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Omics data provide a plethora of quantifiable information that can potentially be used to identify 
biomarkers targeting the physiological processes and ecological phenomena of organisms. However, 
omics data have not been fully utilized because current prediction methods in biomarker construction 
are susceptible to data multidimensionality and noise. We developed OmicSense, a quantitative 
prediction method that uses a mixture of Gaussian distributions as the probability distribution, 
yielding the most likely objective variable predicted for each biomarker. Our benchmark test using 
a transcriptome dataset revealed that OmicSense achieves accurate and robust prediction against 
background noise without overfitting. Weighted gene co-expression network analysis revealed 
that OmicSense preferentially utilized hub nodes of the network, indicating the interpretability of 
the method. Application of OmicSense to single-cell transcriptome, metabolome, and microbiome 
datasets confirmed high prediction performance (r > 0.8), suggesting applicability to diverse scientific 
fields. Given the recent rapidly expanding availability of omics data, the developed prediction tool 
OmicSense, can accelerate the use of omics data as a “biosensor” based on an assemblage of potential 
biomarkers.

One of the ways by which organisms adapt to their environment is by regulating their physiology1. Rapid 
progress in high-throughput technologies has enabled easy collection of various scales of omics data from a 
wide taxonomic range of organisms, representing a breakthrough in modern biology2. Omics data linked with 
environmental or physiological metadata can thoroughly depict the evolutionary strategies of organisms and, 
therefore, be potentially used to predict their metadata status3. Because omics data collection was expensive 
and time-consuming until the early 2000s, only a few “biomarker” genes and metabolites were identified to 
economically diagnose or monitor specific disease symptoms4,5. However, remarkable cost reduction achieved 
in recent times has enabled the use of omics data itself as a “biosensor”—representing an assemblage of potential 
biomarkers3.

Regression analysis is the most commonly used prediction method applied when multiple explanatory 
variables are available, such as in omics data; however, this method is often problematic owing to its 
multidimensionality or the “large p, small n” issue6. To overcome this problem, regression methods have been 
developed with solutions such as regularization. However, these methods have not been optimized for practical 
use because omics data often contain considerable noise7,8, including missing and erroneous values arising from 
stochasticity, genetic and environmental heterogeneity, and technical shortcomings in measurements, which 
cloud the true relationship between biological phenomena and omics data.

Herein, we introduce OmicSense—a quantitative prediction method that processes multidimensional omics 
data to produce highly accurate and robust predictions based on an ensemble learning-like framework (Fig. 1). 
OmicSense constructs a library of simple regression models between the target and each predictor variable and 
generates a conditional probability distribution of the target from the corresponding predictor variable using new 
input data from each of the model elements (Fig. 1a). Furthermore, OmicSense generates a mixture of Gaussian 
distributions by combining the distributions that yield the most likely target value (Fig. 1b). Because predictor 
variables are naturally weighted by the degree of association with the target value in the mixture distribution, 
OmicSense can construct a prediction model without any specific parameter tunings. The distribution 
combining process (Fig. 1c), considered ensemble learning, allows us to overcome the “large p, small n” issue 
in multidimensional omics data-based prediction. While general ensemble process such as bagging9 combines 
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multiple predicted values (continuous values in regression), OmicSense combines probability distributions for 
prediction. We have made this prediction method freely available within CRAN and GitHub to promote its use 
in diverse fields of science. The method can be implemented using the downloadable R package “OmicSense”.

Methods
Algorithms used in OmicSense
OmicSense is an approach that predicts quantitative target values using multidimensional omics data associated 
with it, which includes several predictor variables. The method computes a probability distribution, which follows 
a normal distribution to simplify calculations, to determine the most probable target value, as determined using 
the following equations:

	 x = (x1, x2, . . . xn)� (1) 

	
f(x1) = β0i +

∑
k

βkix
k
i + ei (k = 1, 2, 3; 1 ≤ i ≤ n)� (2)

 

	 σ2
i = var(ei | xi)� (3) 

	
P (y | x) = 1/m ·

∑
i

N(f(xi), σ2
i )� (4)

 

	 y∗ = argmax P (y | x)� (5) 

where xiis the ith predictor value of the m predictors used for model construction; k is the order of the regression 
model and is expressed as  f(xi);β0i, βki(k = 1, 2, 3), and  eiis the intercept, coefficient, and error terms of the 
regression model of y on xi, respectively; and σiis the standard deviation of ei. The parameters β0i, βki(k = 1, 2, 3), 
and σiwere calculated from xiobserved in the data to generate the model element for xi. Using these equations, 
a conditional probability distribution of y, given xi, was obtained for each i. Homoscedasticity of σiwas assumed 

