), 2,4-dinitrochlorobenzene (DNCB),
2-mercaptobenzothiazole, phenylacetaldehyde, sodium dodecyl sulfate (SDS), isopropanol
(IPA) and DMSO were purchased from Sigma-Aldrich (St. Louis, MO, USA).
p-phenylenediamine, resorcinol, diphenylcyclopropenone, eugenol, isoeugenol,
1,2-dibromo-2,4-dicyanobutane, glycerol and squalane were purchased from Shanghai
Macklin Biochemical Technology Co., Ltd., (Macklin, Shanghai, China).

Cell culture and maintenance

THP-1, a human monocytic leukemia cell line, was purchased from Shanghai Zhong Qiao
Xin Zhou Biotechnology Co., Ltd (Shanghai, China) and cultured in RPMI-1640 medium
(Shanghai BasalMedia Technologies Co., LTD, Shanghai, China) with 10% fetal bovine
serum (FBS) (Gibco, Waltham, MA, USA) and 50 pM 2-mercaptoethanol (Sigma Aldrich,
St. Louis, MO, USA) at 37 °C and 5% CO,. According to the OECD442E standards, THP-1
cells were routinely seeded every 2-3 days at a density of 0.1 to 0.2 x 10° cells/mL and
maintained at densities of 0.1 to 1.0 x 10° cells/mL.

HaCaT (Human Keratinocytes Cells), harboring a luciferase reporter gene plasmid
under the control of AKR1C2 gene promoter, was engineered in-house. HaCaT cells were
cultured in DMEM medium (Cytiva, Burlington, MA, USA) + 10%FBS (Gibco, Waltham,
MA, USA) + 200 pg/mL G418 (Sigma Aldrich, St. Louis, MO, USA) to maintain the gene
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Figure 1 Flow chart of the experiment. GFF, general feature format; GTF, gene transfer format; FPKM,
fragment per kilobase of transcript; TPM, transcripts per million; WGCNA, weighted gene co-expression
network analysis; SVM, support vector machine; NSC, nearest shrunken centroids; KNN, K-nearest
neighbor. Full-size k&l DOI: 10.7717/peer;.18672/fig-1
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Table 1 Chemical compounds.

Compound Abbreviation Chemical abstract service (CAS)  Pro-/pre-hapten
Tert-butylhydroquinone THBQ 1948-33-0 Prehapten
2,4-dinitrochlorobenzene DNCB 97-00-7 Hapten
p-phenylenediamine Phenyle 106-50-3 Prehapten
Resorcinol Resorcinol 108-46-3 Prohapten
2-mercaptobenzothiazole Mercap 149-30-4 Hapten
Diphenylcyclopropenone Dipheny 886-38-4 Hapten
Eugenol Eugenol 97-53-0 Prohapten
Phenylacetaldehyde Phenylac 122-78-1 Hapten
Isoeugenol Isoeugenol 97-54-1 Prehapten
1,2-dibromo-2,4-dicyanobutane  bromoml 35691-65-7 Hapten
Sodium dodecyl sulfate SDS 151-21-3 -
Isopropanol IPA 67-63-0 -
Glycerol Glycerol 56-81-5 -
Squalane Squalane 111-01-3 -
Dimethyl sulfoxide DMSO 67-68-5 -

Blank Blank Blank -

at 37 °C and 5% CO, in a humidified atmosphere. Cells should avoid grow to full
confluence.

Co-culture and chemical compound treatment
The co-culture system was set up according to the following described method. In brief,
when the HaCaT cells reached 80-90% confluency, they were digested with 0.25% trypsin
(Cytiva, Burlington, MA, USA), collected, and seeded into 96-well plates at a density of
10,000 cells per well for 24 h. THP-1 cells were collected, centrifuged, and re-suspended in
fresh RPMI-1640 medium supplemented with 10% FBS at 2 x 10° cells/mL. Then cells are
distributed into HaCaT-seeded 96 wells plate with 80 uL (1.6 x 10° cells/well).

The compounds listed in Table 1 were dissolved in DMSO to create stock solutions with
a concentration of 500 mg/mL. Eleven concentrations were subsequently prepared using
two-fold serial dilutions. These stock solutions were then further diluted 250-fold in
RPMI-1640 + 10% FBS medium. Finally, 80 pL of the prepared solutions were added 1:1 to
the treated 96-well plates and incubated for 48 h at 37 °C and 5% CO..

Cell viability

After 48 h of treatment, the treated cells were collected 100 pL cells per well. The
supernatant medium was added 10 pL of CCK-8 (Life-iLab, Shanghai, China) solution to
each well and incubated the plate in the incubator for 2-4 h. THP-1 cell viability was
determined using standard calculation methods.
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RNA-Seq

Bulk RNA from THP-1 cells was extracted using TRIzol (Thermo Fisher Scientific,
Waltham, MA, USA) user guide. The concentration and purity of RNA samples were
evaluated using Nanodrop 2000 spectrophotometer (Thermo Fisher Scientific, Waltham,
MA, USA) and checked on Agilent 2100 Bioanalyzer. The mRNA was enriched by
TIAN-Seq mRNA Capture (TTANGEN Biotech, Beijing, China), the transcriptome
sequencing library was construct using TTANSeq Fast RNA Library kit. After amplification
using the cBot cluster generation system, RNA libraries were sequenced using the Illumina
platform NovaSeq 6000 to obtain 150 bp paired end reads. RNA-Seq data had been
deposited in the NCBI Sequence Read Archive (SRA) under BioProject accession number
PRJNA1148804.

