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Multi-omics analyses implicate EARS?2 in the pathogenesis of atopic dermatitis

To the Editor:

In recent years, omics data for studies on atopic dermatitis (AD) have become more available. Most
studies, however, have focused on a single type of omics data, owing to which,interplays between
biological aspects may be missed or spurious correlations may be concluded. Here, using genetic and
microbial profiles obtained from Cohort for Childhood Origin of Asthma and Allergic Diseases
(COCOA) study!, we built a prediction model of AD in 6-month-old infants using three omics
datasets: microarray transcriptome data for host gene expression, and 16S rRNA microbiome and
metagenome shotgun data for compositional and functional characteristics of the intestinal

microbiota, respectively. Performance was evaluated using area under the curve (AUC) values
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corresponding to receiver operating characteristic (ROC) curves, and the relative importance of each

omics data was investigated using McFadden’s R-square?.

We used 84 fecal samples with complete information of all three omics datasets. Among the subjects,
38 had AD while 46 were unaffected. In addition, sex, delivery method, feeding method, and family
history of AD were included as clinical variables. The prediction model was built using the LASSO
regression model. A 10-fold cross-validation was used to evaluate the performance of the estimated
prediction model. Feature selection was conducted beforehand with a sparse DIABLO with a single
component in the R package mixOmics>*. The details of data acquisition and preprocessing, variable

imputation, feature selection, model building, and evaluation are provided in the Supplement.

According to the results of cross-validation, host expression of E4ARS2 had a unique 100% selection
probability (Table 1). AUC of the multi-omics prediction model was 0.715, which was slightly lower
than that of the model with only transcriptome data and clinical variables (AUC 0.793, DeLong test p-
value 0.128). The result indicated that incorporation of microbial information into the prediction

model of AD does not provide an additional gain in accuracy.

The final prediction model was built with all 84 samples with three omics datasets and clinical
variables. Figure 1 shows the 10 model coefficients with the largest absolute values in the model.
Variables with higher selection probabilities in cross-validation tended to have larger effect size
coefficients. EARS2 showed the largest coefficient of 3.38, which meant the odds of having AD was
¢338=29.5 times higher if the normalized expression of EARS?2 increased by 1. The EARS2 gene
encodes a mitochondrial glutamyl-tRNA synthetase®. Thus, our results suggested that depletion of
glutamate via mitochondrial tRNA synthesis might be important in the pathogenesis, similar to the
previous report that insufficient glutamine due toCARDII mutation could be a cause of AD®.

However, the actual mechanism should be studied by downstream metabolite analyses.

The level of gene expression explained most of the variances in the prediction model (McFadden’s R?
32.66%), followed by metagenome shotgun data (4.91%) and microbiota (1%); clinical variables did
not explain any variance in the prediction model. The unexplained part of variance was 61.47%,

which probably indicated the requirement of other information in predicting the disease, including the
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profile of genetic mutations, metabolites, or interactions across the omics data. We noted that the
small number of analyzed samples has a risk of selection bias, and generalization of the results to the

entire Korean population should be made carefully.

In conclusion, we used various omics profiles to construct a prediction model of AD, and found
several potentially crucial factors for the prediction, including the host expression of EARS2. Future
studies,focusing on both revealing the effect of glutamyl-tRNA synthase on atopic eczema and

verification of the results with a larger population, would be recommended.
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Table 1. Cross-validation results for multi-omics analyses. Cross-validation of the
prediction model, which used all three multi-omics data, was conducted. Selection probability
for each covariate indicates the proportion of folds where it was included in the prediction.
Covariates with their selected proportions larger than or equal to 60% are listed. For genes
from microarray, the mRNA accession numbers are also shown. Average coefficients

indicate the average of coefficients from the prediction model in each fold.

) ) Selection Average
Omics Variable N o OR
probability (%) coefficient
transcriptome EARS2 (NM_001083614) 100 7.061 1.166 x 10°
transcriptome  SGOL1-AS1 (NR_132785) 80 2.810 16.610
transcriptome  LINCO01036 (NR_126347) 60 3.474 32.266
transcriptome Cl6orf72 (NM_014117) 60 4.589 98.396

ko00906: Carotenoid
metagenome ) ) 60 -0.422 0.656
biosynthesis
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Figure 1. Top 10 biggest regression coefficients in the final prediction model. Variables
are ordered by the absolute values of the coefficients. For genes from microarray, mRNA

accession numbers are shown. For feeding types, considering three types, 2 dummy variables

were used.
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Supplementary materials for “Multi-omics analyses implicate EARS? in the

pathogenesis of atopic dermatitis”

Supplementary material: full and detailed description of the methods.
COCOA Study