Fig. 1.  Flowchart of the prediction process using OmicSense. (a) The OmicSense prediction model is based 
on the model elements reflecting the relationship between each predictor variable (x) and the target values (y). 
(b) The values of x in new sample data are transformed into probability distributions of the y values using the 
model element library. (c) The most likely y value (y*) is obtained by combining the distributions.
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for each conditional probability distribution. By compiling the probability distributions obtained from m (or 
optionally selected) predictor variables, a mixture of Gaussian distributions that yields the most likely y* value 
was obtained.  This works like ensemble process of the result y based on the framework of probability. By 
choosing the order k, regression models using a polynomial function (e.g., quadratic and cubic with k = 2 and 3, 
respectively), in addition to linear regression (k = 1), can be flexibly assumed for target–predictor relationships.

Transcriptome dataset preparation
Transcriptome data were obtained by conducting RNA sequencing of the roots of Pinus thunbergii seedlings. The 
plant materials were commercially available, and no specific permission was required for the data collection. All 
methods using the plant material were performed in accordance with the relevant guidelines and regulations. 
Seedlings were incubated at five temperatures (8, 13, 18, 23, and 28  °C; 12 seedlings/temperature) for 24  h, 
followed by RNA extraction. Six of the 12 seedlings from each treatment were used for constructing the 
prediction model (training data), and the remaining were used for the validation of the constructed model 
(validation data). Thus, the training and validation data were independent of each other.

Simulation test
The prediction model was constructed by randomly selecting 20 transcriptome samples from the training data 
containing either 30 or 300 genes. The prediction error was measured using the mean absolute error (MAE) by 
applying the prediction model to the validation data. To evaluate the overfitting of the constructed model to the 
training data, the increase in the MAE value when the model was applied to the validation data (∆MAEoverfit) 
was calculated as follows:

	

MAE =
√

1
r

[
∑

r

(yj − y∗)2]� (6)
 

	 △MAEoverfit = MAE − MAEtrain� (7) 

where y* is the predicted value of the observed y, r is the number of samples in the validation data, and MAEtrain 
is the MAE value obtained when the prediction model was applied to the training data for validation. To evaluate 
the robustness of the prediction against noise in the predictor variables, 10% of the total predictors in the training 
data was replaced by random or missing values, and the increase in the MAE value when the artificial noise 
(∆MAEnoise) was added to the training data was calculated. The simulation test was replicated 100 times for each 
simulation setting. All statistical analyses were performed using R (version 4.0.5)10.

Prediction model comparison
We compared MAE, ∆MAEoverfit, and ∆MAEnoiseamong the models based on OmicSense and six commonly 
used prediction methods: regressions using L1 and L2 regularization (lasso and ridge regressions)11,12, 
principal component and partial least squares regression (PCR and PLSR)13, and support vector and random 
forest regression (SVR and RFR)14,15. For OmicSense, two types of regression models were used to establish 
the target–predictor relationship: a linear function (referred to as OmicSense1) and a cubic function (referred 
to as OmicSense3). The lasso and ridge regressions were tuned using the optimum hyperparameter lambda, 
which was selected from a 10-fold cross-validation and implemented via the “cv.glmnet” function of the glmnet 
package in R16. Using the “pcr” and “plsr” functions of the pls package in R, the number of principal components 
used in the PCR and PLSR models, respectively, was selected as the minimum value within the range of standard 
deviation from the minimum MAE value of the prediction values selected via the 10-fold cross-validation17. The 
hyperparameter gamma of the radial basis function kernel for the SVR and RFR models was also selected from 
the 10-fold cross-validation, using the “ksvm” function of the kernlab package18and the train function with the 
RF option implemented in the caret19 and random forest packages in R. Prediction models were constructed 
using the same 30 or 300 variables for all the methods and hyperparameters were optimally tuned for each 
model.

Contribution of genes in constructing prediction models using OmicSense and other 
models
We compared the gene profiles selected for constructing the prediction models using OmicSense and other 
methods. To this end, we performed gene co-expression network analysis using the WGCNA package in R20. 
To construct the network, we selected the minimum soft-thresholding power (β) that achieved scale-free fit 
R2 > 0.8 (β = 6). Next, we tested the correlation between the sixth root of degree centrality, which is the number 
of connections with other genes in the network, and the contribution to each prediction model for all genes. The 
contribution of genes in constructing the prediction models was represented by R2 values and the absolute value 
of regression coefficients for each method.

