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ABSTRACT

Biological processes (like microbial growth & phys-
iological response) are usually dynamic and require
the monitoring of metabolic variation at different
time-points. Moreover, there is clear shift from case-
control (N=2) study to multi-class (N>2) problem in
current metabolomics, which is crucial for reveal-
ing the mechanisms underlying certain physiolog-
ical process, disease metastasis, etc. These time-
course and multi-class metabolomics have attracted
great attention, and data normalization is essential
for removing unwanted biological/experimental vari-
ations in these studies. However, no tool (including
NOREVA 1.0 focusing only on case-control studies)
is available for effectively assessing the performance
of normalization method on time-course/multi-class
metabolomic data. Thus, NOREVA was updated to
version 2.0 by (i) realizing normalization and evalua-
tion of both time-course and multi-class metabolomic
data, (ii) integrating 144 normalization methods of
a recently proposed combination strategy and (iii)
identifying the well-performing methods by compre-
hensively assessing the largest set of normaliza-
tions (168 in total, significantly larger than those
24 in NOREVA 1.0). The significance of this update
was extensively validated by case studies on bench-
mark datasets. All in all, NOREVA 2.0 is distinguished
for its capability in identifying well-performing nor-
malization method(s) for time-course and multi-class
metabolomics, which makes it an indispensable
complement to other available tools. NOREVA can
be accessed at https://idrblab.org/noreva/.

INTRODUCTION

Unwanted experimental or biological variation is inevitable
in metabolomics-based case-control studies, and adversely
affects the validity of metabolic profiling (1–4). A variety
of normalization methods have been developed to address
this critical problem (5–7), but their performances differ
greatly (7,8) and depend heavily on the nature of the ana-
lyzed data (9). NOREVA 1.0 (10) was, therefore, designed
to (a) enable the identification of well-performing methods
by collectively considering multiple criteria, (b) achieve the
removal of overall unwanted variations using internal stan-
dards (ISs) and quality control metabolites (QCMs) and (c)
allow signal drift correction based on quality control sam-
ples (QCSs), which is followed by data normalization (10).
Due to these unique functions, NOREVA has become an in-
dispensable complement to available tools (11–20) that are
popular in metabolomics-based case-control studies.

However, there is a clear shift in current metabolomics
from case-control (N=2) studies to multi-class (N>2) prob-
lems (21–24), which has revealed the relative abundance of
bile acids in multiple cancerous sites (21), differentiated the
presence of succinate among diverse adipose tissues (22),
and discovered the variation in amino acids across differ-
ent cell lines (24). Moreover, biological processes (such as
physiological response and microbial growth) are usually
dynamic and require the monitoring of metabolic varia-
tion at different time-points to uncover the time depen-
dency of metabolic network (25), measure the accumula-
tion of sterilization effects in microorganisms (26), and de-
pict the dynamics of soil metabolite (27). Compared with
case-control studies, multi-class and time-course studies are
much more complicated in terms of their unwanted varia-
tions, which therefore requires a marked improvement in the
performance of data normalization (28–31).

To date, ∼20 normalization methods (6,32) have been de-
veloped and considered an integral part of metabolomics
data processing (Supplementary Table S1), which include
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Figure 1. Key features added to NOREVA 2.0 which realize the normalization and evaluation of both time-course and multi-class metabolomic data (left
panel), integrate the normalization methods of combination strategy proposed by recent publication (6) (right panel), and identifying the well-performing
methods by assessing the largest set of normalizations to date (168 in total, significantly larger than the 24 methods in NOREVA 1.0, middle panel).

12 sample-, 6 metabolite-, 1 sample & metabolite- and 4 in-
ternal standard-based methods (2,32,33). It remains elusive
whether these methods are effective enough to remove un-
wanted variations from the data of time-course and multi-
class metabolomics (6). When it comes to the further con-
sideration of multiple criteria in performance evaluation
(10), the successful identification of effective method would
be even harder. Thus, it is essential to first improve the quan-
tity and quality of the methods available to choose, and
then identify the well-performing method by strict assess-
ment (8,10). A recent work discovered that a combination
of sample- and metabolite-based methods may greatly en-
hance normalization performance, which led to 144 addi-
tional methods (6). As a result of the significant increase
in the number of methods, it is now possible (and of great
interest) to have a tool that can discover well-performing
method(s) by comprehensive evaluation (8,10).

Several valuable online tools have been constructed as
metabolomic pipelines, and normalization methods are pro-
vided as a step in the analysis chain. These tools include
XCMS (11), MetaboAnalyst (12), NormalyzerDE (14),
Metabolomics workbench (15), Workflow4metabolomics
(34), MetaboGroup S (35), pseudoQC (36), metaX (37),
MetaDB (38), Metandem (39), Metflow (40) and Web-
Specmine (41). Most tools focus on normalizing raw
metabolomic dataset, but offer no performance evalua-
tion. NormalyzerDE (14), MetaboGroup S (35), pseudoQC
(36) and metaX (37) can evaluate normalization outcomes,
but none of them has employed multiple criteria (10) to
assess normalization performances for time-course/multi-
class metabolomics. Moreover, these web servers all utilize
fewer than 15 methods for data normalization, which se-
riously limits the ability of identifying a well-performing
method. Therefore, it is essential to have an online tool that
not only gives a large number of normalization methods
for the time-course and multi-class metabolomics but can
also discover well-performing method(s) through compre-
hensive assessment. However, no such tool is yet available.