For the prediction of AD, we used 199 subjects from the Cohort for Childhood Origin of Asthma and
Allergic Diseases (COCOA) study'. The latter is a prospective birth cohort study in Korea conducted
from September 2007, representing a Korean inner-city population. The COCOA data collection
schedule included 11 routine standardized follow-up assessments of all children at 6 months and every
year thereafter until 10 years of age, regardless of allergic disease development. From the cohort, we
selected 95 patients with AD and sampled the non-patients using propensity scores calculated with age,
sex, and feeding type. We decided to select 6-month-old infants, since we focused on the interaction
between gut microbiota and the host in early childhood as an important factor in AD; further, microbial
variation was expected to be minimal at that age, since the gut microbiota is known to be affected by
diet, which is relatively simple at 6 months.

Microarray Transcriptome Data

Of the 199 subjects, microarray transcriptome data were generated for Fecal samples were collected
from infants who did not take antibiotics at 6 months of age and immediately frozen at -80 °C before
being processed for RNA extraction. Total RNA was extracted from colonocytes and subjected to gene
expression profiling on Affymetrix GeneChip Human Gene 2.0 ST Arrays (Thermo Fisher Scientific,
Inc., Waltham, MA, USA) by Macrogen, Inc (Geumcheon-gu, Seoul, Republic of Korea). Signal values
for 44,625 probes were normalized using RMA. Probes without their corresponding gene symbol or
duplicated data were removed, and 30,980 probes were utilized for statistical analyses without any
further preprocessing.

Microbiome Data Based on 16S rRNA Gene

We generated microbiota compositional profiles using 16S rRNA amplicons. DNA extracted from 149
and 48 stool samples from 6-month-old infants was sequenced using 454 pyrosequencing and Illumina
MiSeq platform, and read counts for 898 and 205 genera were obtained, respectively. DNA extraction
and sample processing were performed as described by Lee et al. >. A total of 76 genera were commonly
observed on the two sequencing platforms. Since quality control requires actual read counts, and we
cannot directly compare the different platforms, we focused on the common genera.

Genera for each sequencing data were separately filtered based on the criteria detailed by Li ef al. * and
Bokulich et al. *, whereas the actual cutoff values were set empirically. Genera were excluded if the
relative ratios of read counts summed for all subjects to the total read counts were less than 0.05%, or
if the proportion of subjects with at least one or more read counts was less than a quarter. The genera
remaining after quality control in both datasets were retained. For each subject, we transformed the data
to counts per million (CPM) values using the R package edgeR °, and log-transformed CPMs (log-
CPMs) were used for statistical analyses. To adjust the batch effect caused by the sequencing method,
log-CPMs were separately centered and scaled for each sequencing data, and then pooled.

Metagenome Shotgun Data
The profiling of microbial functions, using stool samples of infants, with whole metagenome

sequencing was conducted using the method described by Lee et al. % Briefly, the Illumina adapter
sequences and sequences with short read lengths (< 150 bp in each pair) and low Q scores (< 20) were
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removed from raw sequences using the Nesoni clip tool within the Nesoni high-throughput sequencing
data analysis toolset (ver. 0.127). Contaminating human genes were removed using BBMap by mapping
to the reference human genome. Functional profiles of the filtered sequences were obtained using
HUMANN2. The KEGG Orthology (KO) ID was obtained using ‘humann2_ regroup table’ within
HUMAnNN? utility scripts.

Two datasets were separately generated by sequencing microbial communities from 58 and 40 subjects,
and reads per kilobase (RPK) values for each KEGG pathway were obtained. Three hundred and sixty-
one pathways were commonly observed for both of the sequenced datasets. We excluded any pathway
if the proportion of subjects with one or more reads was less than a quarter. Thereafter, log-CPM
transformation was conducted using edgeR’. Log-CPM values were separately centered and scaled for
each dataset before pooling to cope with the batch effect.

Due to the pipeline, which aligns sequenced reads to the bacterial genome, some genes in the pathways
may not be mapped to the reference genome and marked as “unclassified.” We noted that pathways that
were not mapped to the bacterial genome were unnecessary; therefore, they were excluded from the
analysis.

Clinical Covariates for Prediction Models

Sex, delivery method, feeding method, and family history of atopic dermatitis were included in the
prediction model as clinical variables. For these variables, missing values were imputed with the
missForest *’. Supplementary Table 1 describes the descriptive statistics of those variables and they
were compared between AD and normal groups using the chi-squared test performed by R package coin
1.2-2 8. According to Supplementary Table 1, a family history of AD was significantly more prevalent
in patients with AD (chi-squared test p-value 9.32 x 10”) than in normal individuals. No significant
difference was observed for the other variables (p > 0.2).