Bioinformatics

General

Clean data of FASTQ format were obtained by removing adapters and low-quality base
with Trim_galore (v0.6.10). Paired-end clean reads were aligned to Homo sapiens reference
genome (GRCh38) using Hisat2 (v2.2.1), and Rsubread (v2.12.3) was used to count the
reads number mapped to each gene. The obtained raw reads data were used for subsequent
analysis. Image visualization was performed using ggplot2 (v3.5.1). The RNA-Seq data
processing was conducted using a workflow constructed with Snakemake. For detailed
usage instructions and workflow configuration, please refer to the GitHub repository
available at https://github.com/erwinQiao/rna-seq-hisat2-featureCounts.

Principal component analysis

For PCA analysis, DESeqDataSet values from varianceStabilizingTransformation (vst)
were adjusted using the removeBatchEffect function in limma (3.54.2) to remove batch
effects. As shown in Fig. S1, vst-transformed data were clustered using the hclust function
and outlier samples were excluded before proceeding with subsequent analyses. PCA plot
was generated using plotPCA function from the DESEq2 packages.

Differential expression gene analysis

Differential expression gene were generated using the DESeq function from DESeq2
package using the default setting (Love, Huber ¢ Anders, 2014). Samples were grouped
according to sensitizing properties of the compounds (Positive or Negative). The negative
group was used as the reference standard for differential analysis and Significant RNA
expression was defined as those with adjust p-value < 0.05 and |log,FC| > 1. A volcano plot
was generated using the ggplot2 package, and a heatmap was created using the
pheatmap package. Differential expression genes were selected based on the criteria of
|log,FoldChange| > 1.5 and adjust p-value < 0.05.

Kyoto Encyclopedia of Genes and Genomes and Gene Ontology

Enrichment analyses of KEGG pathways and GO terms were performed using
enrichKEGG and enrichGO functions from the clusterProfiler package in R (Yu et al.,
2012). Differentially expression gene sets were using log2FoldChange and adjusted p-value.
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A multiple correction has been performed with the p-adjust function using the “BH”
method. Both KEGG and GO visualizations were created using the ggplot2 package.

WGCNA

We utilized WGCNA package in R to construct a co-expression network following the
general steps outlined below: 1. The pickSoftThreshold function was employed to identify
the optimal soft thresholding power (B). 2. bolckwiseModules function was used to
con-struct the automatic network and module detection. 3. To relate modules to allergic
traits, gene significance (GS) and module membership (MM) were calculated. The
corresponding gene information of the modules was extracted for further analysis. Genes
were filtered based on their weight, and the selected network was visualized using
Cytoscape software (v3.10.1).

Machine-learning algorithms for classification

We used the MLSeq package, which is a comprehensive tool for applying machine learning
algorithms to the classification of RNA-Seq data. MLSeq input data consisted of raw
counts, preprocessing included transformation and normalization. We compared two
preprocessing methods: deseq-vst and trimmed mean of M means (tmm)-logcpm.
Additionally, we assessed the impact of three feature selection approaches on the results:
(1) the top 100 features with the highest gene-wise variances; (2) differential expression
analysis to select 50 upregulated genes and 50 downregulated genes; and (3) selecting the
top 100 genes with the highest weights from allergen-associated gene modules identified by
WGCNA.

We split the data into two parts: 60% for the training dataset and 40% for the test
dataset. In this experiment, the tenfold cross-validation technique was used to calculate the
model performance based on the scores. In this study, we employed eight different
machine learning methods, including support vector machine (SVM), random forest (RF),
k-nearest neighbors (KNN), nearest shrunken centroids (NSC)/voom nearest shrunken
centroids (voomNSC), poison linear discriminant analysis (PLDA) and negative binomial
linear discriminant analysis (NBLDA), voom-based diagonal quadratic discriminant
analysis (voomDQDA), and voom-based diagonal linear discriminant analysis
(voomDLDA). All algorithms (Fig. 1) were used with default parameters.

Statistical analysis

Cell assays were performed in triplicate in this study and data are presented as mean +
standard deviation (SD). RNA-Seq data were subjected to multiple testing correction using
the Benjamini-Hochberg method. An adjusted p-value and p-value < 0.05 were considered
significant. The allergic group and non-allergic group contained 18 and six samples
respectively, with a minimum of two technical replicates. The statistical power of this
experimental design, calculated using RNASeqPower (1.38.10), is 0.803. The results of cell
viability were graphed using GraphPad Prism 9, while other results were visualized using
R 4.0.3.
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RESULTS

Selection of chemical compounds concentrations

The cytotoxicity of 15 test compounds listed in Table 1 was assessed using THP-1 cells
across a concentration range of 1,000 to 3.9 pg/mL. Cell viability was assessed after 48 h of
treatment using the CCK-8 assay.

Among the 15 chemical compounds, IPA, glycerol, squalane and DMSO exhibited the
lowest cytotoxicity, with IC50 values greater than 1,000 pg/mL. To identify suitable
concentrations for subsequent experiments, we determined the highest concentration for
each compound that maintained at least 80% cell viability. Based on the results shown in
Fig. 2, the final concentrations of the samples used were determined as follows: double
THBQ concentration (dATHBQ): 62.5 ng/mL; THBQ: 31.25 pg/mL; double DNCB (dDNCB):
3.9 ng/mL; DNCB: 1.95 pg/mL; double p-phenylenediamine (dPhenyle): 7.81 pg/mL; p-
phenylenediamine: 2.9 pg/mL; double resorcinol(dresorcinol): 62.5 pg/mL; resorcinol: 51.25
pg/mL; double 2-mercaptobenzothiazole (dMercap): 3.90 pg/mL; 2-mercaptobenzothiazole:
1.95 pg/mL; double diphenylcyclopropenone(dDipheny): 1.95 pug/mL;
diphenylcyclopropenone: 0.98 pg/mL; double eugenol: 62.5 pg/mL; eugenol: 31.2 pg/mlL;
phenylacetaldehyde: 7.8 ug/mL; double isoeugenol: 3.9 ng/mL; isoeugenol: 1.95 ug/mL; 1,2-
dibromo-2,4-dicyanobutan(bromoml): 3.9 pg/mL; SDS: 31.25 pg/mL.