Here, NOREVA 2.0 was thus constructed (Figure 1 and
Table 1) by (i) realizing normalization & evaluation of the
time-course and multi-class metabolomics, (ii) integrating
144 normalization methods of a recently reported combi-
nation strategy (6) and (iii) identifying the well-performing
methods by comprehensively assessing the largest set of
normalizations to date (168 methods in total, significantly
larger than the 24 in NOREVA 1.0 (10)). Because of the
rapidly accumulating research interest in time-course and
multi-class metabolomics, this study would make NOREVA
unique in assessing normalization for this emerging field
and could further enhance its popularity in metabolomics.
NOREVA is freely accessible at https://idrblab.org/noreva/.

MATERIALS AND METHODS

Comprehensive Collection of Normalization Methods

Over 20 normalization methods frequently used in current
metabolomics were collected and integrated in NOREVA,
which included 12 sample-, 6 metabolite-, 1 sample
& metabolite- and 4 internal standard-based methods
(2,32,33). Some methods are frequently named by ter-
minological studies (7,42) as ‘scaling’ (metabolite-based
method/column-wise normalization) and ‘normalization’
(sample-based method/row-wise normalization). To be
consistent with the publication (6) describing the new meth-
ods of combination strategy, the definition of the method
class and which class each method belongs to are provided
in Supplementary Table S1 and that report (6). As shown,
an abbreviation (Abbr.) was assigned to each normaliza-
tion method and is adopted to represent the correspond-
ing method throughout the manuscript. In the meantime,
144 methods that combined 12 sample- and 6 metabolite-
based methods were integrated. These new methods are also
indicated by their abbreviations throughout the paper. For
example, the method sequentially applying Cubic Splines
and Power Scaling is depicted as CUB+POW. In total, 168
methods for normalizing the time-course and multi-class
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Table 1. Summarization of and comparison between the functions provided in NOREVA 2.0 and 1.0. The check mark (
√

) indicated that the corresponding
function(s) had been available for using, while the cross (×) denoted the non-existence of such function

No. The unique functions provided NOREVA 2.0 NOREVA 1.0

1 Identifying the well-performing normalizations using multiple criteria
√ √

2 Removing the overall unwanted variations using ISs/QCMs
√ √

3 Correcting the signal drifts based on QCSs and subsequent data normalization
√ √

4 Realizing the normalization and performance evaluation for time-course metabolomics
√ ×

5 Enabling the normalization and performance evaluation for multi-class metabolomics
√ ×

6 Integrating over one hundred novel normalization methods of the combination strategy
√ ×

7 Discovering the best ones by comprehensively assessing the largest set of methods
√ ×

metabolomic data were fully provided and could be evalu-
ated in NOREVA. To the best of our knowledge, these 168
constitute the largest set of normalization methods that has
been provided by available tools so far.

Furthermore, signal drifts and batch effects are fre-
quently encountered in the metabolic profiling, especially
in the long-term and large-scale ones whose time spans are
usually several months or even years (43,44). In such cases,
data normalization is fundamental, but have to be cou-
pled with a careful organization of the analytical run (43).
Thus, a series of quality control samples (QCSs) over the
entire time course of a large-scale study has been adopted
to concatenate data of multiple analytical blocks into single
dataset (45,46), and been considered as an essential mea-
surement in preprocessing large-scale metabolomics data
(19). In other words, the best result of metabolomic data
processing should be achieved through applying the optimal
normalization strategy to a set of data acquired in a well-
designed analytical sequence (47). In NOREVA, a univari-
ate approach termed the QCS-based robust LOESS signal
correction (QCS-RLSC) for correcting signal drifts and re-
moving batch effects from a given large-scale metabolomic
dataset (43), was provided by integrating statTarget pack-
age (19). Such function can be utilized by NOREVA users
by simply indicating the type of their uploaded dataset as
‘Data with Quality Control Samples’. Particularly, the users
should carefully design the analytical sequence, and then
provide the injection order in their uploaded data by strictly
following the sequence of their experiment (injection order
should be provided in the uploaded file as described in the
last section of Materials and Methods).

Multiple Criteria Ensuring Collective Assessment

Performance assessment of each normalization method in
this study was achieved using the same list of criteria (five
well-established criteria in total) as those in NOREVA 1.0
(10), but the specific measures under each criterion were
systematically modified and enhanced to meet the needs of
time-course and multi-class metabolomic analyses. More-
over, under each criterion, one measure was selected to be
representative, and a variety of well-defined cutoffs of this
measure were used to categorize the normalization perfor-
mance into Superior, Good and Poor.

Criterion Ca: Method’s Ability to Reduce Intragroup
Variation among Samples (9)

This criterion is the most widely applied and has been
used by a number of available tools, such as NormalyzerDE

(14), MetaboGroup S (35), pseudoQC (36) and metaX (37).
Herein, the measures used under this criterion are similar
to those in NOREVA 1.0 (10), which included: (i) Pooled
Median Absolute Deviation (PMAD) & Pooled Estimate
of Variance (PEV) (a lower value means a more thorough
removal of experimentally induced noise and indicates a
better normalization) (8); (ii) principal component analy-
sis (PCA), visualizing the differences among multiple time-
points/classes (the more distinct the differences, the better
the performances of the applied method) (9); (iii) relative log
abundance (RLA) plots, illustrating the tightness of sam-
ples across or within multiple time-points/classes (the me-
dian in the plots would be close to zero, and the variation
around the median would be low) (32).