Subjects for Statistical Analyses

For statistical analyses, we considered 84 subjects with all three omics profiles. Among them,
metagenome sequencing data for 37 and 47 were from 454 pyrosequencing and Illumina MiSeq,
respectively, and that for 56 and 28 were from separate datasets of the metagenome shotgun. The
samples did not show statistically significant differences in sex, delivery mode, and family history (chi-
squared p-value > 0.2) compared to 115 samples that were not included in the analyses. However, the
analyzed samples showed significantly different proportions of feeding methods (p-value 7.69 x 107),
with a high proportion of formula feedings (15 out of 84 compared to 1 out of 115).

The imbalance in family history of AD was weakened in 84 subjects (Supplementary Table 1; chi-
squared test p-value 0.340). For the other variables, there were still no significant differences between
patients with AD and normal individuals (p > 0.05).

Feature Selection

It has been repeatedly reported that prediction accuracy can be improved with feature selection if the
number of covariates is much larger than the sample size *'°. Each omics data set consists of many
different components. Thus, for each 10-fold cross-validation, important features were chosen with a
training set, and then used to build a prediction model. Feature selection was conducted with a sparse
DIABLO with a single component in the R package mixOmics '"'2. The design matrix was set as
suggested by the original mixOmics paper'?, and the number of selected features was chosen with an
internal tuning function in mixOmics with default parameters. The number of selected variables ranged
from 5 to 50.

Prediction Model Building and Evaluation
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Prediction models were built with clinical variables and all omics datasets: microarray transcriptome
data and microbial community data. For microbial data, we used both the compositional data with 16S
rRNA sequencing and functional data with metagenome sequencing, since the former focuses on the
compositional aspects and can help develop the prediction at a lower cost, whereas the latter focuses on
the functional aspects of microbial community.

A much larger number of variables than sample size was available in the omics data, and prediction
models were built with penalizing coefficients for selected features from multi-omics data with a
LASSO regression model . We chose the LASSO model because it offers a stronger degree of feature
selection, which may be important in building the prediction model. This may be advantageous to our
data compared to other models, such as ridge regression. Each variable was standardized before building
each of the models, although the resulting coefficients were returned to the original scale. Clinical
variables were excluded from penalization. Tuning parameters for penalization were chosen with an
additional 5-fold cross validation within the training set. Each training data were split into five
subgroups, and prediction models with tuning parameters specified a priori were estimated with four
subgroups. Thereafter, areas under the curves (AUCs) were estimated with the remaining subgroup, and
tuning parameters that generated the largest AUC were chosen. Prediction models with the best choice
of tuning parameters were built with the training set and applied to the test set, and the probabilities of
each participant affected were estimated. The probabilities were used to draw ROC curves, and AUCs
were used to evaluate the performance of each model. Data management and analyses were performed
with R version 3.4.3 ', and penalized regression was built with functions in the R package glmnet °.

The ridge regression model was also used; however, the performance (AUC 0.712) was not significantly
different from the result of LASSO.

We evaluated the relative importance of each omics data point, using the estimated prediction model,
by calculating the McFadden’s R-square value '°. If we denote the predicted and true phenotypes by i,
and Y; for subjects in a test set, respectively, the deviance for subject i would be defined as

Vilog=+ (1 -¥)log—— (1)

[ 1-m

The deviances were evaluated by summing those of all subjects. If we let A and 4, be the deviance
of the full model and reduced model, respectively, variability explained by the full model (4f) using
McFadden’s R-square can be defined by

A
(1——‘”) x 100
4

To evaluate the importance of each omics data, we excluded single omics data from the full model. If
the reduced model is denoted by R, relative importance of the excluded omics data may be obtained by

0 0 0

(1-%) x 100—<( —28) x 100) = 248 5 100
A 4 4
Selection Probability
The selection probability and average regression coefficient for each covariate were calculated using

10-fold cross-validation. The selection probability of a covariate indicates the relative proportion of the
prediction model including it.



125 Supplementary Table 1. Descriptive statistics of clinical variables after variable imputation for all 199 (left) and
126 84 subjects (right) used in the prediction models. P-values were obtained using chi-squared tests with the R
127  package coin.

Control AD Controlin  AD in the
Variable Category (n=104) (n=95) p-value the model model (n= p-value
(n =46) 38)
Sex Male 56 57 0.381 23 27 0.0504
Female 48 38 23 11
Delivery mode  Caesarean 30 23 0.546 15 11 0.718
Vaginal 74 72 31 27
Feeding type* Breast 33 41 0.222 13 15 0.552
Mixed 61 48 24 17
Formula 10 6 9 6
Family history* 0 61 28 9.32 x 10° 21 13 0.340
1 42 67 24 25
2 1 0 1 0
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