Differential Expression Gene Analysis

RNA-Seq analysis identified 1,224 differentially expressed genes (DEGs) out of 19,267
genes between the allergenic (positive) and non-allergenic (negative) group. (|log,FC| > 1,
adjusted p-value < 0.05). Specific gene expression differences are detailed in the
Supplemental Material.

The PCA results depicted in Fig. 3A illustrated the distribution of chemical compounds
from the positive and negative groups. The first two principal components (PC1 and PC2)
accounted for 84% of the total variance, with PC1 explaining 58% and PC2 ex-plaining
16% of the variance.

The heatmap in Fig. 3B used DEGs that meet the criteria of |log,FoldChange| > 1.5 and
padj < 0.05. The gene expression profiles shown in this heatmap were consistent with the
results observed in Fig. S1, demonstrating a clear distinction between sensitizers and non-
sensitizers. Weak sensitizers showed an intermediate expression pattern that was
distinguishable from non-sensitizers but less pronounced than that of strong sensitizers. A
volcano plot illustrating the distribution of DEGs was shown in Fig. 3C. Red and blue dots
represented significantly up-regulated and down-regulated genes respectively, while grey
dots indicate genes that did not meet the significance.

KEGG and GO

As shown in the KEGG enrichment dotplot in Fig. 3D, the DEGs revealed significant
enrichment in several pathways (adjusted p-value < 0.05). The top enriched pathways
included cytokine-cytokine receptor interaction, MAPK signaling pathway, PI3K-Akt
signaling pathway, transcriptional misregulation and IL-17 signaling pathway.
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Significantly over-represented biological processes (BP), molecular functions (MF) and
cellular components (CC) were identified by GO enrichment analysis (Fig. 3E). Top
enriched GO terms in BP included myeloid leukocyte migration, cell chemotaxis,
granulocyte migration and leukocyte chemotaxis with associated genes such as CSF1,
SLAMES, S100A14 and S100A9. Top enriched GO terms in CC were growth factor
binding, protein tyrosine, receptor ligand activity and cytokine receptor binding with
related gene such as CSF1, DUSP2, NGF and LEFTY1. The details of the cellular
components (CC) are shown in Fig. 3E.

WGCNA and allergic significant module identification

Based on the results from the Figs. 4 and S2, diphenylcyclopropenone (Diphenyl), Eugenol,
phenylacetaldehyde (Phenylac), Isoeugenol, and 2,4-dinitrochlorobenzene (Bromoml)
were selected as allergenic group, while the remaining negative samples were categorized as
non-allergenic group. A total of 28 samples were subsequently used for WGCNA analysis
and 26,225 genes were clustered and grouped in-to 16 modules based on their expression
patterns (Fig. 4A). The sample dendrogram and heat map of the traits are shown in the
Fig. S2. The RsquaredCut was set as 0.83, = 8 was determined to be the powerEstimate
soft-thresholding power (Fig. S3). The correlations between MEs and clinical traits
(allergy) were analyzed (Fig. 4B). With respect to the allergy, two modules showed strong
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correlations. The green module showed a significant positive correlation (r = 0.63, p = 4 x
10™%), while the turquoise module showed a strong negative correlation (r = —0.63, p = 4 x
10*) (Fig. 4B). Compared to the other modules, the green module was associated with
allergy and modules showed a high level of positive correlation (Fig. 4C). To focus on the
most significant gene-gene interactions, we filtered the edges based on their weights,
selecting only those with a weight greater than 0.3. The filtered network was visualized
using Cytoscape, providing a clear graphical representation of the gene interactions

(Fig. 4D). The edges were sorted in descending order based on their weights and we
selected the top 100 genes that were prepared as in-put features for subsequent machine

learning analysis.

Machine learning

As shown in Table 2, we evaluated four machine learning methods (RF, KNN, SVM and
NSC/voomNSC) using different feature selection approaches: top 100 variables by variance
(Var 100) genes, DEG (100) genes and WGCNA (100) genes. After processing the raw
count data with the deseq-vst method, the RF algorithm, trained using WGCNA feature
selection method, achieved training accuracy of 86.7% and testing accuracy of 100%. The
tmm-logcpm data processing method combined with the DEG feature selection produced
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Figure 4 The analysis of WGCNA. (A) Gene dendrogram obtained by clustering the dissimilarity with the corresponding module colors indicated
by the color row. (B) Relationships of consensus module eigengenes and allergy. (C) The scatter plot of module membership in green module and
gene significance for allergy. (D) Protein-protein interaction (PPI) network of genes in the green. WGCNA, weighted correlation network analysis.
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the best results (training accuracy: 83.3%; test accuracy: 95.2%), as shown in Table 3. Using
deseq-vst with DEG features selection, KNN achieved a test accuracy of only 61.9%. In
contrast, using the tmm-logcpm processing method, the KNN model achieved a test

accuracy of 81%.

The SVM classifier exhibited excellent performance across different kernel functions,
feature extraction methods, and data processing methods. With the exception of the
combination of deseq-vst data processing and Vars feature extraction method, all other
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Table 2 Comparison of training and test accuracies for three feature selection methods using deseq-vst data processing.