PMAD was selected to be the representative measure un-
der Criterion Ca, and its value was larger than 0. PMAD is
one of the most popular measures for evaluating the capac-
ity of a method in reducing the intragroup variation among
samples (6). A lower value of PMAD denotes a more thor-
ough removal of unwanted variation (8). PMAD within the
ranges of ≤0.3, ≤0.7 & >0.3 and >0.7 indicates Superior,
Good and Poor performances, respectively (8,9,48).

Criterion Cb: Method’s Effect on Differential Metabolic
Analysis (10)

To meet the requirements of the time-course and multi-
class metabolomic analysis, the clustering dendrogram and
heatmap plot provided in NOREVA 1.0 (10) are completely
replaced by the K-means plot (where K denotes the total
number of time-points/classes in the studied dataset. K=2
for case-control studies). For time-course metabolomics,
multivariate empirical Bayes statistics is first applied by
running the mb.long function in timecourse R package
(49). The metabolic biomarkers are then ranked and identi-
fied using HotellingT2 statistics (50). For multi-class data,
the orthogonal partial least squares-discriminant analysis
(OPLS-DA) was first used via running the opls function in
the ropls R package (51), which was optimized by calcu-
lating the number of orthogonal components using cross-
validation (51). Particularly, parameters ‘orthoI’, ‘cross-
valI’ and ‘predI’ in opls function of ropls R package were set
to ‘NA’, ‘2’ and ‘1’, respectively, which made the number of
orthogonal components automatically computed and opti-
mized based on 2-fold cross-validation and one predictive
component (51). The above strategy has been frequently
applied in current metabolomics (51–53). The metabolites
with value of Variable Influence on Projection (VIP) larger
than 1 are then identified as differential metabolic mark-
ers among K classes (28). Based on these markers identified
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Table 2. Eight benchmark datasets collected for case study analysis. Particularly, four time-course & four multi-class metabolomic benchmarks were col-
lected. The number of time-points/classes in each benchmark was provided and described. GC–MS: gas chromatography–mass spectrometry; IS: internal
standard; LC–MS: liquid chromatography–mass spectrometry; QCS: quality control sample

Dataset ID & Platform Remarks on Each Dataset Dataset Description

MTBLS665 (73) Time-course
LC-MS (positive mode)

Untargeted metabolomic dataset of 3
time-points without QCS & IS

4,236 metabolites from people before P.
vivax infection, on the day of positive blood
smear, and three-weeks after treatment

MTBLS518 (74) Time-course
LC-MS (positive mode)

Untargeted metabolomic dataset of 7
time-points with QCS

14,339 metabolites from M. mulatta (rhesus
monkey) after infecting P. sporozoites at days 0,
21, 27, 52, 59, 90, and 98

MTBLS319 (75) Time-course
GC-MS (time-of-flight)

Untargeted metabolomic dataset of 3
time-points with IS

116 metabolites from the mutation strains of P.
putida after the toluene shock at 0 min, 10 mins
and 60 mins

MTBLS656 (76) Time-course
LC-MS (ion-switching)

Targeted metabolomic dataset of 3
time-points without QCS & IS

259 metabolites from the healthy volunteers of
a time-series consecutive sample collections at
0 hr, 12 hrs, and 24 hrs

MTBLS59 (72) Multi-class LC-MS
(positive mode)

Untargeted metabolomic dataset of 4
classes without QCS & IS

1,632 metabolites from 4 types of apple
extracts (control, other 3 spiked with nine
compounds of different concentrations)

MTBLS520 (77) Multi-class
LC-MS (positive mode)

Untargeted metabolomic dataset of 9
classes with QCS

4,172 metabolites from 9 different bryophytes
(B. rutabulum, C. cuspidata, F. taxifolius, G.
pulvinata, etc.)

MTBLS370 (78) Multi-class
GC-MS (Q exactive)

Untargeted metabolomic dataset of 4
classes with IS

885 extracellular metabolites from fresh
medium, C. albicans spent media, S.
aureus spent media and co-culture spent media

MTBLS370 (78) Multi-class
GC-MS (Q exactive)

Targeted metabolomic dataset of 4
classes without QCS & IS

72 extracellular metabolites from fresh
medium, C. albicans spent media, S.
aureus spent media and co-culture spent media

from time-course/multi-class metabolomics data, K-means
clustering is adopted to describe the level of differentiation
among time-points/classes (54), and a method is considered
well-performing when obvious differentiation among time-
points/classes in the clustering outcome was observed.

In order to assess the level of differentiation among time-
points/classes, a well-established index (purity) was calcu-
lated and selected to be the representative measure under
Criterion Cb. Purity is an effective and transparent measure
for evaluating the clustering quality (55,56). A clustering
outcome of bad quality has a purity value close to 0, while
a perfect clustering results in a purity of 1 (55,56). Purity
within the ranges of >0.8, ≤0.8 & >0.5 and ≤0.5 denoted
Superior, Good and Poor performances, respectively (56,57).

