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ABSTRACT: Mass spectrometry-based single-cell metabolomics (SCM)
reveals the inherent heterogeneity of individual cells among seemingly
identical cell types. Fast-scanning and high-resolving mass analyzers
provide the sensitivity and specificity required to probe minuscule
amounts of biological material. However, acquiring data from hundreds of
individual cells to achieve statistical power results in complex data sets.
This challenge is compounded by the limited availability of specialized
data analysis tools for single-cell metabolomics, as many techniques
depend on the use of specialized sampling and ionization probes. This
results in incompatibility with conventional metabolomics data processing
tools. Here, we present CellMate, a MATLAB-based data processing
platform designed for single-cell metabolomics using direct infusion
techniques. CellMate comprises identification and peak alignment of detected metabolites in an intuitive graphical user interface.
CellMate supports customizable quantitative, targeted, and nontargeted metabolomic workflows. The untargeted workflow is
enabled by a novel deep learning-based image classification algorithm that effectively distinguishes endogenous metabolites from
background species. The source code, along with a compiled installer, is available at github.com /LanekoffLab/CellMate. We believe
that CellMate represents a significant advancement in the single-cell metabolomics toolbox, enabling comprehensive data extraction
of precious metabolite information from single cells.

■ INTRODUCTION
Chemical cell-to-cell heterogeneity is crucial and facilitates
adaptation to ensure the survival of a cell population in
dynamic environments.1 For example, it enables a diverse
cellular response to environmental stimuli, which can influence
the function, differentiation, and disease progression in
biological systems.2,3 However, chemical analysis of individual
cells is challenged by their small size, picoliter volume, and low
amounts of each molecule. Nevertheless, single-cell (SC)
analysis has been successful across various omics fields,
including transcriptomics,4 proteomics,5 and metabolomics.6

For example, cellular subpopulations within seemingly similar
cells have been detected and identified as crucial for
understanding drug resistance,7 gene expression,8 and the
dynamics of cellular transitions from healthy to diseased
states.9 While transcriptomics can be achieved by amplification
prior to the detection of four known bases, and proteomics
relies on the identification of molecules defined by twenty-
letter codes, metabolomics requires more versatile methods.
For metabolomics, the methods must account for various
molecular structures comprised of similar atoms while
exhibiting a wide range of physicochemical properties, which
challenges analysis.
Single-cell metabolomics (SCM) requires instrumentation

with high sensitivity. This is achievable through the
combination of mass spectrometry with innovative and

comprehensive sampling and ionization techniques.6 Specifi-
cally, various ionization methods, including matrix-assisted
laser desorption ionization (MALDI), secondary ion mass
spectrometry (SIMS), and electrospray ionization (ESI)-based
techniques, have all reported detection of small molecules from
individual cells.10,11 With ESI, sampling is enabled under
ambient atmospheric conditions, which is the basis for many
specialized sampling probes12 and microfluidic-based meth-
ods.13 For example, using a nanoESI-APCI hybrid ionization
source, prostate cancer stem cells were distinguished from
nonstem cancer cells, revealing significant metabolic hetero-
geneity and pathway alterations, including the TCA cycle,
amino acid metabolism, and arginine biosynthesis.14

Single-cell experiments require sampling of hundreds to
thousands of individual cells to achieve statistical signifi-
cance.15 This results in large and complex data sets that require
efficient data extraction and handling for subsequent statistical
analysis.16 While SC proteomics can be performed on
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established data processing platforms,17,18 tailored data
processing workflows have been developed for SCM
techniques.19 Ambient SCM is often based on continuous or
pulsed sampling with direct infusion mass spectrometry
(DIMS), where individual cells are typically recognized using
the detection of ions from known endogenous molecules.20,21

However, the lack of chromatographic separation results in
complex mass spectra with thousands of peaks, including a
significant fraction of background species that originate from
the solvent, contaminants, the environment, or ionization
artifacts.22,23 Thus, efficient data processing methods are
required to remove background signals while retaining all m/
z values that originate from endogenous molecules present in
the cells. Furthermore, dynamic alignment of m/z values is
required in Fourier transform mass spectrometry (FTMS),
where static binning does not adequately match the inverse
relationship of resolution and m/z ratio.24

Developed data processing platforms address the cell event
detection, m/z alignment, and background removal using
statistical approaches, including detection frequencies and
signal-to-noise ratios (S/N).18,19 However, statistical methods
often involve parameter optimization, leading to a trade-off
between analyte coverage and background removal.19 For
similar problems in chromatography and bioinformatics,
machine learning (ML) and deep learning (DL) methods
have been adopted to address this shortcoming for peak
picking algorithms and peak quality assessment.25−27 Besides
the construction and training of new networks, existing trained
configurations can be fine-tuned or tailored to a new task
through transfer learning. This approach adapts a trained
model to a different task, enabling model optimization with
smaller data sets and shorter training times.28

Here, we describe a new analysis platform for single-cell
data, CellMate, that can handle continuous, direct-infusion
experiments with repetitive events, such as sampling hundreds
of cells in a single data file. The user-friendly graphical user
interface (GUI) allows automatic processing for targeted and
untargeted approaches. An integrated image-classification DL
model overcomes the trade-off between analyte coverage and
background removal by transfer-learning a pretrained model
on categorized extracted ion chronograms. The integrated DL
saves valuable analysis time by automatically removing most
background species. We anticipate that this platform will be a
valuable resource for the growing SCM community utilizing
ambient ionization methods.