ML classifier
(deseq-vst)

1°* Method with 2°4 Method 34 Method with
Vars (100) genes with DEG (100) genes WGCNA (100) genes

Train accuracy Test accuracy Train accuracy Test accuracy Train accuracy Test accuracy

Random forest (RF) 0.871 0.810 0.867 0.857 0.862 0.905
K-nearest neighbors (KNN) 0.867 0.810 0.867 0.857 0.867 0.857
Support vector machine (SVM)(svmRadial/Poly) 0.871/0.933 0.905/0.857 0.931/0.933 0.905/0.905 0.90/0.90 0.905/0.905
Nearest shrunken centroids (NSC)/voomNSC 0.833/0.90 0.619/0.9524  0.90/0.90 0.905/0.619 0.833/0.833 0.619/0.619

Table 3 Comparison of training and test accuracies for three feature selection methods using tmm-logcpm data processing.

ML classifier
(tmm-logcpm)

1°* Method with 2" Method 3" Method with
Vars (100) genes with DEG (100) genes WGCNA (100) genes

Train accuracy Test accuracy Train accuracy Test accuracy Train accuracy Test accuracy

Random forest (RF) 0.833 0.905 0.867 0.952 0.862 0.905
K-nearest neighbors (KNN) 0.833 0.667 0.867 0.810 0.867 0.857
Support vector machine (SVM)(svmRadial/Poly) 0.867/0.90 0.905/0.952 0.90/0.90 0.905/0.905 0.896/0.866 0.952/0.857

Nearest shrunken centroids (NSC)/voomNSC 0.867/0.8333 0.952/0.619  0.867/0.967 0.905/0.810  0.833/0.833 0.619/0.619

feature extraction techniques resulted in test accuracy exceeding 90% for both kernel types
(Tables 2 and 3). This study used a variety of linear discriminant analysis (LDA) algorithms,
including negative binomial linear discriminant analysis (NBLDA), Poisson linear
discriminant analysis (PLLDA), voomDLDA and voomDQDA, to classify the allergenic
compounds. The combination of deseq data processing method and DEG feature extraction
method caused a notable improvement for PLDA, achieving a 90.5% test accuracy. Notably,
the voomDQDA model demonstrated superior performance when using deseq-vst
processed data, achieving test and training accuracy of over 90% (Tables 4 and 5). Table S1
presented that the use of the Var feature selection method, in which 50 genes were selected
as features and processed with DESeq-vst, achieving high accuracy. Table S2, employing
60% of the data as test data, showed that the DEG (100) model achieved an accuracy
exceeding 85%, while the Var (100) model attained an accuracy above 75%.

DISCUSSION

In this study, eight machine learning models were utilized to predict the allergenic
potential of chemical compounds. Predicting the potential for skin sensitization is crucial
for the risk assessment of the use of these compounds. The RNA-seq data utilized in this
study were obtained from THP-1 cells derived from HaCaT/THP-1 co-culture system. In
recent years, RNA-Seq technology has matured significantly and has become a routine
method for detecting gene expression changes (Wang, Gerstein ¢» Snyder, 2009). We
utilized RNA-Seq data as input for our machine learning models to explore new
perspectives that could be used in allergy prediction.
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Table 4 Comparison of training and test accuracies for three feature selection methods using deseq data processing.

ML classifier 1% Method with 2™ Method 3* Method with
(deseq) Vars(100) genes with DEG(100) genes WGCNA(100) genes
Train Test Train Test Train Test
accuracy accuracy accuracy accuracy accuracy accuracy
Poisson linear discriminant analysis (PLDA) 0.733 0.810 0.6 0.571 0.633 0.857
Negative binomial linear discriminant analysis (NBLDA) 0.621 0.762 0.516 0.905 0.700 0.810
Voom-based diagonal linear discriminant analysis 0.700 0.810 0.867 0.905 0.700 0.810
(voomDLDA)
Voom based diagonal quadratic discriminant analysis 0.800 0.905 0.837 1 0.833 0.9524
(voomDQDA)

Among common sensitizers, pre-haptens and pro-haptens (Table 1) require
spontaneous air oxidation or enzyme-mediated activation to convert into sensitizers, as
keratinocytes cells containing key metabolic enzymes such as cytochrome P450 (Eskes
et al., 2019; Swanson, 2004). In the co-culture system involving THP-1 and HaCaT/
keratinocytes cells (Hennen ¢» Blomeke, 2017), which represent KE2 and KE3 in AOP for
skin sensitization. Eskes et al. demonstrated that HaCaT cells co-cultured with THP-1 cells
have the potential to increase the response to pro-haptens chemicals (Eskes et al., 2019). In
contrast, Sawada et al. (2022) utilized keratinized normal human epidermal keratinocytes
(NHEK) and THP-1 cells. We linked the AKR1C2 promoter to luciferase plasmid,
electroporated plasmid into HaCaT cells, and selected the cells, which were used to
represent KE2. The HaCaT cells can also be used in OECD 442D luciferase assays to assist
in verifying skin sensitization. Most skin sensitization assays involving THP-1 co-culture
systems use flow cytometry to detect CD86 and CD54, which rely on single or few markers
for classification (Nukada et al., 2011). Therefore, we used RNA-Seq for comprehensive
analysis of co-cultured THP-1 transcript expression, which can help identify better
biomarkers and provide deeper insights into the underlying mechanisms. Simultaneously,
to broaden the model’s applicability and mitigate bias due to the limited sample size, we
conducted experience on a more diverse selection of chemical compounds including varied
molecular structures, antigenic properties, and potency categories.