Criterion Cc: Method’s Consistency in Markers Discov-
ered from Different Datasets (58)

The low reproducibility among multiple sets of mark-
ers identified from different metabolomics datasets for the
same research issue can raise doubt about reliability (59).
The underlying reason for this lack of reproducibility might
be attributed to the inconsistency of the applied process-
ing methods (especially normalization) (58). Thus, the con-
sistency in the sets of markers discovered from different
datasets is considered to be an essential criterion for eval-
uating the normalization performance (10). Under this cri-
terion, time-course/multi-class data are first divided evenly
into three sub-datasets using the stratified random selection
(60,61). Stratified random sampling (SRS) is a sampling
method that involves the division of all samples into mul-
tiple subgroups known as strata (multiple classes for multi-
class metabolomics, multiple time-points for time-course
ones), and the random samples are then selected from each
stratum and combined among different strata to construct
three subgroups (60,61). In NOREVA, the strata function

in the sampling R package was applied to perform SRS
by setting parameter ‘stratanames’ (vector of stratification
variables) and ‘size’ (number of samples in each subgroup
for a studied stratum) to ‘the label of class/time-point’ and
‘N/3’ (62), respectively. The N denoted the total number of
samples in studied stratum, and the number ‘3’ indicated
the three subgroups. After the subgroup selection, the same
strategy for identifying the differential metabolic markers as
that described in Criterion Cb is applied to each sub-dataset.
Based on the three marker sets identified from these three
sub-datasets, a powerful measure relative weighted consis-
tency (CWrel) is finally used to quantitatively evaluate the
level of consistency among three sets of identified metabolic
markers (63). Moreover, the reason why the studied dataset
was divided into only three subgroups is due to the follow-
ing. First, the CWrel was reported as subset-size-unbiased,
which made it insensitive to the number of subgroups (63).
Second, as provided in MetaboLights (64), a large number
of metabolomic studies were of relatively small sample size.
With the increase of the number of sub-datasets, the appli-
cability of NOREVA can be significantly limited. For exam-
ple, if the number of sub-datasets was set to 3, the minimum
sample number of each class/time-point, considering the 2-
fold cross-validation in marker selection, should equal to 6.
In other words, the dataset with less than six samples in each
class/time-point cannot be analyzed in NOREVA.

Compared with the well-established measure: weighted
consistency (CW), CWrel is found to be powerful in avoid-
ing the subset-size-biased problem (63). Particularly, CWrel
counts the number of times every single metabolite appears
in every single set of markers to represent the robustness
among marker sets from an overall perspective (63). As the
representative measure of Criterion Cc, CWrel is between 0
and 1. CWrel close to 1 referred to the highest robustness of
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the identified markers, and CWrel within the ranges of >0.3,
≤0.3 & >0.15 and ≤0.15 indicates Superior, Good and Poor
performances, respectively (65).

Criterion Cd: Method’s Influence on Classification Accu-
racy (66)

The prime goal of the time-course/multi-class analysis
is to discover and validate a set of markers that could
be employed to describe biological dynamics or differenti-
ate multiple classes (29,31). The classification accuracy of
the model constructed based on a certain normalization
method is thus assessed using area under the curve (AUC)
value and receiver operating characteristic (ROC) analysis,
under this criterion (66). First, the same strategy for identi-
fying the differential markers as that described in Criterion
Cb is applied to a studied time-course/multi-class dataset.
Second, a multiple classification model was constructed us-
ing the support vector machine (SVM) method via run-
ning the svm function in the e1071 R package (67), and
the parameter ‘type’, ‘kernel’ and ‘cross’ were set to ‘C-
classification’, ‘radial basis’ and ‘5’, respectively. In other
words, an RBF-kernel SVM based on 5-fold cross valida-
tion was applied in this study to control the problem of
overfitting (68). The parameters ‘cost’ and ‘gamma’ in svm
function were optimized by applying the tune function in
e1071 R package based on a grid search over supplied pa-
rameter ranges (69). Finally, AUC value for this multiple
classification is calculated using the multi roc function in
multiROC R package (67). As the representative measure
of Criterion Cd, the AUC is between 0 and 1. If a classi-
fier achieves high classification performance on the stud-
ied time-course/multi-class data, it would yield large AUC
value (close to 1). An AUC value in the range of >0.9, ≤0.9
& >0.7 and ≤0.7 represents Superior, Good, and Poor per-
formances, respectively (70,71).

Criterion Ce: Level of Correspondence between Normal-
ized and Reference Data (8)

The measure applied under this criterion is similar to that
in NOREVA 1.0 (10). Log fold changes (logFCs) of the con-
centrations between any two classes of a time-course/multi-
class dataset are calculated, and the degree of correspon-
dence between the normalized data and references is then
estimated. In case of the spike-in data, the relative levels
of multiple spike-in metabolites can be used as references.
Thus, the level of correspondence between the normalized
data and references (spike-in metabolites) can be utilized
as criterion for assessing normalization performance (8,66).
The performance of each method is reflected by how well
the logFCs of the means of normalized data corresponded
to that of references (8). A boxplot illustrating the varia-
tions between any two classes is used as a representative
measure of the Criterion Ce, and the preferred medians in
the boxplot would equal to zero with the minimized vari-
ations (10,72). Moreover, the logFC of the means alone is
not sufficient due to its overlook of data variability. Thus,
in NOREVA, the logFC of standard deviations is calcu-
lated. Performances of each method can be reflected by how
well this logFC of the normalized data corresponded to that
of the references. A boxplot showing the variation between
classes is further adopted as another measure of this crite-
rion, and the preferred medians in the boxplot would equal
to zero with the minimized variations.