■ MATERIALS AND METHODS

Data Collection

Cells were deposited in a 10 × 10 array with the CellenONE
(Cellenion, France). After cell deposition, the slides were snap-
frozen by placing them on a liquid nitrogen-cooled metal
surface and stored in glass vials at −80 °C. Six SCM data sets
were acquired in touchdown mode using a tapered PA nano-
DESI probe as previously described.29 The solvents and
ionization modes for data set 1 and 4 were MeOH:H2O (9:1)
with 0.1% formic acid in positive mode, for data set 2 and 5
were ACN:IPA (9:1) with 0.1% formic acid and 10 ppm
monoisotopic silver in positive mode, and for data set 3 and 6
were MeOH:H2O (9:1) in negative mode. An IQ-X Tribrid
instrument (Thermo Fisher Scientific, USA) was used to
acquire data in positive and negative mode between m/z 75−
1000 for the MeOH:H2O (9:1) solvent and m/z 200−2000 for
the ACN:IPA (9:1) solvent, at a mass resolution of 240 000
(m/Δm at m/z 200).

Figure 1. Schematic representation of the streamlined data processing workflow of CellMate. In tab 1 of the GUI, data is imported via either
ThermoFisher’s .RAW format or the standard .mzML format. One m/z of an endogenous species is selected to plot an extracted ion chronogram
(EIC) and visualize the single-cell measurements across the entire file as a cellogram. In tab 2, the data is processed with targeted and untargeted
approaches, enabling filtering, normalization, quantification, and annotation. In tab 3, the nontargeted and targeted approach can be supported by a
DL model that classifies m/z values into endogenous or background origin. In tab 4, multiple files can be aligned and filtered across the
experiments.
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Development

A standard workstation computer with an Intel Core i7−12700
Processor and 32 GB of RAM with an NVMe SSD hard drive
was used throughout the development and testing. The
program was developed in MATLAB 2023b (MathWorks
Inc., USA) with the Deep Network Designer and the App
Designer app. The pretrained models, Inception-v3, Inception-
ResNet-v2, and EfficientNet-b0, were downloaded into the
MATLAB environment. The last fully connected layer’s output
size was unlocked, meaning the pretrained weights were
removed and the size was changed to 3 to enable multiclass
classification in the classif ication layer. For training, the mini-
batch size was reduced to 64 to fit within the memory of the
used PC.
Model Training

The six different SCM data sets were used to develop and
validate the DL model. Prior to development, the m/z values
were manually assigned as either high signal-to-noise (S/N),
low S/N, or background. Data sets 1−3 were combined to
train the model. In total, these data sets contained 3684 high
S/N, 3952 low S/N, and 4044 background images. Within the
training data, 30% was reserved for validation during the
training process, and training was stopped early if no
improvement was observed for five consecutive validation
checks (evaluated every 30 iterations). EfficientNet-b0 was
used as the final model without additional hyperparameter
optimization because it already achieved >95% accuracy,
sensitivity, and specificity. Data sets 4−6 were used for testing.
Results and Discussion

Single-cell metabolomics generates large amounts of complex
data that requires robust and precise processing. When using
tapered PA nano-DESI MS in touch-down mode for single-cell
metabolomics, the probe is parked on a cell, and data is
continuously acquired until the metabolome is exhaustively
extracted.29 Following, the next cell is moved to the sampling
probe, and data from the background is detected in the
meantime. This generates a cellogram that contains several
cellographic peaks, where each peak corresponds to data
collected from an individual cell.30 Here, a typical cellogram
contains 100 cells that are detected with a detection frequency

of 3 cells per minute.29 A similar data structure would be
expected from other direct fusion MS single-cell sampling
platforms. Thus, an efficient data handling tool is required for
rapid data extraction and selection of endogenous molecules
originating from the individual cells.
We have developed CellMate in the MATLAB environment

with the goal to efficiently and reproducibly handle this data by
1) identifying the data originating from cell sampling, 2)
extracting the m/z and intensity values from the data of the
sampled individual cells, and 3) reliably selecting m/z values
that originate from endogenous metabolites sampled from the
cells (Figure 1). The CellMate app combines all necessary
processing steps in one place, which enables a streamlined
workflow from data import, through extraction and selection,
to aligning files from multiple experiments.
Tab 1�Data Import and Extraction
The first step of the CellMate workflow involves importing
data and selecting data extraction windows. The single-cell data
easily comprises several gigabytes (GB) and can be imported
into CellMate either as .RAW files through the RawFileR-
eader.NET dynamic link libraries (ThermoFisher) or as
.mzML files. Most vendor formats are convertible to the
.mzML format, making CellMate versatile and vendor
independent. In the conversion process to .mzML, the data
is centroided and compressed by a factor of 3, which reduces
storage size and increases speed compared to noncompressed
data.31 However, compared to .RAW, instrument-specific
information and metadata are lost during the conversion.
This includes the noise and baseline level of the respective m/z
values, as well as the frequency/transient domain for in-house
Fourier transformation and calibration when using the
unreduced .RAW data format. Despite the data compression
of .mzML, the different data storage structure provides a
reading time for the .RAW format that is eight times faster for a
similar size, with linear regression values of 0.006x compared
to 0.049x for the .mzML format (Figure S1).32,33 Although the
differences are negligible for smaller files, importing file sizes
exceeding 1 GB is more efficient with the .RAW format, which
is therefore the preferred format when possible.
With 100 cellographic peaks in one cellogram, the