Microarrays based on hybridization of fluorescently labeled cDNA to pre-designed
probes on a chip have been widely used for clustering and classification of continuous
expression data (Stears, Martinsky ¢» Schena, 2003). The initial GARD workflow used
Affymetrix’s RMA algorithm for normalization (Johansson et al., 2013). Subsequently, the
advanced GARD workflow converted microarray data to the NanoString nCounter
platform to facilitate better assessment of biomarker characteristics (Forreryd et al., 2016).
Robinson, Wang ¢ Storey (2015) discovered that PCR quantitative validation of
microarrays may exhibit greater systematic bias than RNA-seq, particularly for genes with
low expression intensity. Due to superior performance, integrative RNA-seq analysis and
machine learning methods are applied to explore the key genes, disease classification
(Bostanci et al., 2023), and potential mechanisms.
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Table 5 Comparison of training and test accuracies for three feature selection methods using tmm data processing.

ML classifier 1% Method with 2™ Method 3* Method with
(tmm) Vars (100) genes with DEG (100) genes WGCNA (100) genes
Train Test Train Test Train Test
accuracy accuracy accuracy accuracy accuracy accuracy
Poisson linear discriminant analysis (PLDA) 0.767 0.619 0.6 0.667 0.645 0.5238
Negative binomial linear discriminant analysis (NBLDA) 0.567 0.524 0.567 0.714 0.600 0.5238
Voom-based diagonal linear discriminant analysis 0.667 0.810 0.867 0.905 0.710 0.810
(voomDLDA)
Voom based diagonal quadratic discriminant analysis 0.806 0.857 0.833 1 0.833 0.905
(voomDQDA)

In the context of machine learning analysis of RNA-Seq data, feature extraction is a
critical step. When selecting feature extraction methods, factors such as dataset size and
complexity, computational efficiency, and diversity of results are important concerns.
Methods such as recursive feature elimination for gene selection (Escanilla et al., 2018) and
PCA for dimensions reduction to extract important features are viable options. In this
study, we compared three methods: the most basic variance (var100), DE analysis, and
WGCNA. Var is the most direct and simplest method, focusing purely on the data
perspective. DE analysis is a conventional approach for group comparisons. Figure 3A
shows the PCA distribution where the samples are not completely separated from the
perspective of PC1 and PC2, which is generally consistent with the result of Henrik.
Figures 3B and 3C presented heatmap and volcano plot related to the distribution of
differentially expressed genes. Figures 3D and 3E show the enrichment of differential genes
in pathways such as cell chemotaxis, granulocyte migration, and MAPK signaling pathway,
which are all related to DC maturation and allergy (Miyazawa et al., 2007).

Many algorithms have been proposed to classify based on continuous log intensities
obtained from microarray experiments. It is reported that RNA sequencing data, derived
from genome alignment raw counts, are excessively dispersed, with the count variance
exceeding the mean (Goksuluk et al., 2019). Therefore, using appropriate data processing
can not only enhance accuracy but also enable analysis in conjunction with microarray
algorithms. In this study, we applied machine learning algorithms to the classification of
RNA-Seq data using the MLSeq (2.22.0) R package. Normalization methods containing
deseq median ratio (deseq) and trimmed mean of M means (TMM) were used to correct
systematic variations biases in RNA-Seq data. After completing the normalization process,
NBLDA and PLDA can be used directly for classification. Witten assumed that RNA-Seq
counts follow a Poisson distribution and consequently proposed sparse PLDA as a
classification algorithm for RNA-Seq data (Witten, 2011). However, PLDA performs
deteriorates when the counts are over-dispersed. The results from Tables 1 and 2 show that
among the three feature extraction methods, only WGCNA achieved 90% performance
with PLDA, while the others performed relatively poorly. Dong used edgeR to perform the
gene selection for NBLDA classifier and He also noted the use of network information of
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pathways for better testing. In our results, we found that the WGCNA feature processing
method combined with the DESeq normalization method achieved relatively good results
(NBLDA).

Common transformation techniques included variance stabilizing transformation (vst)
(differential expression), logarithm of counts per million reads (logcpm) (Robinson,
McCarthy ¢ Smyth, 2010) and variance modelling at observational level (voom)

(Law et al., 2014) that can be used to make discrete RNA-seq data hierarchically more
similar to microarray data. VoomNSC is a sparse classifier that models the relationship
between the mean and the variance using the voom method. It incorporates the precision
weights from voom into the NSC classifier through weighted statistics (voomDDA).
Dudoit extended diagonal discriminant classifiers to voomDLDA and voomDQDA, which
use all features for classification (Dudoit, Fridlyand ¢» Speed, 2002). In the research results,
voomDQDA and voomDLDA demonstrated better training performance compared to
voomNSC, regardless of the feature selection method or data processing approach used.
Notably, voomDQDA consistently achieved accuracy rates above 85%. We believe this
advantage stems from two main factors: the robustness of the voom method and the
strengths of diagonal algorithms. Traditional machine learning methods such as KNN, RF,
and SVM were also used for testing. Both GARD and the improved GARD utilized SVM as
the classifier, demonstrating SVM excellent performance. The effect of different kernels
(Radial and Poly) on test and train accuracy was also compared. The results showed that
the SVM accuracy was below 90% when using the vars feature selection combined with
deseq-vst data processing. Additionally, the Poly kernel required a longer model
construction time. In Forreryd’s (2016) study, the RF model achieved an accuracy of 100%.
However, in our study, RF reached 100% accuracy only when using deseq-vst combined
with WGCNA for feature selection. Balanced accuracy (Table S3) can balance sensitivity
and specificity, providing a more equitable view of model performance in the presence of
class imbalance. Although we have employed various models and rigorous validation
techniques to mitigate the limitations posed by the sample size and to ensure that the
model can capture relevant patterns, further testing of more molecules is still needed to
ensure broader ranges.

