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Abstract 

Metabolomics is essential for providing an overview of what chemical processes are taking place. A clear shift from bulk metabolomics to single- 
cell metabolomics (SCM) is observed in current research, and an integral w orkflo w enabling the analy sis of SCM data is therefore in great demand. 
Ho w e v er, no such w orkflo w has been a v ailable to date. Herein, MMEASE, pre viously designed f or analyzing bulk met abolomic dat a, w as theref ore 
updated to its 2.0 v ersion b y de v eloping the first comprehensive and in-depth w orkflo w analyzing SCM data. First, it provided all sequential steps 
of modern SCM research (from SCM data processing, to cellular heterogeneity analysis, then to high-resolution metabolite annotation, and finally 
to cell-based biological interpretation). Second, compared with the existing tools, MMEASE 2.0 was superior by incorporating the widest variety 
of methods at e v ery step of the SCM analy ses. T he originality and functionality of our MMEASE w ere e xtensiv ely v alidated and e xplicitly 
described by case studies on benchmark data. All in all, MMEASE 2.0 was unique in accomplishing comprehensive and in-depth analyses of 
SCM data, which could be considered as an indispensable complement to the existing tools. Now, the latest version of MMEASE is freely 
accessible by all users at: https:// idrblab.org/ mmease/ 
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ntroduction 

etabolomics, as the youngest discipline of all OMICs stud-
es, offers the readout closest to phenotypes and gives a view
f what chemical processes are taking place in cells [ 1 , 2 ].
 workflow of metabolomic analysis includes many crucial

teps: data processing, data integration, marker identifica-
ion, and function annotation [ 3 ]. To ensure the produc-
ion of an accurate and reliable analytical result, it is crit-
cal to have a tool which provides a comprehensive work-
ow for these processes [ 4 , 5 ]. Therefore, MMEASE 1.0
as designed, and is unique in (i) integrating multiple an-

lytical blocks, (ii) providing enriched annotation for > 330
00 metabolites, and (iii) conducting enrichment analysis us-
ng various categories / subcategories [ 6 ]. Due to these func-
ions, MMEASE has become popular for analyzing bulk
etabolomic data and has emerged as a good complement

o existing tools [ 7–9 ]. 
A clear shift from bulk metabolomics to single-cell
etabolomics (SCM; recognized in 2023 as one of the seven

echnologies to watch) has recently been observed, and inte-
ral workflows for analyzing SCM data are required [ 10 , 11 ].
uch an analysis consists of four sequential steps: (i) SCM
ata processing; (ii) cellular heterogeneity analysis; (iii) high-
esolution metabolite annotation; and (iv) cell-based biologi-
al interpretation [ 12 ]. SCM data processing helps to remove
he systematic bias / technical variation that arises from the
nstrumental / sampling issues within SCM studies, which con-
ists of filtering, imputation, transformation, normalization,
nd batch correction of raw metabolomic data [ 13 ]; cellular
eterogeneity analysis enables the discovery of metabolic vari-
tion among cells (metabolic heterogeneity) and functional
hange among phenotypes (functional heterogeneity), which
ncludes differential analysis, phenotype / metabolite associa-
ion, and cell subpopulation classification using metabolic
bundance data [ 14 , 15 ]; high-resolution metabolite annota-
ion accomplishes the in-depth and systematic characteriza-
ion of metabolic markers at the cellular level using spectra
atching [ 16 ]; and cell-based biological interpretation aims at

haracterizing the biological meaning / metabolic mechanism
f SCM studies [ 17 ]. Due to the extreme complexity of SCM
ata analysis, as discussed above, a transparent workflow is
eported to be greatly needed for non-bioinformaticians in
odern SCM-based research [ 18 ]. 
So far, some professional tools, such as SCMeTA [ 19 ] and