underlying mass spectra detected from each cell need to be

Figure 2. Schematic of automated detection of cellographic peaks corresponding to data from individual cells. Two extended peaks, (violet and
blue), are defined based on the S/N increase (red) of the selected endogenous m/z of the cellogram. Background spectra for each individual cell are
taken before the peak (orange), and the set refractory period (yellow) marks the extended peak where no new cell can be registered. The extended
cellographic peak encompasses all spectra between the background for the identified peak and the start of the background for the subsequently
identified peak. The peaks can be extended further by preceding scans to cover the event time before a sufficient S/N ratio is achieved.
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extracted for processing, evaluation, and reporting. The shapes
of the cellographic peaks will vary for different m/z values, due
to different extraction and ionization efficiencies and
abundances of the endogenous molecules. Therefore, to ensure
full coverage, it is ideal to expand the cellographic peak when
extracting the data. The first tab of the CellMate GUI allows
for the selection of individual cellographic peaks either
manually or automatically. The manual selection requires the
user to upload a .csv file with start and end times of each
extended cellographic peak. For the automated selection, a
user-selected m/z value, corresponding to an endogenous
molecule, is used by CellMate to identify peaks in the
cellogram based on user-set parameters, including intensity or
signal-to-noise (S/N) thresholds and minimum distances as
the refractory period between individual cellographic peaks
(Figure 2 and Figure S2). In CellMate, the user can also
manually add or delete individual peaks (Figure S3). Following
peak identification, the sum of the intensities for each m/z
value from each cell is calculated.
The accuracy and efficiency of the automatic identification

function were evaluated using six different SCM data sets with
a known number of cells and using optimized parameters for
each data set. The optimized S/N values varied from 10 to 40,
depending on the relative abundance of the selected cell
marker to detect most cellographic peaks. When a too high S/
N value was chosen, peaks with low abundance were lost, while
a too low S/N value led to the splitting of peaks. The splitting
of cellographic peaks could be compensated for by increasing
the refractory period. However, if the refractory period
becomes too long, subsequent cellographic peaks within that
time window are ignored. Thus, the S/N value and refractory
period are interdependent. Additionally, it is highly important
to select an appropriate cell marker, i.e., a m/z value
corresponding to an endogenous analyte that is highly
abundant in the mass spectrum. The selected species are
data set and operator-dependent and need to be assessed for
each data set. For example, the use of protonated PC 34:1 (m/
z 760.586) (Figure S3), positively charged choline (m/z
104.107), positively charged oleamide + Ag107 (m/z 388.176),
or negatively charged Glu−H-H2O (m/z 128.035) was
successful in the evaluated data sets for the respective
experimental conditions. Specifically, the results show that
the algorithm successfully identified a minimum of 90% of cells
(Data set 1) to 99% (Data set 2) (Table 1). This suggests that
the algorithm for automatic cell identification was robust.

Tab 2�Data Processing with Alignment and Filtering
Data processing from a cellogram of >1 h and several thousand
extracted high-resolution m/z values is computationally
intensive. The processing time is dominated by the alignment
of m/z values for targeted and untargeted approaches, which is
necessary because of the intrinsic mass shift of m/z values
between scans. The alignment is performed using our
previously developed algorithm in the imaging data analysis
platform i2i, which has proven efficient and retains the high-
resolution details of FTMS instrument data.31 In short, the
algorithm groups m/z features into feature groups within a
given ppm tolerance. In CellMate, computational time is
reduced by splitting the alignment into two steps: first, by
aligning m/z values within each cellographic peak, and second,
by aligning the integrated m/z values of all cellographic peaks
(Figure S4). Throughout the data processing, intensity
thresholds and different detection frequencies (DF) filters of
m/z values are applied. After the first alignment, the number of
m/z values is reduced by a fold change (FC) filter that acts as
an S/N ratio filter. The FC is calculated by dividing the highest
signal intensity within a cellographic peak by the averaged
intensity (default ten scans) before the peak inside the
background window for each m/z species. The FC filter can be
varied, but is set to 3 by default to reduce noisy m/z species
that are affected strongly by the background signal. By
reducing the number of m/z values included in the alignment
process, computational and time demands are decreased to
ensure smooth and time-efficient data handling.
In the targeted workflow, a target list with m/z values is used

and can be run at low filter thresholds.31 Additionally, internal
standards (IS) included during analysis can be easily used in
the targeted workflows for quantification (Table S1).34,35

However, for nontargeted analysis, the complex spectra,
including background ions, inflate the number of m/z values
and computational demands, making the use of optimal
filtering settings for data extraction essential. After aligning and
reducing the data of each cellographic peak, additional filtering
is required to select m/z values that correspond to
monoisotopic endogenous species. In addition to DF and
signal-to-noise ratios,36 filtering options include exclusion of
known solvent blanks, internal standards, or13C-isotopologues.
Furthermore, mass defect filtering (MDF) excludes specific
mass defect ranges, which is broadly applied in mass
spectrometry.37 For example, McMillan et al. used MDF to
filter out solvent peaks, salt clusters, and multiply charged
species by comparing experimental data (human plasma)
against the human metabolome database (HMDB).38

We evaluated the cumulative effect and filter capacity in the
nontargeted workflow using data set 1. Specifically, we selected
increasing thresholds of the FC and DF filters, starting at 3 and
33%, respectively. Higher FC values require higher S/N ratios
of species between the cellographic peak and before, and
discard species with a high background signal. Raising the DF
selects only species that were integrated during the first
alignment and passed the FC filter at a specific rate.
Sporadically found species, occurring in less than one-third
of the cells, are filtered out by default, although this can be
changed when searching for rare metabolites. The optional
filters, such as MDF, and the application of exclusion lists for
IS or solvent blanks are applied only once. The filters are
cumulatively applied in an order, which is assumed to
minimize the loss of endogenous features, such as starting
with low filter thresholds and applying deisotoping and

Table 1. Optimized Parameters and Success Rates of
Automatic Identification of Cellographic Peaks in Six
Different Datasetsa

Condition

Cell
marker
m/z

Intensity
threshold
(S/N)

Refractory
period
(min)

Identified
cells

Success
rate [%]