Gene Ontology (GO) enrichment analysis
GO terms were assigned to each gene using InterProScan21, which was implemented in the Blast2GO software22. 
We conducted GO enrichment analysis for each module in the gene co-expression network using the “goseq” 
function of the GOseq package in R.
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Application of OmicSense for analyzing various types of omics data
We used OmicSense to analyze single-cell transcriptome, metabolome, and microbiome datasets linked with 
quantitative environmental or physiological parameters. The single-cell transcriptome dataset for neurons was 
obtained from the UBC Research Data Library (https://doi.org/10.14288/1.0347326), and the transcriptome 
data were extracted for action potential amplitude records (n = 31). The metabolome dataset for Drosophila 
melanogaster, which included records for hours after egg laying (n= 42), was retrieved from the online repository 
of a previous study23. For the microbiome dataset, we extracted total bacterial DNA from 49 soil samples collected 
from seven regions in Fukushima Prefecture, Japan, using the Extrap Soil DNA Kit (BioDynamics Laboratory 
Inc., Tokyo, Japan), following the manufacturer’s protocol. We amplified the V4 region of 16  S rRNA using 
the 515f–806r primer pair and performed 251-bp paired-end sequencing using the MiSeq system (Illumina, 
San Diego, CA, USA). The obtained 13,434,033 paired-end reads were cleaned and merged using DADA224, 
and a read-count matrix was generated using QIIME225. The merged sequences were labeled with bacterial 
taxonomic classifications using the q2-feature-classifier with Silva 138 and 99% operational taxonomic units 
from the 515 F/806R region of the sequences in QIIME2. The soil pH was measured for each sample using a pH 
meter (Orion Star A211; Thermo Fisher Scientific, Waltham, MA, USA).

Results and discussion
Prediction performance of OmicSense
We benchmarked the prediction performance of OmicSense using a temperature-associated transcriptome 
dataset (n = 30 each for model training and validation) against that of commonly used prediction methods, 
namely lasso and ridge, principal component, partial least squares, support vector, and random forest regression. 
We prepared two prediction models for OmicSense using linear and cubic regression functions to describe 
target–predictor relationships: OmicSense1 and OmicSense3, respectively. MAE, overfitting to the training 
dataset, and robustness against noise were compared among the eight models in simulation tests. Overfitting 
and robustness were measured using the increase in the MAE when the validation dataset was subjected to the 
prediction model (∆MAEoverfit) and added artificial noise (∆MAEnoise), respectively. These tests were conducted 
using 30 and 300 predictor variables.

Among the models with datasets of both sizes, simulation tests revealed that OmicSense3 yielded predictions 
with the smallest MAE values, followed by OmicSense1 (Fig. 2). These OmicSense predictions stably yielded a 
small ∆MAEoverfit value irrespective of the dataset size, suggesting that OmicSense is free from overfitting issues 
in its prediction. Compared with the other models, both OmicSense models produced the smallest ∆MAEnoise 
values for datasets of both sizes. Therefore, among the models evaluated, OmicSense was the most accurate 
quantitative prediction method using multidimensional omics data. In addition, OmicSense3 outperformed 
OmicSense1 throughout the tests, implying that a cubic function could flexibly capture target–predictor 
relationships. By contrast, one drawback of OmicSense is that it currently requires more processing time for 
prediction than the other methods (Supplementary Fig. S1) because the processing time of OmicSense depends 
on the number of predictor variables (Supplementary Fig. S2a). However, unlike other methods, OmicSense can 
achieve accurate prediction with fewer predictor variables (Supplementary Fig. S2b). This should be advantageous 
in situations where accuracy and robustness are prioritized more strongly than the speed of prediction, such as 
in medical diagnoses.

OmicSense prediction based on biological background
Gene co-expression network analysis helped us identify the co-expressed gene modules in the transcriptomes26. 
We examined the module structures of predictor variables in the network. OmicSense showed a strong positive 
correlation between degree centrality in the network and contribution of predictor variables (r > 0.5, P < 0.001), 
whereas the other models did not (r < 0.4, Fig. 3). This finding indicates that OmicSense can successfully capture 
omics data structures and preferentially utilize “hub” nodes of the network, which fulfill core functions in gene 
regulation26. Moreover, OmicSense used hub genes related to heat stress (GO: 0031072, P < 0.05). This is of great 
benefit in terms of model interpretability, ensuring OmicSense’s high reliability for practical use.

Application of OmicSense prediction to other types of omics data
Currently, omics data are being increasingly utilized at various scales in many fields, including food27, 
healthcare28, and agricultural sciences29. These data are essential in modern biology because of their high 
quantitative and high-throughput advantages. We further applied OmicSense to single-cell transcriptome30, 
metabolome24, and microbiome datasets associated with quantitative measurements and found that OmicSense 
worked well (r > 0.8, P < 0.001) with the indicated types of omics data (Fig. 4). For example, OmicSense achieved 
better prediction (R2 = 0.88, Fig. 4) using the single-cell transcriptome dataset than that originally reported using 
a regularized regression method (R2= 0.63)30. We found that Lasso outperformed for metabolome dataset, in 
which the targeted morphotype could be governed by a few metabolites. Because Lasso model is constructed 
using a few features, Lasso might result in the best fit.