Comprehensive Assessment from Multiple Perspectives

NOREVA enabled the comprehensive assessment of nor-
malization performances by a collective ranking from mul-
tiple perspectives, which were based on the representative
measures of different criteria discussed above. Particularly,
these measures included the PMAD, purity, CWrel, and
AUC value. Based on these measures, the performances of
all 168 methods could be ranked separately, and four rank-
ing numbers were assigned to each method by the four cor-
responding criteria. Due to the independent nature of the
four criteria (10), the collective consideration of multiple
criteria was proposed in this study and realized in NOREVA
for providing the overall ranking to all 168 methods. Par-
ticularly, the overall ranking of a given method was de-
fined by the sum of multiple ranking numbers under mul-
tiple criteria (the smaller the sum is, the higher a method
ranks). To realize comprehensive performance assessment,
a local version of NOREVA was constructed. It can be
downloaded to and run on user’s own computer. Particu-
larly, three sequential steps should be followed. First, in-
stall the R and RStudio environment. Second, download
the local NOREVA. Third, run NOREVA by executing the
R commands in User Manual. Exemplar input/output files
could be downloaded directly from the NOREVA website
(https://idrblab.org/noreva/).

Time-course and Multi-class Benchmarks Collected

Eight benchmark datasets were collected from Metabo-
Lights (64) to assess the performance of NOREVA, which
included four time-course together with another four multi-
class benchmarks. As shown in Table 2, these four time-
course datasets consisted of MTBLS665 (73), MTBLS518
(74), MTBLS319 (75), and MTBLS656 (76). MTBLS665
contains untargeted metabolomic data from 18 samples
with an observation from hree time-points (T0: before Plas-
modium vivax infection; T1: on the day of diagnosis; T2:
three-weeks after treatment); MTBLS518 presents longitu-
dinal untargeted metabolomic data from 15 monkeys with
observations from three time-points (T0: on the day of Plas-
modium sporozoites infection; T1: 21 days after infection;
T2: 90 days after infection); MTBLS319 includes untar-
geted data from eight samples of Pseudomonas putida mu-
tation strains at three time-points (T0: at the time of toluene
shock; T1: 10 mins after the toluene shock; T2: 60 min
after the toluene shock); and MTBLS656 gives targeted
metabolomic data from saliva of healthy volunteers of a
consecutive sample collection from three time-points (T0:
0 hour in the morning; T1: 12 h in the evening; T2: 24 h
in the morning). Meanwhile, four multi-class datasets were
collected from MTBLS59 (72), MTBLS520 (77), and MT-
BLS370 (78). Particularly, MTBLS59 has 10 control sam-
ples of apple extract and three spiked sets of the same size
(10 samples in each set, where nine compounds were spiked
in various concentrations); MTBLS520 is composed of nine
bryophyte species (12 samples for each species); and the
remaining two datasets are all collected from MTBLS370
(one untargeted set of data consists of 885 extracellular
metabolites from fresh medium, C. albicans spent media, S.
aureus spent media & co-culture spent media and 6 samples
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Table 3. The performances of representative normalization methods on different types of benchmarks (collectively assessed by four different criteria). (a)
assessing results for three untargeted time-course benchmarks: without QCS & IS (73), with QCS (74), with IS (75) and one targeted time-course benchmark
(76); (b) assessing results for three untargeted multi-class benchmarks: without QCS & IS (72), with QCS (77) and with IS (78) and one targeted multi-
class benchmark (78). Based on the ‘Superior’, ‘Good’, and ‘Poor’ performances defined in the second section of MATERIALS AND METHODS, the
background of each assessment result was colored in green, light green, and red for the ‘Superior’, ‘Good’, and ‘Poor’ performances, respectively. The
abbreviations of normalization methods were described in Supplementary Table S1

(a) Time-course Datasets Assessed by Four Different Criteria (b) Multi-class Datasets Assessed by Four Different Criteria

Normalization Method Ca Cb Cc Cd Normalization Method Ca Cb Cc Cd

RAN+EIG 0.09 1.00 0.61 1.00 LEV+EIG 0.04 0.88 0.37 1.00

AUT+EIG 0.48 1.00 0.46 1.00 PQN+POW 0.05 0.85 0.30 1.00

MEA+VAS 2.29 0.53 0.33 0.94 RAN+LIW 0.23 0.33 0.18 1.00

LIN+LEV 0.02 0.58 0.18 0.58 CUB+AUT 0.86 0.75 0.16 1.00

AUT+LIW 0.76 0.59 0.13 0.97 SUM+LEV 0.01 0.35 0.21 0.23
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CON+LEV 0.83 0.46 0.04 0.63
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AUT+SUM 295.35 0.38 0.11 0.33

VAS+MST < 0.01 0.84 0.32 0.94 RAN+EIG 0.08 0.81 0.57 0.94

SUM+RAN 0.02 0.87 0.19 0.94 AUT+EIG 0.43 0.85 0.62 1.00

LIW+LEV 1.53 0.58 0.49 0.96 CUB+RAN 0.10 0.45 0.35 0.88

MED+RAN 0.03 0.47 0.23 0.63 VAS+LIN 0.21 0.24 0.17 0.33

QUA+PAR 0.77 0.49 0.16 0.83 MST+AUT 0.55 0.33 0.28 0.31
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AUT+CON 6.60 0.44 0.13 0.38
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LEV+PQN 7.64 0.27 0.10 0.40

RUVrand 0.46 0.58 0.37 0.73 SIS 0.24 1.00 0.43 0.86

SIS 0.49 0.42 0.37 0.72 RUVrand 0.23 0.78 0.27 1.00

NOMIS 0.57 0.42 0.22 0.49 CCMN 0.21 1.00 0.42 0.61
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CCMN 0.57 0.46 0.25 0.42
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NOMIS 0.23 0.83 0.27 0.06

for each media; one targeted dataset includes 72 extracellu-
lar metabolites from the same classes, and also six samples
for each class). MTBLS665 and MTBLS59 contain no qual-
ity control sample (QCS) and internal standard (IS), MT-
BLS518 and MTBLS520 consist of QCS, MTBLS319 and
the untargeted MTBLS370 include ISs, and MTBLS656
and targeted MTBLS370 give targeted metabolomic data
without QCS and IS.