CONCLUSIONS

Our research presents an integrated approach combining co-culture systems, RNA-Seq,
and machine learning techniques to provide a more comprehensive assessment of
allergenic compounds. This multifaceted strategy offers a holistic perspective,
high-throughput data, and advanced analysis capabilities. However, we acknowledge
several challenges, including sample size limitations, model accuracy, and model
interpretability. To date, there has been no alternative testing method that can
sub-categorize skin sensitizers into UN GHS subcategories 1A and 1B. By pursuing these
future directions, we aim to enhance the robustness, accuracy, and applicability of our
approach, ultimately contributing to safer consumer products and more effective risk
assessment strategies.

Qiao et al. (2024), PeerdJ, DOI 10.7717/peerj.18672 15/19


http://dx.doi.org/10.7717/peerj.18672/supp-8
http://dx.doi.org/10.7717/peerj.18672
https://peerj.com/

Peer/

ADDITIONAL INFORMATION AND DECLARATIONS

Funding

The authors received no funding for this work

Competing Interests
The authors declare that they have no competing interests. The authors are all employed
by Pigeon Manufacturing (Shanghai) Co., Ltd.

Author Contributions

* Wu Qiao conceived and designed the experiments, performed the experiments, analyzed
the data, prepared figures and/or tables, authored or reviewed drafts of the article, and
approved the final draft.

 Tong Xie analyzed the data, prepared figures and/or tables, and approved the final draft.

¢ Jing Lu performed the experiments, authored or reviewed drafts of the article, and
approved the final draft.

» Tinghan Jia conceived and designed the experiments, authored or reviewed drafts of the
article, and approved the final draft.

Data Availability
The following information was supplied regarding data availability:

The raw sequence reads are available at NCBI: PRINA1148804; SRR30271542—
SRR30271594.

https://www.ncbi.nlm.nih.gov/sra/?term=PRJNA1148804.

The raw data are available in the Supplemental Files.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peer;j.18672#supplemental-information.

REFERENCES

Ashikaga T, Sakaguchi H, Sono S, Kosaka N, Ishikawa M, Nukada Y, Miyazawa M, Ito Y,
Nishiyama N, Itagaki H. 2010. A comparative evaluation of in vitro skin sensitisation tests: the
human cell-line activation test (h-CLAT) versus the local lymph node assay (LLNA).
Alternatives to Laboratory Animals 38(4):275-284 DOI 10.1177/026119291003800403.

Begum S, Chakraborty D, Sarkar R. 2015. Data classification using feature selection and kNN
machine learning approach. In: 2015 International Conference on Computational Intelligence
and Communication Networks (CICN), 811-814.

Bostanci E, Kocak E, Unal M, Guzel MS, Acici K, Asuroglu T. 2023. Machine learning analysis of
RNA-seq data for diagnostic and prognostic prediction of colon cancer. Sensors (Basel)
23(6):3080 DOI 10.3390/523063080.

Breiman L. 2001. Random forests. Machine Learning 45:5-32 DOI 10.1023/A:1010933404324.

Cortes C, Vapnik V. 1995. Support-vector networks. Machine Learning 20(3):273-297
DOI 10.1007/BF00994018.

Qiao et al. (2024), Peerd, DOI 10.7717/peerj.18672 16/19


https://www.ncbi.nlm.nih.gov/sra/?term=PRJNA1148804
https://www.ncbi.nlm.nih.gov/sra/?term=SRR30271542
https://www.ncbi.nlm.nih.gov/sra/?term=SRR30271594
https://www.ncbi.nlm.nih.gov/sra/?term=PRJNA1148804
http://dx.doi.org/10.7717/peerj.18672#supplemental-information
http://dx.doi.org/10.7717/peerj.18672#supplemental-information
http://dx.doi.org/10.7717/peerj.18672#supplemental-information
http://dx.doi.org/10.1177/026119291003800403
http://dx.doi.org/10.3390/s23063080
http://dx.doi.org/10.1023/A:1010933404324
http://dx.doi.org/10.1007/BF00994018
http://dx.doi.org/10.7717/peerj.18672
https://peerj.com/

Peer/

Dudoit S, Fridlyand J, Speed TP. 2002. Comparison of discrimination methods for the
classification of tumors using gene expression data. Journal of the American Statistical
Association 97(457):77-87 DOI 10.1198/016214502753479248.

Emter R, Ellis G, Natsch A. 2010. Performance of a novel keratinocyte-based reporter cell line to
screen skin sensitizers in vitro. Toxicology and Applied Pharmacology 245(3):281-290
DOI 10.1016/j.taap.2010.03.009.

Enoch SJ, Ellison CM, Schultz TW, Cronin MT. 2011. A review of the electrophilic reaction
chemistry involved in covalent protein binding relevant to toxicity. Critical Reviews in
Toxicology 41(9):783-802 DOI 10.3109/10408444.2011.598141.

Escanilla NS, Hellerstein L, Kleiman R, Kuang Z, Shull JD, Page D. 2018. Recursive feature
elimination by sensitivity testing. Proceedings of the International Conference on Machine
Learning Application 2018:40-47 DOI 10.1109/ICMLA.2018.00014.

Eskes C, Hennen J, Schellenberger MT, Hoffmann S, Frey S, Goldinger-Oggier D, Peter N,
Van Vliet E, Blomeke B. 2019. The HaCaT/THP-1 cocultured activation test (COCAT) for skin
sensitization: a study of intra-lab reproducibility and predictivity. Altex 36:613-622
DOI 10.14573/altex.1905031.

European Union. 2009. Regulation (EC) No. 1223/2009 of the European Parliament and of the
Council of 30 November 2009 on cosmetic products. Brussels, Belgium: European Parliament and
Council of the European Union.

Forreryd A, Zeller KS, Lindberg T, Johansson H, Lindstedt M. 2016. From genome-wide arrays
to tailor-made biomarker readout—progress towards routine analysis of skin sensitizing
chemicals with GARD. Toxicology in Vitro 37(2):178-188 DOI 10.1016/.tiv.2016.09.013.