Given that biomarker techniques are currently being applied in various fields10–12and are expected to be 
implemented further for practical uses, including preventive and personalized healthcare31, smart farming 
in agriculture32, and ecosystem engineering33, OmicSense represents a solution to various global issues by 
maximizing the potential prediction power of omics data with excellent accuracy, robustness, and interpretability.
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Fig. 2.  Performance of prediction models based on OmicSense and six commonly used methods evaluated 
using a transcriptome dataset. The upper two graphs show the prediction errors (mean absolute error; MAE) 
of the models. The middle and bottom figures show the increase in prediction errors upon application of 
OmicSense to validation data (∆MAE overfit ) and upon the addition of noise (∆MAE noise ), respectively. 
The left and right figures show the results using 30 and 300 genes in the transcriptomes, respectively. Different 
colors indicate different prediction methods, and different letters indicate a significant difference between 
group means tested using the Tukey’s honest significant difference test (P < 0.05).
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Fig. 3.  Gene co-expression network of temperature-associated transcriptomes. The colored nodes represent 
the genes related to response to heat stress (red) and those forming three different modules (purple, green, and 
sky blue). Gene Ontology (GO) terms commonly enriched in each module are listed, and the terms related to 
heat stress are indicated in red. The contribution of predictor variables in the models is mapped in the gene 
co-expression network using colors. The scatter plots show the relationship between the sixth root of degree 
centrality and the contributions.
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General workflow of the R package OmicSense
The OmicSense algorithm can be implemented on the R platform using the OmicSense package. This package 
provides basic functions that help identify strong target–predictor relationships from omics datasets, resulting 
in accurate, robust, and stable prediction using newly obtained data (Fig. 5).

Data cleaning
The construction of a prediction model using an omics data matrix is obstructed by missing or erroneous 
predictor values. To address this issue, the “os.clean” function removes such variables from the matrix and 
facilitates the identification of candidate predictor variables for the construction of OmicSense. This results in a 
quality-controlled omics data matrix that is essential for better prediction performance using OmicSense.

Data visualization
The performance of a prediction model is dependent on the significance and number of predictor variables used 
in the model. The “os.rank” and “os.pca” functions are provided for data visualization using rank-order and 
principal component analysis plots, respectively, to capture the entire picture of omics data linked with such 
information. These functions use a certain regression method for determining target–predictor relationships 
and calculate the R2 value in the regression for each predictor variable; the output can be used as a reference to 
determine the number (or lower the threshold for R2) of predictor variables to be used for model construction.

Data preparation
The OmicSense algorithm constructs a prediction model using (a specified number of) predictor variables 
in descending order of the R2  value. The function “os.sort” provides matrix-sorted predictor variables for 
OmicSense modeling, resulting in an output matrix that can be used in subsequent analyses.

Modeling and prediction
The function “os.pred” constructs a prediction model based on the OmicSense algorithm using an omics dataset 
prepared by users, applies it to newly provided omics data, and predicts a quantitative status of interest. This 
function allows users to specify the regression method assumed in the target–predictor relationships as well as 
the number of predictor variables to be used for model construction.

Fig. 4.  Application of OmicSense to various types of omics data. (A) Prediction errors (mean absolute error; 
MAE) in OmicSense compared with those in other commonly used methods for action potential amplitude, 
age, and pH associated with single-cell transcriptome (n = 31), metabolome (n = 42), and microbiome (n 
= 49) data structures, respectively. Different colors indicate different prediction methods, and different letters 
indicate significant differences between group means tested using the Tukey’s honest significant difference 
test (P < 0.05). (B) Correlation between the observed and predicted values in the prediction using OmicSense. 
For all cases, models were constructed using two-thirds of the available data, and prediction performance was 
validated using the remaining data.
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Data Availability
The R package OmicSense is freely available at https://CRAN.R-project.org/package=OmicSense and ​h​t​t​p​s​:​/​/​g​i​
t​h​u​b​.​c​o​m​/​t​a​k​a​k​o​i​z​u​m​i​/​O​m​i​c​S​e​n​s​e​​​​​. RNA sequencing data were deposited in the DDBJ Sequence Read Archive 
under the accession number DRA015920 (https:​​​//dd​bj.​ni​g.​ac.jp/re​source/bio​projec​t/PRJDB15408).
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