Server Implementation Details and Required File Format

NOREVA is deployed on a web server running Cent OS
Linux v6.5, Apache HTTP web server v2.2.15 and Apache
Tomcat servlet container. Its web interface was developed
by R v3.2.2 and Shiny v0.13.1 running on Shiny-server
v1.4.1.759. Various R packages were utilized in the back-
ground processes. NOREVA can be readily accessed by all
users with no login requirement, and by diverse and popular
web browsers including: Google Chrome, Mozilla Firefox,
Safari and Internet Explorer 10 (or later).

A file consisting of a sample-by-feature matrix (samples
in rows and features in columns) in csv format is required
as input. For analyzing time-course metabolomic data, the
first row of the first 5 columns should be sequentially la-

belled as ‘sample’, ‘batch’, ‘class’, ‘order’ and ‘time’, which
indicate sample ID, batch ID, class of sample, injection or-
der, and time-point, respectively. The sample ID should be
unique among all samples; the batch ID refers to differ-
ent analytical blocks or batches, which should be labeled
with an ordinal number (e.g. 1, 2, 3, . . . ); the class of sam-
ples indicates the QC sample (labeled as ‘NA’); the injec-
tion order strictly follows the sequence of the experiment;
and the time-point refers to explicit time-points (T0, T1,
T2, . . . ) for each sample. The remaining columns give the
mass-to-charge ratios and retention times of all metabolites.
For analyzing multi-class data, the first row of the first 4
columns should be sequentially labelled as ‘sample’, ‘batch’,
‘class’ and ‘order’, which represent sample ID, batch ID,
class of sample, and injection order, respectively. The sam-
ple ID should be unique among all samples; the batch ID
indicates different analytical blocks or batches; the class of
samples denotes QC sample (labeled as ‘NA’); and the in-
jection order strictly follows the experiment. Detail file for-
mat requirements for data with/without IS/QCS are the
same as that of NOREVA 1.0. Moreover, an additional file
containing the reference metabolite data required in eval-
uating Criterion Ce must be in the same format as that in
NOREVA 1.0 (10). Various exemplar files strictly following
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Figure 2. Comparing the performances of three normalization methods on the time-course benchmark MTBLS665 (73) based on the well-established
metabolic marker (kynurenine) elevated in the patient plasma after malaria infection and then declined after treatment (80,81). (A) the normalization
method (Mean) applied in the original study of the MTBLS665 benchmark (73); (B) the normalization method (range scaling+EigenMS) identified to be
consistently well-performing under all four criteria by NOREVA as shown in Table 3A; (C) the normalization method (contrast+level scaling) identified
to be consistently poorly-performing under all four criteria by NOREVA as shown in Table 3A. The violin plots were used to illustrate the concentration
distribution of kynurenine among individuals, and the dots indicated the exact concentrations of kynurenine in an individual at certain time-points (T0,
T1 and T2). All concentrations were scaled into the range between 0 and 1.

these requirements are fully provided and can be directly
downloaded from the NOREVA website.

RESULTS AND DISCUSSION

Exploration of Time-course Metabolomics by NOREVA

To evaluate the capability of NOREVA to identify well-
performing method(s), three time-course datasets were col-
lected: MTBLS665 (73), MTBLS518 (74) and MTBLS656
(76). These datasets were employed for demonstrating the
performance of NOREVA on (i) processing the untargeted
metabolomic data without quality control sample (QCS)
& internal standard (IS), (ii) correcting the signal drifts
in untargeted metabolomics based on QCS and (iii) nor-
malizing the targeted data. Table 3A showed the perfor-
mances of six representative normalization methods on
each of those three benchmark datasets (collectively eval-
uated by four different criteria). For all three datasets, the
performances of different normalizations varied substan-
tially. Particularly, the performances of some methods were
consistently Superior (such as: RAN+EIG, VAS+MST, and
RAN+MED, highlighted by the green background under
all criteria in Table 3A); the performances of another some
were found as consistently Poor for all criteria (CON+LEV,
AUT+CON and CON+NON, highlighted in red in Table
3A); the majority of these representative methods showed
Good (light green in Table 3A) or Superior performance un-
der some criteria but exhibited Poor performance under the
others. Thus, it is highly possible that a certain method is
poorly-performing under one or more criteria for a time-
course dataset, and it is key to systematically evaluate the
performance of the studied method based on the multi-
ple criteria proposed in NOREVA. Moreover, four well-
known IS-based methods (CCMN, NOMIS, RUV-random
and SIS in Supplementary Table S1) were assessed using
MTBLS319 (75). As shown in Table 3A, the performances

of these methods differed substantially, which denoted that
they should also be assessed by multiple criteria.