Galbiati V, Maddalon A, Iulini M, Marinovich M, Corsini E. 2020. Human keratinocytes and
monocytes co-culture cell system: an important contribution for the study of moderate and weak
sensitizers. Toxicology in Vitro 68(11):104929 DOI 10.1016/j.tiv.2020.104929.

Gerberick GF, Ryan CA, Dearman R]J, Kimber I. 2007. Local lymph node assay (LLNA) for
detection of sensitization capacity of chemicals. Methods 41(1):54-60
DOI 10.1016/j.ymeth.2006.07.006.

Goksuluk D, Zararsiz G, Korkmaz S, Eldem V, Zararsiz GE, Ozcetin E, Ozturk A,
Karaagaoglu AE. 2019. MLSeq: machine learning interface for RNA-sequencing data.
Computer Methods and Programs in Biomedicine 175(3):223-231
DOI 10.1016/j.cmpb.2019.04.007.

Hennen J, Blomeke B. 2017. Keratinocytes improve prediction of sensitization potential and
potency of chemicals with THP-1 cells. Altex 34:279-288 DOI 10.14573/altex.1606171.

Johansson H, Albrekt AS, Borrebaeck CA, Lindstedt M. 2013. The GARD assay for assessment of
chemical skin sensitizers. Toxicology in Vitro 27(3):1163-1169 DOI 10.1016/.tiv.2012.05.019.

Johansson H, Lindstedt M, Albrekt AS, Borrebaeck CA. 2011. A genomic biomarker signature
can predict skin sensitizers using a cell-based in vitro alternative to animal tests. BMC Genomics
12(1):399 DOI 10.1186/1471-2164-12-399.

Johansson H, Rydnert F, Kiihnl J, Schepky A, Borrebaeck C, Lindstedt M. 2014. Genomic
allergen rapid detection in-house validation—a proof of concept. Toxicological Sciences
139(2):362-370 DOI 10.1093/toxsci/kfu046.

Karakach TK, Flight RM, Douglas SE, Wentzell PD. 2010. An introduction to DNA microarrays
for gene expression analysis. Chemometrics and Intelligent Laboratory Systems 104(1):28-52
DOI 10.1016/j.chemolab.2010.04.003.

Kimber I, Basketter DA, Gerberick GF, Dearman RJ. 2002. Allergic contact dermatitis.
International Immunopharmacology 2(2-3):201-211 DOI 10.1016/S1567-5769(01)00173-4.

Qiao et al. (2024), PeerdJ, DOI 10.7717/peerj.18672 17/19


http://dx.doi.org/10.1198/016214502753479248
http://dx.doi.org/10.1016/j.taap.2010.03.009
http://dx.doi.org/10.3109/10408444.2011.598141
http://dx.doi.org/10.1109/ICMLA.2018.00014
http://dx.doi.org/10.14573/altex.1905031
http://dx.doi.org/10.1016/j.tiv.2016.09.013
http://dx.doi.org/10.1016/j.tiv.2020.104929
http://dx.doi.org/10.1016/j.ymeth.2006.07.006
http://dx.doi.org/10.1016/j.cmpb.2019.04.007
http://dx.doi.org/10.14573/altex.1606171
http://dx.doi.org/10.1016/j.tiv.2012.05.019
http://dx.doi.org/10.1186/1471-2164-12-399
http://dx.doi.org/10.1093/toxsci/kfu046
http://dx.doi.org/10.1016/j.chemolab.2010.04.003
http://dx.doi.org/10.1016/S1567-5769(01)00173-4
http://dx.doi.org/10.7717/peerj.18672
https://peerj.com/

Peer/

Langfelder P, Horvath S. 2008. WGCNA: an R package for weighted correlation network analysis.
BMC Bioinformatics 9(1):559 DOI 10.1186/1471-2105-9-559.

Law CW, Chen Y, Shi W, Smyth GK. 2014. voom: precision weights unlock linear model analysis
tools for RNA-seq read counts. Genome Biology 15(2):R29 DOI 10.1186/gb-2014-15-2-129.

Li J, Cheng K, Wang S, Morstatter F, Trevino R, Tang J, Liu H. 2016. Feature selection: a data
perspective. ACM Computing Surveys 50(6):1-45 DOI 10.1145/3136625.

Love MI, Huber W, Anders S. 2014. Moderated estimation of fold change and dispersion for
RNA-seq data with DESeq2. Genome Biology 15(12):550 DOI 10.1186/s13059-014-0550-8.

Miyazawa M, Ito Y, Yoshida Y, Sakaguchi H, Suzuki H. 2007. Phenotypic alterations and
cytokine production in THP-1 cells in response to allergens. Toxicology in Vitro 21(3):428-437
DOI 10.1016/j.tiv.2006.10.005.

Nukada Y, Ashikaga T, Sakaguchi H, Sono S, Mugita N, Hirota M, Miyazawa M, Ito Y, Sasa H,
Nishiyama N. 2011. Predictive performance for human skin sensitizing potential of the human
cell line activation test (h-CLAT). Contact Dermatitis 65(6):343-353
DOI 10.1111/j.1600-0536.2011.01952.x.

OECD. 2024. Test No. 442E: in vitro skin sensitisation: in vitro skin sensitisation assays addressing
the key event on activation of dendritic cells on the adverse outcome pathway for skin sensitisation.
OECD guidelines for the testing of chemicals, section 4. Paris: OECD.

Qiao W, Xie T, Lu J, Jia T, Kaku K. 2024. Identification of potential hub genes associated with
atopic dermatitis-like recombinant human epidermal model using integrated transcriptomic
and proteomic analysis. Biomolecules and Biomedicine 24:89-100 DOI 10.17305/bb.2023.9439.