inCHet-MS [ 20 ], have been designed for processing and an-
lyzing SCM data. SCMeTA is a pipeline specifically designed
or processing the SCM data, which covers one, one, one,
nd five methods for data imputation, data transformation,
atch correction, and data normalization, respectively, result-
ng in the most comprehensive pipeline for SCM data process-
ng[ 19 ]. SinCHet-MS, on the other hand, focuses primarily on
uantifying cell heterogeneity and subpopulations, making it a
opular tool enabling c ellular heterogeneity analysis for SCM
tudies [ 20 ]. In other words, existing tools are designed to tar-
et one particular step in SCM data analysis and, to the best
f our knowledge, an integral workflow for the entire analy-
is chain is not available to date [ 19 , 20 ]. Furthermore, there
re extensive depths that have not been achieved by the ex-
sting tools in their specialized steps. Taking the data imputa-
ion in the step of SCM data processing as an example, it is
ssential for SCM data analysis, since far more missing val-
es are found in the raw data of SCM, when compared with
bulk metabolomics [ 21–23 ]. Nevertheless, such a critical im-
putation process has not been provided by any of the existing
tools. Therefore, there is a great demand, especially from non-
bioinformaticians, for a comprehensive and in-depth work-
flow of successful SCM data analysis. However, no such work-
flow has been developed yet. 

Herein, MMEASE 1.0 designed for analyzing bulk
metabolomics data [ 6 ] was therefore updated to the lat-
est 2.0 version by developing the first comprehensive and
in-depth workflow analyzing SCM data (demonstrated in
Supplementary Table S1 ). On the one hand, this newly con-
structed workflow covered all four sequential steps in modern
SCM research (from SCM data processing, to cellular hetero-
geneity analysis, then to high-resolution metabolite annota-
tion, and finally to cell-based biological interpretation; illus-
trated in Fig. 1 ). On the other hand, the depth of MMEASE
was enhanced by offering the most diverse methods for each
step when compared with existing tools. Three case stud-
ies further validated the functionality of this newly updated
server. All in all, MMEASE 2.0 provides the first comprehen-
sive and in-depth workflow for analysis of SCM data, making
it an indispensable complement to the existing tools related to
modern SCM research. MMEASE 2.0 is now freely accessible
at: https:// idrblab.org/ mmease/ 

K ey feat ures of MMEASE 2.0 

A comprehensive and in-depth procedure 

promoting SCM data processing 

A comprehensive pipeline for SCM data processing was
described in MMEASE, including the filtering, imputation,
transformation, normalization, and batch correction of raw
metabolomic data. SCM data could be filtered when a tolera-
ble percentage of missing values for a metabolite exceeded the
user-defined threshold [ 23 , 24 ]. After filtering, the k -nearest
neighbor (KNN) imputation method [ 23 ] and 1 / 5 of the min-
imum positive value [ 13 ] were then utilized to impute the re-
maining missing values. To reduce the data range and stabilize
variance, three data transformation methods were provided,
namely G-log [ 13 ], log2 [ 20 ], and log10 transformation [ 12 ].
To remove unwanted variations, five normalization methods
were also incorporated into MMEASE 2.0, i.e. as auto-scaling
[ 12 ], mean [ 16 ], median [ 12 ], mass spectrometry MS total use-
ful signal (MSTUS) [ 24 ], and internal standard-based normal-
ization [ 12 ]. Moreover, batch effects in the large-scale dataset
existed because of the differences during sample preparation
and other biases. Thus, data integration after batch correc-
tion using ComBat [ 20 ] or Limma [ 25 ] was carried out. The
description of each method in SCM data processing is shown
in the Supplementary Methods. 