Proper application of normalization methods could also
be reflected by their levels of success in preserving the ‘true’
biological variation (10,79). These true variations, used
as the gold standard in performance assessments, include
clinically/experimentally well-established markers, spiking
compounds, and so on (10,79). As the metabolite of amino
acid tryptophan, kynurenine has been reported to be a
well-established marker that is elevated in patient plasma
after malaria infection and then decline after treatment
(80,81). MTBLS665 consisted of the metabolomic data
from 18 samples with observations at three time-points:
before malaria infection, on the day of diagnosis, and
three-weeks after treatment (73). Based on this benchmark,
the normalization performances of the different methods
are explicitly illustrated in Figure 2. Three normalization
methods were assessed: (a) the method (mean) applied in
the original study of the MTBLS665 benchmark (73) (its
performance was found by NOREVA to be consistently
Good under all four criteria), (b) the method (Range Scal-
ing+EigenMS) whose performance was found to be consis-
tently Superior in all criteria (shown in Table 3A) and (c)
the method (Contrast+Level Scaling) whose performance
was identified as consistently Poor under all criteria (Ta-
ble 3A). It is clear to see in Figure 2 that both MEA and
RAN+EIG could effectively preserve the ‘true’ biological
variation of kynurenine (elevated in plasma after malaria
infection, and then declined after treatment (80,81)). In con-
trast, CON+LEV could hardly preserve this variation.

Insights into Multi-class Metabolomics by NOREVA

For multi-class metabolomics, three benchmarks were con-
sidered: MTBLS59 (72), MTBLS520 (77) and MTBLS370
(78). These datasets were employed for demonstrating the
performance of NOREVA on (i) processing the untargeted
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Figure 3. Comparison of two representative normalization methods based on nine spiking compounds. (A) the concentration distribution among four
studied groups after the normalization using level scaling+EigenMS (LEV+EIG); (B) the concentration distribution among all studied groups after the
normalization via auto scaling+total sum (AUT+SUM). Base on the comprehensive performance assessments of all 168 normalization methods, LEV+EIG
demonstrated consistently Superior performance across all criteria, while AUT+SUM was identified to be consistently poorly-performing under all four
criteria (as demonstrated in Table 3). Particularly, two out of the nine spiking compounds (trans-resveratrol & cyanidin-3-galactoside) are not naturally
present in the studied extract, so the constant concentrations were spiked for each compound (0.4 and 0.57 mg/l, respectively). Six out of the remaining seven
compounds (catechin, phloridzin, epicatechin, quercetin-3-galactoside, quercetin-3-rhamnoside & quercetin-3-glucoside) were spiked into three groups
with the gradual increase of concentration (from control to an increase of 20%, then 40%, and finally 100%). The last compound (quercetin) was also
spiked with a variation of concentration (from control to an increase of 20%, then 40%, and finally 40%).

multi-class metabolomic data without QCS & IS, (ii) cor-
recting the signal drifts in the untargeted metabolomics
using QCSs and (iii) normalizing the targeted multi-class
metabolomic data. Table 3B showed the performances of
six representative methods on each of these datasets. For
all datasets, the performances of different methods var-
ied significantly. Particularly, the performances of some
methods (like: LEV+EIG, RAN+EIG and MST+POW)
were consistently Superior under all four criteria; the per-
formance of another some (AUT+SUM, LEV+PQN &
VAS+PQN) was consistently Poor; the remaining meth-
ods showed Good/Superior performance under some crite-
ria but Poor under the others. Moreover, IS-based methods
were also assessed based on the multi-class benchmark MT-
BLS370 (78). As shown in Table 3B, the performances of the
methods also differed substantially for this dataset. There-
fore, similar to the time-course dataset, the normalization
of multi-class metabolomic dataset requires a systematical
evaluation based on the multiple criteria.

MTBLS59 (72) consists of a control set of apple extracts
and three spiked sets of the same size (where nine spik-
ing compounds were added at different concentrations).
These spiking compounds were the ‘true’ biological vari-
ations for assessing whether a normalization was prop-
erly applied (10,79). Particularly, two spiking compounds
(trans-resveratrol & cyanidin-3-galactoside) were not nat-
urally present in the studied extracts, so a constant con-
centration was spiked for each (0.4 and 0.57 mg/L, respec-
tively); six out of the remaining seven compounds (catechin,
epicatechin, phloridzin, quercetin-3-galactoside, quercetin-
3-rhamnoside and quercetin-3-glucoside) had been spiked
into three groups with a gradual increase in concentration
(from control to an increase of 20%, then 40%, and finally

100%); the last compound (quercetin) was spiked into an-
other three groups with different variations in concentra-
tion (from control to an increase of 20%, then 40%, and
finally 40%) (72). Based on MTBLS59, the performance
of different normalization methods was shown in Fig-
ure 3. Particularly, two representative normalization meth-
ods in Table 3 were assessed (a) a method (Level Scal-
ing+EigenMS) whose performance was consistently Su-
perior under four criteria (Table 3B) and (b) a method
(Auto Scaling+Total Sum) whose performance was consis-
tently Poor under all four criteria (Table 3B). It was clear
that LEV+EIG could effectively preserve the true biologi-
cal variations of nine spiking compounds (Figure 3A), but
AUT+SUM could hardly preserve this variation for the ma-
jority of the spiking compounds (Figure 3B).