Data set 1 760.588 40 0.20 84/93 90
Data set 2 388.176 10 0.10 98/99 99
Data set 3 128.035 40 0.24 84/90 93
Data set 4 760.586 40 0.20 75/79 95
Data set 5 388.176 25 0.15 83/85 98
Data set 6 128.035 27 0.20 48/50 96

aThe identification rate is calculated from the ratio of correctly
identified cellographic peaks and the known total number of
individual cells used in the experiment.
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exclusion lists. The results are presented as the percentage of
retained endogenous and background features at consecutive
filtering steps and thresholds (Figure 3). Specifically, about

2700 background species and 95 endogenous species were
processed in the initial step at a DF of 33%. By gradually
applying the different filters cumulatively, the background
species are gradually reduced while retaining most of the
endogenous species. In that filtering sequence, the first loss of
endogenous species, at a rate of 3%, occurred during the MDF.
Background species are reduced by about 50% with DF and
FC filters at default settings and the optional filters, while
preserving almost all endogenous species. This leaves roughly
1400 m/z species after filtering. To extract 97% of endogenous
species, it was found that the data needed to be manually
inspected and characterized as background or endogenous
metabolites (Figure S5).
Increasing the filtering threshold of the detection frequency

and fold change can reduce background species, but risks

losing endogenous features. In this data set, the background
was reduced to about 30% but the retention of endogenous
species shrank to 91%. Thus, statistical filtering has an inherent
trade-off between coverage (endogenous species retention)
and specificity (background removal), requiring adjustments
for every data set. Aiming for high coverage of analytes requires
low filter thresholds, which can result in several hundred to
thousands of extracted m/z values. Since manual inspection is
time-consuming, a more productive approach to extract nearly
all endogenous species at default thresholds without excessive
manual review and filter adjustment is desirable and explored
below.
Tab 3�Deep Learning-Assisted Nontargeted Data
Analysis

As an alternative to using filters to remove background ions
and retain endogenous species, the EIC can be assessed
globally by examining the profiles of different m/z values over
time. By categorizing the EIC profiles, it is possible to assess if
their origin is from a cell or the background. Here, we use
three categories: High S/N, low S/N, and background (Figure
4 and Figure S6). The high S/N profile displays a sharp,
characteristic profile that is associated with the time of
cellographic peaks and minimal background (Figure 4a). In
more detail, the sharp peaks are clearly separated from each
other due to the very low baseline intensity level, which is
several magnitudes lower than during the contact with the
single cell. The associated m/z species show high abundance,
as indicated by both the measured intensities and the peak
frequency across the experiment. The low S/N displays a more
diffuse profile that is still associated with the time of
cellographic peaks but has a higher background (Figure 4b).
Here, the peaks are less prominent and accompanied by a
notably elevated background, potentially failing to achieve even
a single order of magnitude of separation from the peak
intensities. Moreover, the peaks can be low-abundance,
resulting in lower intensities than those of the high-S/N
species and a lower peak detection frequency across the
experiment. In contrast, the background shows no correlation
with the cellographic peaks and displays a wide variety (Figure
4c). Background intensities may remain static or fluctuate
significantly across the spectrum. In certain instances, the
intensity can spike once or twice during an experiment,
mimicking the appearance of cellographic peaks. This creates
borderline cases (Figure S6d) that are difficult to classify as

Figure 3. Evaluation of filtering effects on data set 1. The percentage
of feature retention for background species (blue) and endogenous
features (orange) at different filtering steps for data set 1. The first
filter step, with a DF of 33%, serves as a reference for feature
retention, encompassing ∼2700 background species and 95
endogenous features. The filters are applied consecutively to reduce
the total feature pool while retaining most endogenous features. DF
(by default 33%), FC (by default 3), 13C-deisotoping, IS exclusion,
MDF, and solvent blank exclusion, together reduce background
species by about 50% while preserving nearly all (97%) endogenous
features at default settings. Higher thresholds further reduce the
background to about 30% but reduce endogenous features to 91%.

Figure 4. Different EIC profiles for different m/z values. a) High S/N�endogenous species at m/z 104.107 (choline+), b) Low S/N�endogenous
species with significant background at m/z 118.086 (Valine+H+), and c) background�at m/z 104.058 with no visible correlation pattern to
sampled cells.
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either background or endogenous, particularly if a spike
coincides with the timing of single-cell contact.
Based on these characteristic profiles, we developed a deep

learning (DL)-based method for classifying the origin of
detected m/z values based on their EIC profiles. To train the
DL method, all EIC profiles were manually assessed and sorted
into three classes: high S/N, low S/N, and background.
Ambiguous categories, such as the low S/N category that
includes less definable EIC profiles, are utilized by multiple
models when a clear distinction is difficult.25,26,39

When the manual classification was finalized, different
pretrained DL image classification models were evaluated to
avoid developing a DL model from scratch and incurring the
computationally expensive training. Instead, the resources were
used to fine-tune pretrained image classification models for the
specific task. The evaluated models include Inception-v3,40

Inception-ResNet-v2,41 and EfficientNet-b0,42 because of their
usability and compatibility with MATLAB integration on
standalone workstations. The models were evaluated based on
their ability to correctly classify EICs into the two groups,
namely endogenous and background species, as well as the
complexity of training and running the models, using
quantitative measures of sensitivity and specificity. The
sensitivity is defined as the ratio of the retained endogenous
species (true positives) divided by the sum of the true positive
species and lost endogenous species (false negatives). The
specificity is the ratio of factual background removed (true
negatives) divided by the sum of the true negatives and
retained background (false positives). The labeling (annota-
tion) of the training data required differentiation between the
high S/N and low S/N classes, which is not defined by
quantitative measures but is based solely on the visual EIC
profile. Thus, the multiclass model was evaluated as a binary
model using a confusion matrix, which compares the model’s
predictions against the actual labels to show how often species
were correctly or incorrectly classified (Figure S7). The
performance metrics�accuracy, sensitivity, specificity, and
training times�of the three prototype multiclass classifiers are
summarized in Table 2 for validation on the unseen data set 4.