Robinson MD, McCarthy DJ, Smyth GK. 2010. edgeR: a Bioconductor package for differential
expression analysis of digital gene expression data. Bioinformatics 26(1):139-140
DOI 10.1093/bioinformatics/btp616.

Robinson DG, Wang JY, Storey JD. 2015. A nested parallel experiment demonstrates differences
in intensity-dependence between RNA-seq and microarrays. Nucleic Acids Research 43:e131
DOI 10.1093/nar/gkv636.

Rovida C, Alépée N, Api AM, Basketter DA, Bois FY, Caloni F, Corsini E, Daneshian M,
Eskes C, Ezendam J, Fuchs H, Hayden P, Hegele-Hartung C, Hoffmann S, Hubesch B,
Jacobs MN, Jaworska J, Kleensang A, Kleinstreuer N, Lalko J, Landsiedel R, Lebreux F,
Luechtefeld T, Locatelli M, Mehling A, Natsch A, Pitchford JW, Prater D, Prieto P,
Schepky A, Schiiiirmann G, Smirnova L, Toole C, van Vliet E, Weisensee D, Hartung T.
2015. Integrated testing strategies (ITS) for safety assessment. Altex 32:25-40
DOI 10.14573/altex.1411011.

Sawada Y, Tsukumo H, Fukuda J, Iijima K, Itagaki H. 2022. Co-culture of THP-1 cells and
normal human epidermal keratinocytes (NHEK) for modified human cell line activation test (h-
CLAT). Applied Sciences 12(12):6027 DOI 10.3390/app12126207.

Schellenberger MT, Bock U, Hennen J, Groeber-Becker F, Walles H, Blomeke B. 2019. A
coculture system composed of THP-1 cells and 3D reconstructed human epidermis to assess
activation of dendritic cells by sensitizing chemicals after topical exposure. Toxicology in Vitro
57:62-66 DOI 10.1016/j.tiv.2019.02.002.

Stears RL, Martinsky T, Schena M. 2003. Trends in microarray analysis. Nature Medicine
9:140-145 DOI 10.1038/nm0103-140.

Swanson HI. 2004. Cytochrome P450 expression in human keratinocytes: an aryl hydrocarbon

receptor perspective. Chemico-Biological Interactions 149(2-3):69-79
DOI 10.1016/.cbi.2004.08.006.

Qiao et al. (2024), PeerdJ, DOI 10.7717/peerj.18672 18/19


http://dx.doi.org/10.1186/1471-2105-9-559
http://dx.doi.org/10.1186/gb-2014-15-2-r29
http://dx.doi.org/10.1145/3136625
http://dx.doi.org/10.1186/s13059-014-0550-8
http://dx.doi.org/10.1016/j.tiv.2006.10.005
http://dx.doi.org/10.1111/j.1600-0536.2011.01952.x
http://dx.doi.org/10.17305/bb.2023.9439
http://dx.doi.org/10.1093/bioinformatics/btp616
http://dx.doi.org/10.1093/nar/gkv636
http://dx.doi.org/10.14573/altex.1411011
http://dx.doi.org/10.3390/app12126207
http://dx.doi.org/10.1016/j.tiv.2019.02.002
http://dx.doi.org/10.1038/nm0103-140
http://dx.doi.org/10.1016/j.cbi.2004.08.006
http://dx.doi.org/10.7717/peerj.18672
https://peerj.com/

Peer/

Thélu A, Catoire S, Kerdine-Romer S. 2020. Immune-competent in vitro co-culture models as an
approach for skin sensitisation assessment. Toxicology in Vitro 62(12):104691
DOI 10.1016/j.tiv.2019.104691.

United Nations. 2017. Globally harmonized system of classification and labelling of chemicals
(GHS). Geneva: United Nations Publications.

Wang Z, Gerstein M, Snyder M. 2009. RNA-Seq: a revolutionary tool for transcriptomics. Nature
Reviews Genetics 10:57-63 DOI 10.1038/nrg2484.

Wang L, Xi Y, Sung S, Qiao H. 2018. RNA-seq assistant: machine learning based methods to
identify more transcriptional regulated genes. BMC Genomics 19:546
DOI 10.1186/s12864-018-4932-2.

Witten DM. 2011. Classification and clustering of sequencing data using a Poisson model. The
Annals of Applied Statistics 5(4):2493-2518 DOI 10.1214/11-AOAS493.

Yu G, Wang LG, Han Y, He QY. 2012. clusterProfiler: an R package for comparing biological
themes among gene clusters. OMICS: A Journal of Integrative Biology 16(5):284-287
DOI 10.1089/0mi.2011.0118.

Zhang Q, Lai MM, Lou YY, Guo BH, Wang HY, Zheng XQ. 2016. Transcriptome altered by
latent human cytomegalovirus infection on THP-1 cells using RNA-seq. Gene 594(1):144-150
DOI 10.1016/j.gene.2016.09.014.

Qiao et al. (2024), PeerdJ, DOI 10.7717/peerj.18672 19/19


http://dx.doi.org/10.1016/j.tiv.2019.104691
http://dx.doi.org/10.1038/nrg2484
http://dx.doi.org/10.1186/s12864-018-4932-2
http://dx.doi.org/10.1214/11-AOAS493
http://dx.doi.org/10.1089/omi.2011.0118
http://dx.doi.org/10.1016/j.gene.2016.09.014
http://dx.doi.org/10.7717/peerj.18672
https://peerj.com/

	Development of machine learning models for the prediction of the skin sensitization potential of cosmetic compounds
	Introduction
	Materials and Methods
	Results
	Discussion
	Conclusions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