Cellular heterogeneity analysis from the metabolic 

and functional per specti ves 

In cellular heterogeneity analyses, metabolic heterogene-
ity and functional heterogeneity were key for discovering
metabolic variation among cells and functional change among
phenotypes, respectively. To perform differential analysis,
eight methods could be used to discover metabolic mark-
ers, namely fold change [ 26 ], one-way analysis of variance
(ANOVA) [ 27 ], orthogonal partial least squares discrimi-
nant analysis (OPLS-DA) [ 28 ], partial least squares discrim-
inant analysis (PLS-DA) [ 29 ], variable selection using random

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf363#supplementary-data
https://idrblab.org/mmease/
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Figure 1. Four k e y features of MMEASE 2.0. ( A ) SCM data processing comprising filtering, imputation, transformation, normalization, and batch 
correction of raw metabolomic data. ( B ) Cellular heterogeneity analysis for identifying metabolic and functional heterogeneities by differential analysis, 
phenot ype / met abolite association, and cell subpopulation classification. ( C ) High-resolution metabolite annotation to accomplish in-depth and 
systematic characterization of metabolic markers at the cellular level using spectra matching. ( D ) Cell-based biological interpretation aimed at 
characterizing the biological meaning and metabolic mechanism of SCM studies. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

forests (VSRF) [ 30 ], Student’s t -test [ 31 ], Kruskal–Wallis test
(KWT) [ 32 ], and support vector machine (SVM)-recursive fea-
ture elimination (RFE) [ 33 ]. KWT, ANOVA, PLS-DA, VSRF,
and SVM-RFE were also designed to discover key metabo-
lites in multiclass ( n ≥ 3) SCM. To visualize the differential
metabolites, relative intensity, boxplot, heatmap, and radar-
grams were also described. In the analyses of phenotype and
metabolite association, a correlation scatter matrix repre-
sented the correlation among metabolites [ 34 ], and the corre-
lation between metabolite and phenotype could be analyzed
via Mantel test correlation heatmaps [ 35 ]. Moreover, eight
classification methods could be selected to construct a model
of cell subpopulation classification using the data of metabo-
lite abundance, such as AdaBoost [ 36 ], Bagging [ 37 ], deci-
sion trees [ 38 ], KNN [ 39 ], linear discriminate analysis [ 40 ],
naive Bayes (NB), PLS [ 41 ], random forest [ 42 ], and SVM [ 43 ].
For cellular heterogeneity analysis, UMAP (uniform manifold
approximation and projection) [ 44 ] and t -SNE ( t -distributed
stochastic neighbor embedding) [ 24 ] were used to visualize di-
mensionality reduction of cells. Explicit descriptions of each 

method in the cellular heterogeneity analysis are also specifi- 
cally provided in the Supplementary Methods. 

Integrating the new algorithm for enabling 

high-resolution metabolite annotation 

High-resolution metabolite annotation was integrated to fa- 
cilitate in-depth and systematic characterization of metabo- 
lites at the cellular level. To ensure multidimensional metabo- 
lite characterization, a high-resolution metabolite annotation 

was realized using a systematic reference spectra database.
First, this database was organized into several libraries of 
biology, lipid, and exposome. The data of reference spectra 
databases were derived from public sources, including HMDB 

[ 45 ], MoNA [ 46 ], LipidBllast [ 47 ], GNPS [ 48 ], and KEGG
[ 49 ].Tandem spectra fragments were then annotated into the 
molecular formulas using BUDDY with maximum complete- 
ness [ 50 ]. Finally, two well-established matching approaches 
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dot product and spectral entropy) were implemented for as-
essing the matching similarity between reference databases
nd the input data [ 51 ]. 

ell-based biological interpretation through 

ultidimensional characterization 

fter metabolite annotation, a cell-based biological inter-
retation was constructed to explain the biological mean-
ng or metabolic mechanism of the corresponding SCM re-
earch. To provide the in-depth metabolic characterization,
nhanced coverage of biological interpretations was offered
n MMEASE. These metabolites were classified into differ-
nt biological or functional groups through literature reviews
nd information from public sources, such as HMDB, T3DB
 52 ], KEGG, DrugBank [ 53 ], and TTD [ 54 ]. To enhance cell-
ased biological interpretation, MMEASE provided insights
nto both exogenous factors and biological functions, such
s food, drug, microbial, cosmetic, ingredients of traditional
edicines, toxins, and pollutants. 