The validation results show that all three models can achieve
high prediction accuracies, while the required training time
varies significantly. With a strong class imbalance toward the
background species, accuracy becomes a less informative
metric, making sensitivity�the retention of the under-
represented endogenous species�a more appropriate measure
of performance. Specifically, the prototype models Efficient-
Net-b0 and Inception-ResNet-v2 achieved the highest
sensitivities of 89% and 88%, respectively. This means that a
high retention of endogenous species was achieved. In contrast
to Inception-ResNet-v2, EfficientNet-b0 required only a
fraction of the computation time to reach convergence, a
stable state where the parameters (weights) barely change.

Opposed to Inception-ResNet-v2 with 55.9 million parameters
and 213 MB memory usage, EfficientNet-b0 uses only 5.3
million parameters and 20 MB memory. Introduced in 2019,
the EfficientNet model series achieves state-of-the-art accuracy
while significantly reducing the complexity, meaning the
number of parameters, thereby enhancing network usability.42

To improve generalizability and performance on unseen
data, EfficientNet-b0 was fine-tuned on a larger training set
than the three previous prototype models. This training set
combined features from three data sets (1, 2, and 3), each
collected under different experimental conditions. To further
expand and diversify the training and test data sets, the
sequence and number of individual cells in the EIC plots of the
limited endogenous species were systematically varied.
Specifically, data sets were simulated with different magnifica-
tion levels of EIC profiles: larger numbers of events produced
sharper, centroid-like peaks, while smaller numbers generated
broader, Gaussian-like peaks. For each species type, the
number of events per EIC was adjusted from a minimum of
10 to a maximum of ∼100 in steps of 5, although profiles with
as few as five events were also included to account for missing
values. In total, this resulted in 3684 high S/N and 3952 low
endogenous S/N species, as well as 4044 background training
images. Following the model was validated on unseen data sets
(4, 5, and 6) for a binary evaluation of the classification of
endogenous features and background species (Table 3, Figure
S8).

The results show that the model assigned the correct
characteristic with high accuracy, achieving at least 97% correct
classifications across all three test data sets. Additionally, the
model’s sensitivity was evaluated based on the number of
retained endogenous analytes necessary to achieve high analyte
coverage. A high sensitivity of 95% was achieved for the
endogenous feature class. Thus, very few endogenous ions are
lost by misclassification. The model’s specificity was evaluated
based on the successful removal of background species from
the endogenous feature class. The specificity shows that only
3% of the endogenous feature class was classified as
background, showing a high-performing model. While no
prior DL model exists for this kind of EIC classification, we
note that the performance of this fine-tuned EfficientNet-b0
model is in line in terms of model performance with other fine-
tuned EfficientNet-b0 models.43,44 For example, EfficientNet-
b0 was fine-tuned to differentiate between malaria-parasitized
and uninfected blood smears, achieving accuracies of up to
95%, with a sensitivity of 95% and a specificity of 94%.43

Overall, the DL model enables the SC platform to run at low
filter thresholds during data processing, thereby achieving high
coverage of analytes originating from single cells, including
those of low abundance or frequency. The DL-based
classification eliminates the need for manual inspection of all
extracted species after data processing, thus generating
trustworthy data with minimal operator time consumption.

Table 2. Validation Results for Three Prototype DL
Multiclass Classifiers

Model
Accuracy

[%]
Sensitivity

[%]
Specificity

[%]
Training time

[h]

Inception-v3 97 81 99 13.4
EfficicentNet-b0 97 89 98 4.6
Inception-
ResNet-v2

98 88 98 42.0

Table 3. Validation Results on Unseen Data for Different
Conditions for the Binary Classification Evaluation of the
Fine-Tuned EfficientNet-B0 Model

Condition Accuracy [%] Sensitivity [%] Specificity [%]

Data set 4 97 95 98
Data set 5 96 96 97
Data set 6 99 98 99
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CellMate Operation

The entire workflow, from data import to data processing and
DL-based classification, is collected in a GUI called CellMate.
To maximize usability, CellMate enables easy and efficient
operation with minimal user intervention and optimized run
times. The GUI includes default settings, while still allowing
the user to optimize the parameters based on their data set
(Figure S3, S5, and S8). The results of the automatic cell
identification (S3), the EIC of the extracted species (S5), and
the DL classified species (S8) can be directly visually inspected
in their respective tabs. Notably, the interactivity helps the user
experience during cell identification (S3) or DL-based
classification (S9). In both cases, incorrect classification or
user preferences can be manually adjusted. The DL approach
can also be applied to targeted (annotated/quantified)
metabolite species to filter out m/z values populated by
background species in the same mass channel as the targeted
species (S10). This is particularly handy when dealing with a
large database or searching for analytes of unknown presence.
Thereby, all extracted features from the data processing tab
(S5), regardless of the parameters, filter settings, or
quantification/normalization used, can be loaded into the DL
model for classification with their raw EIC profiles.
In addition to being user-friendly, CellMate also enables

efficient processing of experiments with one hundred or more
individual cells per cellogram, an important feature considering
the way the data is acquired. Other than the increased number
of sampled cells, which results in a longer acquisition time, the
experiment conditions can also affect the complexity of the
data. For example, adding dopants that increase detectability
can vastly enhance the number of species that need to be
processed. We assessed the computational time for the data
processing and DL classification and the origin of the extracted
species for the six data sets. The data processing was
performed at default low filter thresholds, meaning an FC of
3 or 9 for very complex data sets (Data sets 2 and 6) and a DF
of 33% for all six data sets. The results are shown in Figure
S11, which displays the number of extracted m/z values,
whether they are endogenous, and the total computation time,

which is the sum of data processing and DL classification. The
runtime of the process is primarily affected by the complexity
of the data (Figure S11a), as a higher number of extracted m/z
values will increase the runtime. In contrast to data processing,
the increase in running time for DL classification is expected to
be a linear response with the increasing number of features
(0.2 s/species, R2 = 0.97, Figure S11a), as EIC plot generation
and classification are performed sequentially. The data
processing and DL classification can be completed in as little
as 10 min for almost 1500 extracted m/z values, while
processing over 3500 m/z values in under 30 min. This
computational time is lower than previously reported by other
SCM data processing platforms with seemingly similar data
sets.19