Comprehensive Performance Assessment by NOREVA

To discover the well-performing normalization methods,
NOREVA 2.0 proposes a new strategy that comprehen-
sively assesses the performances of 168 normalization meth-
ods. As illustrated in Figure 4 and Supplementary Figure
S1, this strategy was applied to 6 benchmarks: MTBLS665
(73), MTBLS518 (74), MTBLS656 (76), MTBLS59 (72),
MTBLS520 (77) and MTBLS370 (78) (top-100 ranked
methods were illustrated, and the detail results of perfor-
mance assessments were provided in Supplementary Tables
S2–S4. Particularly, the assessing results under each crite-
rion were first calculated and colored into green, light green,
and red for Superior, Good, and Poor performances, respec-
tively. Then, all methods were comprehensively ranked by
collectively considering the assessment of all criteria. As
shown in Figure 4 and Supplementary Figure S1, the capac-
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Figure 4. Comprehensive assessment among all normalization methods (the top-100 were shown) based on the collective evaluations using four different
criteria. The assessing outcomes for time-course datasets: (A) MTBLS665 without QCS & IS (73) & (B) MTBLS518 with QCS (74), and multi-class
benchmarks: (C) MTBLS59 without QCS & IS (72) & (D) MTBLS520 with QCS (77) were comprehensively ranked and colored using performances.
Based on the description in the second section of MATERIALS AND METHODS, the background of each evaluation result was shown in green, light
green and red for Superior, Good and Poor performance, respectively. The abbreviations of the normalization methods were described in Supplementary
Table S1. Criteria Ca, Cb, Cc and Cd were measured by PMAD, purity, CWrel and AUC, respectively.
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ity of only 5 (3.0%), 2 (1.2%), 1 (0.6%), 4 (2.4%), 1 (0.6%)
and 23 (13.7%) out of all 168 methods were discovered as
consistently Superior under all criteria for MTBLS665 (73),
MTBLS518 (74), MTBLS656 (76), MTBLS59 (72), MT-
BLS520 (77) and MTBLS370 (78), respectively. A further
analyses revealed that all the ‘consistently Superior’ meth-
ods were of the combination strategy reported by a recent
study (6) and integrated by NOREVA. As reported (6),
this strategy was proposed to create novel normalization
method(s) through combining a sample-based normaliza-
tion with a metabolite-based one (shown in Supplementary
Table S1) or vice versa. Although it might not be capable of
drawing any decisive conclusion using only four datasets,
these results above did indicate the necessity of conducting
comprehensive performance evaluation on all methods, and
those methods of the combination strategy in NOREVA
could be the promising candidates of good performance.

In the meantime, the performances of 67 (39.9%), 69
(41.1%), 58 (34.5%), 57 (33.9%), 10 (6.0%) and 53 (31.5%)
out of the 168 methods were discovered as Good/Superior
under all criteria for MTBLS665, MTBLS518, MT-
BLS656, MTBLS59, MTBLS520 and MTBLS370, respec-
tively. Among the newly identified ‘Good/Superior’ meth-
ods, 54 (80.6%), 66 (95.7%), 46 (79.3%), 45 (78.9%), 9
(90.0%) and 48 (90.6%) methods were of the combination
strategy. The results above demonstrated that the tradi-
tional methods (as provided in Supplementary Table S1)
popular in current metabolomics could also be effective
in removing the unwanted variation for time-course and
multi-class metabolomic datasets, but a systematic assess-
ment based on multiple criteria was required for the dis-
covery of well-performing method(s). Moreover, the meth-
ods of combination strategy consisted of the majority of the
identified ‘Good/Superior’ methods, which denoted that the
combined methods could be promising candidates of good
performance for a studied dataset.

CONCLUSIONS AND PERSPECTIVES

This update made NOREVA capable of normalizing and
evaluating time-course and multi-class metabolomic data,
and identifying well-performing method(s) by comprehen-
sively assessing the largest set of normalizations. The case
studies based on benchmark datasets extensively validated
the significance and originality of this update. However, the
analysis of metabolomic experiment with a small amount
of classes (e.g. 3–5 classes) is different from that of rela-
tively diverse classes (e.g. >10 classes). Moreover, the time-
course metabolomics are even more complicated than the
multi-class one, since it follows a ‘longitudinal’ design where
the same sampling unit is followed over time. Because of
such complex nature of time-course and multi-class studies,
the application of NOREVA may be greatly limited. To as-
sess the level of possible limitation, all datasets (∼700) in
MetaboLights (64) were first systematically reviewed, and
the datasets, (i) with unnormalized raw data available and
(ii) with no less than six samples in each class/time-point,
were collected. Among all the collected datasets, two were
identified as with the largest number of classes/time-points
in MetaboLights, which included MTBLS187 of 14 time-
points (82) & MTBLS338 of 19 classes (83). Then, the well-

performing normalizations for these two datasets were iden-
tified using NOREVA, and their results of comprehensive
evaluation were shown in Supplementary Figure S1C (MT-
BLS187) and Supplementary Figure S1D (MTBLS338). As
illustrated, no method was identified to be consistently Su-
perior for either MTBLS187 or MTBLS338, which demon-
strated the difficulty of the proposed NOREVA strategy in
assessing the two datasets of complex nature. Moreover, it is
easy to understand that, with the aggravation of data com-
plexity (the increase of the number of classes/time-points),
the ability of NOREVA to identify well-performing meth-
ods may be gradually limited. However, as illustrated in
Supplementary Figure S1C and D, NOREVA was still capa-
ble of identifying the methods of consistently Good perfor-
mances (light green/green). Considering that the assessed
datasets are among the ones of the largest number of classes
and time-points in the latest MetaboLights (64), it would be
expected that this version of NOREVA could be used for the
majority of current time-course/multi-class problems. With
the advent of big data era (especially OMIC studies (84–
88), precision medicine (89–94), and so on), NOREVA and
other available tools could collectively contribute to vari-
ous aspects of scientific research, such as pathological study,
drug discovery and biomarker identification.

SUPPLEMENTARY DATA

Supplementary Data are available at NAR Online.
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