enchmark datasets collected to facilitate case 

valuations 

hree benchmark datasets were collected to test the utility of
MEASE 2.0. In the first case, the single-cell model of co-

ultured human epithelial cells (HeLa) and mouse fibroblast
ells (NIH3T3) was used [ 12 ]. A total of 88 metabolites were
etected from HeLa and NIH3T3 cells, which were analyzed
n two replicates. In the second case, hematopoietic stem cells
HSCs) were detected using a platform of high-throughput
CM, and were divided into four subpopulations with 111
eatures based on signal intensity, such as 39 HSC 

a , 40 HSC 

b ,
9 HSC 

c , and 42 HSC 

d cells [ 14 ]. In the third case, an un-
argeted metabolomics analysis was conducted in two pairs
f colorectal cancer cell lines with various metastatic abilities
 15 ]. Each pair of cell lines comprised primary and metastatic
olorectal cancer cell lines (SW480 versus SW620 and HT-29
ersus COLO 205). These metabolic features were annotated
o 42 and 41 metabolites (SW480 versus SW620 and HT-29
ersus COLO 205), respectively, which were then used for en-
anced biological interpretation. 

etails of server implementation and the required 

ormats of input files 

MEASE 2.0 was deployed on a server installing the Ubuntu
inux v20.04.6, Apache HTTP v2.2.15, and Apache Tom-
at servlet container. Its web interface was developed by R
4.4.2 and R package shiny v1.10.0 running on Shiny-server
1.5.16.958. Various R packages were utilized in the back-
round processes. MMEASE 2.0 can be accessed by all users
ithout a login requirement, and by popular web browsers,

uch as Google Chrome, Mozilla Firefox, Safari, and Inter-
et Explorer. For the input file, a sample-by-feature matrix
cells in rows and features in columns) in csv format was re-
uired. For the SCM data analysis, the first row of the first
our columns should be sequentially labeled as ‘cell’, ‘class’,
cell type’, and ‘batch’, which denoted the cell ID, functional
lass, cell types, and batch ID, respectively. The cell ID should
e unique; the functional class and cell type of each cell de-
otes different functional groups and cell types; the batch ID
ives different analytical blocks / cell batches. In the follow-
ng columns, the raw peak intensities across various cells were
urther provided, and unique metabolites or peaks are listed
in the first row of the input file. Moreover, as regards metabo-
lite annotation, precursor ion mass and tandem spectra should
be properly provided. For tandem spectra, the m / z values of
spectra were in the first column and the relative abundances
of m / z values were in the second column; the two columns
were separated using a space and comma in the paste box and
uploaded csv file, respectively. The example file strictly follow-
ing the requirements is provided and can be fully downloaded
from the MMEASE website. 

Results and discussion 

In vestig ating the functional heterogeneity based on
the SCM benchmark 

To assess the performance of MMEASE in identifying func-
tional heterogeneity, one benchmark for two independent
replicates of co-cultured HeLa and NIH3T3 cells was col-
lected [ 12 ]. The SCM data processing pipeline was imple-
mented using the following steps: missing values were imputed
by 1 / 5 of the minimum positive value and mean normaliza-
tion was used to normalize SCM data. After data processing
(left part of Fig. 2 A), distinct separation between batches was
observed in UMAP before batch corrections. As described on
the right-hand side of Fig. 2 A, cells from two batches were
thoroughly mixed, and ComBat was applied for correcting
batch effects. This showed that interbatch variation was ef-
fectively removed, resulting in well-integrated data. 