Across the six processed data sets, the number of
endogenous species varied between experiments. Additionally,
the number of endogenous species was found to have a
moderately strong correlation with the total number of
detected species (R2 = 0.45, Pearson correlation coefficient
(r) = 0.67) (Figure S12). The highest number of deisotoped
endogenous species was 828, which were extracted from data
set 4, where primarily lipids were targeted. In contrast, only 90
endogenous metabolites were extracted from data set 3. Thus,
despite the positive correlation between the number of
extracted features and endogenous features, the ratio of
detected species and endogenous features can still vary across
data sets. For filtering, this would require filter threshold
optimization to efficiently filter background while retaining
endogenous species in different data sets, which is not easily
predictable. In contrast, the DL approach does not rely on
filtering and operator-defined thresholds, which removes
operator biases and increases time efficiency.
The comparison of the two approaches is visualized using

the sensitivity and specificity with ideal values of 1. Specifically,
the confusion of the actual and predicted classes of species was
assessed with the complete pool of m/z values at low filter
thresholds. The number of endogenous species was inferred
using a low filter threshold of DF = 33% and an FC of 3,
without any additional filtering steps, for both approaches. The
results show that for the statistical filtering there is an inverse

Figure 5. Comparison of the statistical filtering and the DL approach to eliminating background species. Statistical filtering is applied cumulatively
in different steps and thresholds (blue). In contrast, the DL classification (orange) is applied at the lowest threshold settings (DF = 33%, FC = 3)
without additional filtering steps during data processing. The ability to retain endogenous species of the two approaches is assessed as sensitivity
(a), and the selective removal of background species is expressed as specificity (b).
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relationship between sensitivity and specificity, with low
specificity at low thresholds, while retaining most endogenous
species (Figure 5). However, achieving a high specificity at
high filter thresholds (Figure 5b) results in a loss of more than
50% of endogenous species (Figure 5a), despite having very
few background species. In contrast, the DL approach achieves
a very high sensitivity (0.98) and specificity (0.98)
simultaneously. Thus, the DL approach eliminates the need
to adjust filter thresholds while retaining the precious
endogenous species. Together, CellMate integrates interactive
visualization, efficient data processing, and DL-based classi-
fication into a streamlined workflow that adapts to diverse
experimental conditions. The GUI allows individual adjust-
ments by the user while maintaining fast runtimes, even for
large and complex data sets. Importantly, this enables the
reliable identification of endogenous species across experi-
ments, independent of their background complexity, thereby
ensuring both the usability and robustness of the platform.