As shown in Fig. 2 B, after batch correction, clear sepa-
ration was demonstrated for visualizing the differences be-
tween HeLa and NIH3T3 cells, and differential analysis be-
tween HeLa and NIH3T3 cells was performed using PLS-DA
to identify key metabolites. Among all metabolites, 19 key
metabolites found in the original publication were analyzed.
As presented in Fig. 2 C, differential abundance of 19 metabo-
lites was observed between cell groups, and an inverse cor-
relation relationship between these metabolites and HeLa or
NIH3T3 cells was revealed (shown in Fig. 2 D). Metabolites
positively correlated with HeLa cells were identified as neg-
atively correlated with NIH3T3 cells, and vice versa. Addi-
tionally, UMAPs and boxplots were applied to visualize the
abundances of specific metabolites, which are provided in
Supplementary Figs S1 and S2 , respectively . Notably , the dif-
ferences in two critical metabolites in boxplots are shown in
Fig. 2 E. It was observed that phosphatidylethanolamine (PE)
(40:6), a metabolite marker of NIH3T3 cells, was significantly
more highly expressed in NIH3T3 cells, while phosphatidyli-
nositol (PI) (34:2), a marker of HeLa cells, was predominantly
expressed in HeLa cells, which was consistent with the results
of the original publication. 

Identification of the metabolic heterogeneity using 

the SCM benchmark 

A benchmark dataset was collected from a previous publica-
tion [ 14 ], and was utilized for assessing the capability of an-
alyzing metabolic heterogeneity in MMEASE 2.0, where four
subpopulations of cells (HSC 

a , HSC 

b , HSC 

c , and HSC 

d ) were
grouped. Using MMEASE, the metabolites with > 20% miss-
ing values were filtered out, followed by a missing value im-
putation based on 1 / 5 of the minimum positive value. MS-
TUS was applied for data normalization. As shown in Fig.
3 A, t -SNE visualization of metabolomic differences among the
four subpopulations by SVM analysis illustrated that HSC 

a

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf363#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf363#supplementary-data
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Figure 2. Case study for evaluating the performance of MMEASE 2.0 in revealing functional heterogeneity [ 12 ]. ( A ) UMAP of two batches before and 
af ter batc h correction using ComB at. ( B ) Dimensionality reduction using UMAP f or HeLa and NIH3T3 cells. ( C ) Radargram of 19 k e y metabolites in HeLa 
and NIH3T3 cells. ( D ) Mantel test correlations between key metabolites and two cell types. ( E ) Differential expression patterns of two key metabolites: 
phosphatidylethanolamine (PE) (40:6) and phosphatidylinositol (PI) (34:2). 



MMEASE for single-cell metabolomics W 395 

Figure 3. Case study for assessing the performance of MMEASE 2.0 in identifying metabolic heterogeneity [ 14 ]. ( A ) Dimensionality reduction using 
t -SNE across subpopulations (HSC 

a , HSC 

b , HSC 

c , and HSC 

d ). ( B ) Mean of six k e y metabolites across subpopulations. ( C ) A Mantel test correlation 
heatmap was adopted for correction analyses between six metabolites and four subpopulations (HSC 

a , HSC 

b , HSC 

c, and HSC 

d ). ( D ) A correlation scatter 
matrix was used to find significant positive correlation among three metabolites. ( E ) Two key metabolites [glucose and 6-phosphogluconate (6PG)] were 
found to be significantly increased from HSC 

a to HSC 

d . 
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as at the top of the map, while HSC 

d was at the bottom of
he map. This finding suggested the gradual change through
 series of intermediate metabolic states, rather than a bi-
ary switching on / off pattern. Differential metabolites among
he four cell subpopulations were revealed using PLS-DA. In
articular, six metabolites among all the differential metabo-

ites were validated, i.e. palmitic acid, glucose, asparagine,
scorbate, arachidonic acid, and 6-phosphogluconate (6PG).
s presented in Fig. 3 B, the mean levels of all six metabo-

ites showed great differences across the four subpopulations.
mong them, palmitic acid demonstrated a decreasing trend

rom HSC 

a to HSC 

d , while the remaining five metabolites pre-
ented an increasing trend from HSC 

a to HSC 

d . 
As illustrated in Fig. 3 C, the correlation of these six metabo-

ites with four subpopulations was analyzed. The metabolites
palmitic acid, asparagine, ascorbate, arachidonic acid, glu-
ose, and 6PG) that were negatively correlated with HSC 

a 

ere found to be positively correlated with HSC 

d . As shown
n Fig. 3 D, asparagine, arachidonic acid, and 6PG showed a
ignificant positive correlation with each other in the correla-
ion scatter matrix. As shown in Supplementary Fig. S3 A, the
adargram illustrated the obvious trend of six key metabo-
ites from HSC 

a to HSC 

d . Moreover, it has been validated
that the expression of oxidative pentose phosphate pathway
(OxiPPP)-related genes gradually increases during HSC pro-
liferation, and glucose and 6PG (metabolites in the OxiPPP)
progressively increased their levels from HSC 

a to HSC 

d [ 14 ].
As shown in Fig. 3 E, two metabolites (glucose and 6PG)
were significantly increased from HSC 

a to HSC 

d . The box-
plot of palmitic acid showed a significant decrease from HSC 

a

to HSC 

d (described in Supplementary Fig. S3 B). However,
the boxplots of three metabolites (asparagine, ascorbate, and
arachidonic acid) showed a large increase from HSC 

a to
HSC 

d , as seen in Supplementary Fig. S3 C, D, and E, respec-
tively. The statistical significance of the lineage trend among
subpopulations was assessed by one-way ANOVA. These re-
sults were in good agreement with the conclusions of the orig-
inal study. 

Biological interpretation through multidimensional 
characterization 

Based on the metabolic profiling of low- and high-metastatic
human colorectal cancer cells (SW480 versus SW620 and HT-
29 versus COLO 205), 42 and 41 metabolites, respectively,
were annotated on the basis of tandem spectra [ 15 ]. MMEASE

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf363#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf363#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf363#supplementary-data
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could use the built-in database for annotating metabolites
with enhanced biological or functional interpretations. The
annotated results with enhanced interpretations of 42 and
41 metabolites are described in Supplementary Tables S2
and S3 , respectively. Compared with HMDB [ 45 ], MMEASE
2.0 demonstrated significantly enhanced interpretability by
enabling multidimensional metabolic characterization using
a variety of metabolite-related databases (HMDB, T3DB,
KEGG, DrugBank, TTD, etc.), resulting in in-depth biological
interpretation from multiple perspectives of food, drug, mi-
crobial, cosmetic, traditional medicine, toxin, pollutant, and
so on. Taking the interpretation of ‘lactic acid’ as an example,
its interpretation results based on HMDB were ‘endogenous’
and ‘food’, while those based on MMEASE were much more
versatile, including ‘yeast metabolite’, ‘agricultural chemical’,
‘toxin / pollutant’, ‘endogenous’, and ‘food’. Another example
could be ‘aspartic acid’, whose interpretation result based on
HMDB was also ‘endogenous’ and ‘food’, while that based
on MMEASE was extensively enriched to ‘pharmaceutical in-
gredient’, ‘cosmetic compound’, ‘food additive’, ‘endogenous’,
and ‘food’. 

Taken together, such significant enrichments in metabolite
biological interpretation highlighted the good performance
of MMEASE in processing, analyzing, and interpreting SCM
data. MMEASE exhibits extensive applicability in SCM re-
search, demonstrating capabilities in resolving metabolic het-
erogeneity across cellular subpopulations, decoding immune
cell metabolic reprogramming dynamics, and mapping in-
tracellular drug metabolism pathways. To further enhance
its utility, future development should prioritize two objec-
tives: (i) developing adaptive computational pipelines that dy-
namically optimize the analytical workflow to ensure max-
imized analytical precision, and (ii) incorporating spatial
metabolomic data to enable cellular-resolution mapping of
metabolic spatial patterns. These advancements would sub-
stantially strengthen the ability of MMEASE to address fun-
damental mechanistic questions. A local version of MMEASE
was further constructed, which can be downloaded to and
run on a user’s computer. To install this local version, three
sequential steps should be followed: first, install the R and
RStudio environment; second, install the MMEASE package
from GitHub; third, run the package in RStudio via execut-
ing the R commands described in the User Manual. Exemplar
inputs and output files can be downloaded directly from the
MMEASE package at: https:// idrblab.org/ mmease/ 

Supplementary data 

Supplementary data is available at NAR online. 
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