■ CONCLUSION
We presented the streamlined workflow embedded in the
CellMate application, which provides easy and efficient access
to complex direct infusion SCM data. Combining established
processing routines with a novel DL classification algorithm
paves the way for routine global metabolomics of single cells.
Fast and comprehensive access is possible by using either
ThermoFisher’s vendor-specific .RAW format or the universal
.mzML format. The automated cellographic peak detection
algorithm aids the data selection process and offers high
customization. A wide variety of data processing options
facilitates both targeted and untargeted approaches. Quantita-
tive work is supported by pairing the respective m/z values of
IS with their endogenous counterparts. Introducing a DL
classifier in this application accelerates the unbiased explora-
tion of the metabolome of interest. Finally, the interactive
embedding of this workflow within the application enables
adjustments and modifications. Thus, a new tool is available to
address the overwhelming complexity of global metabolomics
using DIMS. In particular, the SCM community will benefit
from the high coverage of precious metabolite information
from trace amounts while processing hundreds of individual
cells swiftly.
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Csörgő, B.; Nyerges, Á.; Szamecz, B.; Fekete, G.; Papp, B.; Arauj́o, H.;
Oliveira, J. L.; Moura, G.; Santos, M. A. S.; Székely, J.; Balázsi, T. G.;
Pál, C. Phenotypic Heterogeneity Promotes Adaptive Evolution. PLoS
Biol. 2017, 15 (5), No. e2000644.
(2) Theillet, F.-X.; Binolfi, A.; Frembgen-Kesner, T.; Hingorani, K.;
Sarkar, M.; Kyne, C.; Li, C.; Crowley, P. B.; Gierasch, L.; Pielak, G. J.;
Elcock, A. H.; Gershenson, A.; Selenko, P. Physicochemical Properties
of Cells and Their Effects on Intrinsically Disordered Proteins (IDPs).
Chem. Rev. 2014, 114 (13), 6661−6714.
(3) Huang, Y.; Zhou, Z.; Liu, T.; Tang, S.; Xin, X. Exploring
Heterogeneous Cell Population Dynamics in Different Microenviron-
ments by Novel Analytical Strategy Based on Images. NPJ. Syst. Biol.
Appl. 2024, 10 (1), 129.
(4) Aldridge, S.; Teichmann, S. A. Single Cell Transcriptomics
Comes of Age. Nat. Commun. 2020, 11 (1), 4307.
(5) Kelly, R. T. Single-Cell Proteomics: Progress and Prospects. Mol.
Cell. Proteomics 2020, 19 (11), 1739−1748.
(6) Lanekoff, I.; Sharma, V. V.; Marques, C. Single-Cell
Metabolomics: Where Are We and Where Are We Going? Curr.
Opin. Biotechnol. 2022, 75, 102693.
(7) Aissa, A. F.; Islam, A. B. M. M. K.; Ariss, M. M.; Go, C. C.;
Rader, A. E.; Conrardy, R. D.; Gajda, A. M.; Rubio-Perez, C.; Valyi-
Nagy, K.; Pasquinelli, M.; Feldman, L. E.; Green, S. J.; Lopez-Bigas,
N.; Frolov, M. V.; Benevolenskaya, E. V. Single-Cell Transcriptional
Changes Associated with Drug Tolerance and Response to
Combination Therapies in Cancer. Nat. Commun. 2021, 12 (1), 1628.
(8) Vallejos, C. A.; Richardson, S.; Marioni, J. C. Beyond
Comparisons of Means: Understanding Changes in Gene Expression
at the Single-Cell Level. Genome Biol. 2016, 17 (1), 70.
(9) Li, Y.; Shi, P.; Ding, Y.; Yao, Z.; Liu, L.; Hu, J.; Liu, Z.; Li, J.;
Chen, K.; Hou, Y. Single Cell Analysis Identified a Basal Cell
Transition State Associated with the Development and Progression of
Bladder Cancer. J. Transl. Med. 2024, 22 (1), 1010.
(10) Petrova, B.; Guler, A. T. Recent Developments in Single-Cell
Metabolomics by Mass Spectrometry�A Perspective. J. Proteome Res.
2025, 24 (4), 1493−1518.
(11) Lee, S.; Vu, H. M.; Lee, J.-H.; Lim, H.; Kim, M.-S. Advances in
Mass Spectrometry-Based Single Cell Analysis. Biology 2023, 12, 395.
(12) Duncan, K. D.; Fyrestam, J.; Lanekoff, I. Advances in Mass
Spectrometry Based Single-Cell Metabolomics. Analyst 2019, 144 (3),
782−793.
(13) Zhang, D.; Qiao, L. Microfluidics Coupled Mass Spectrometry
for Single Cell Multi-Omics. Small Methods 2024, 8 (1), 2301179.
(14) Xu, T.; Li, H.; Dou, P.; Luo, Y.; Pu, S.; Mu, H.; Zhang, Z.;
Feng, D.; Hu, X.; Wang, T.; Tan, G.; Chen, C.; Li, H.; Shi, X.; Hu, C.;
Xu, G. Concentric Hybrid Nanoelectrospray Ionization-Atmospheric
Pressure Chemical Ionization Source for High-Coverage Mass

Analytical Chemistry pubs.acs.org/ac Article

https://doi.org/10.1021/acs.analchem.5c07205
Anal. Chem. 2026, 98, 5561−5569

5568

https://pubs.acs.org/doi/10.1021/acs.analchem.5c07205?goto=supporting-info
https://pubs.acs.org/doi/suppl/10.1021/acs.analchem.5c07205/suppl_file/ac5c07205_si_001.pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Ingela+Lanekoff"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://orcid.org/0000-0001-9040-3230
https://orcid.org/0000-0001-9040-3230
mailto:ingela.lanekoff@kemi.uu.se
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Felix+Friedrich"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Ca%CC%81tia+Marques"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.analchem.5c07205?ref=pdf
https://www.biorender.com/
https://doi.org/10.1371/journal.pbio.2000644
https://doi.org/10.1021/cr400695p?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/cr400695p?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1038/s41540-024-00459-w
https://doi.org/10.1038/s41540-024-00459-w
https://doi.org/10.1038/s41540-024-00459-w
https://doi.org/10.1038/s41467-020-18158-5
https://doi.org/10.1038/s41467-020-18158-5
https://doi.org/10.1074/mcp.R120.002234
https://doi.org/10.1016/j.copbio.2022.102693
https://doi.org/10.1016/j.copbio.2022.102693
https://doi.org/10.1038/s41467-021-21884-z
https://doi.org/10.1038/s41467-021-21884-z
https://doi.org/10.1038/s41467-021-21884-z
https://doi.org/10.1186/s13059-016-0930-3
https://doi.org/10.1186/s13059-016-0930-3
https://doi.org/10.1186/s13059-016-0930-3
https://doi.org/10.1186/s12967-024-05841-0
https://doi.org/10.1186/s12967-024-05841-0
https://doi.org/10.1186/s12967-024-05841-0
https://doi.org/10.1021/acs.jproteome.4c00646?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jproteome.4c00646?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.3390/biology12030395
https://doi.org/10.3390/biology12030395
https://doi.org/10.1039/C8AN01581C
https://doi.org/10.1039/C8AN01581C
https://doi.org/10.1002/smtd.202301179
https://doi.org/10.1002/smtd.202301179
https://doi.org/10.1002/advs.202306659
https://doi.org/10.1002/advs.202306659
pubs.acs.org/ac?ref=pdf
https://doi.org/10.1021/acs.analchem.5c07205?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


Spectrometry Analysis of Single-Cell Metabolomics. Adv. Sci. 2024, 11
(16), 2306659.
(15) Zenobi, R. Single-Cell Metabolomics: Analytical and Biological
Perspectives. Science 2013, 342 (6163), 1243259.
(16) Liu, R.; Yang, Z. Single Cell Metabolomics Using Mass
Spectrometry: Techniques and Data Analysis. Anal. Chim. Acta 2021,
1143, 124−134.
(17) Gatto, L.; Aebersold, R.; Cox, J.; Demichev, V.; Derks, J.;
Emmott, E.; Franks, A. M.; Ivanov, A. R.; Kelly, R. T.; Khoury, L.;
Leduc, A.; MacCoss, M. J.; Nemes, P.; Perlman, D. H.; Petelski, A. A.;
Rose, C. M.; Schoof, E. M.; Van Eyk, J.; Vanderaa, C.; Yates, J. R.;
Slavov, N. Initial Recommendations for Performing, Benchmarking
and Reporting Single-Cell Proteomics Experiments. Nat. Methods
2023, 20 (3), 375−386.
(18) Pan, X.; Pan, S.; Du, M.; Yang, J.; Yao, H.; Zhang, X.; Zhang, S.
SCMeTA: A Pipeline for Single-Cell Metabolic Analysis Data
Processing. Bioinformatics 2024, 40 (9), btae545.
(19) Zou, Z.; Peng, Z.; Bhusal, D.; Munige, S. W.; Yang, Z. Analytica
Chimica Acta MassLite: An Integrated Python Platform for Single
Cell Mass Spectrometry Metabolomics Data Pretreatment with
Graphical User Interface and Advanced Peak Alignment Method.
Anal. Chim. Acta 2024, 1325 (August), 343124.
(20) Shen, Z.; Zhao, H.; Yao, H.; Pan, X.; Yang, J.; Zhang, S.; Han,
G.; Zhang, X. Dynamic Metabolic Change of Cancer Cells Induced by
Natural Killer Cells at the Single-Cell Level Studied by Label-Free
Mass Cytometry. Chem. Sci. 2022, 13 (6), 1641−1647.
(21) Zhu, G.; Zhang, W.; Zhao, Y.; Chen, T.; Yuan, H.; Liu, Y.; Guo,
G.; Liu, Z.; Wang, X. Single-Cell Metabolomics-Based Strategy for
Studying the Mechanisms of Drug Action. Anal. Chem. 2023, 95 (10),
4712−4720.
(22) Mahieu, N. G.; Spalding, J. L.; Gelman, S. J.; Patti, G. J.
Defining and Detecting Complex Peak Relationships in Mass Spectral
Data: The Mz.Unity Algorithm. Anal. Chem. 2016, 88 (18), 9037−
9046.
(23) Hu, C.; Luo, W.; Xu, J.; Han, X. RECOGNITION AND
AVOIDANCE OF ION SOURCE-GENERATED ARTIFACTS IN
LIPIDOMICS ANALYSIS. Mass Spectrom. Rev. 2022, 41 (1), 15−31.
(24) Feng, X.; Zhang, W.; Kuipers, F.; Kema, I.; Barcaru, A.;
Horvatovich, P. Dynamic Binning Peak Detection and Assessment of
Various Lipidomics Liquid Chromatography-Mass Spectrometry Pre-
Processing Platforms. Anal. Chim. Acta 2021, 1173, 338674.
(25) Melnikov, A. D.; Tsentalovich, Y. P.; Yanshole, V. V. Deep
Learning for the Precise Peak Detection in High-Resolution LC−MS
Data. Anal. Chem. 2020, 92 (1), 588−592.
(26) Gloaguen, Y.; Kirwan, J. A.; Beule, D. Deep Learning-Assisted
Peak Curation for Large-Scale LC-MS Metabolomics. Anal. Chem.
2022, 94 (12), 4930−4937.
(27) Kumar, N.; Srivastava, R. Deep Learning in Structural
Bioinformatics: Current Applications and Future Perspectives. Brief.
Bioinform. 2024, 25 (3), bbae042.
(28) Hosna, A.; Merry, E.; Gyalmo, J.; Alom, Z.; Aung, Z.; Azim, M.
A. Transfer Learning: A Friendly Introduction. J. Big Data 2022, 9
(1), 102.
(29) Marques, C.; Friedrich, F.; Liu, L.; Castoldi, F.; Pietrocola, F.;
Lanekoff, I. Global and Spatial Metabolomics of Individual Cells
Using a Tapered Pneumatically Assisted Nano-DESI Probe. J. Am.
Soc. Mass Spectrom. 2023, 34 (11), 2518−2524.
(30) Su, P.; Hollas, M. A. R.; Butun, F. A.; Kanchustambham, V. L.;
Rubakhin, S.; Ramani, N.; Greer, J. B.; Early, B. P.; Fellers, R. T.;
Caldwell, M. A.; Sweedler, J. V.; Kafader, J. O.; Kelleher, N. L. Single
Cell Analysis of Proteoforms. J. Proteome Res. 2024, 23, 1883.
(31) Lillja, J.; Duncan, K. D.; Lanekoff, I. Ion-to-Image, I2i, a Mass
Spectrometry Imaging Data Analysis Platform for Continuous
Ionization Techniques. Anal. Chem. 2023, 95 (31), 11589−11595.
(32) Kockmann, T.; Panse, C. The Rawrr R Package: Direct Access
to Orbitrap Data and Beyond. J. Proteome Res 2021, 20 (4), 2028−
2034.

(33) Deutsch, E. W. Mass Spectrometer Output File Format MzML
BT.In Proteome Bioinformatics; Humana Press: Totowa, NJ, 2010,
Vol: 604. DOI:
(34) Bergman, H. M.; Lanekoff, I. Profiling and Quantifying
Endogenous Molecules in Single Cells Using Nano-DESI MS. Analyst
2017, 142 (19), 3639−3647.
(35) Davidová, L.; Lanekoff, I. Standard Addition as a Method for
Quantitative Mass Spectrometry Imaging. Anal. Chem. 2025, 97 (22),
11572−11580.
(36) Payne, T. G.; Southam, A. D.; Arvanitis, T. N.; Viant, M. R. A
Signal Filtering Method for Improved Quantification and Noise
Discrimination in Fourier Transform Ion Cyclotron Resonance Mass
Spectrometry-Based Metabolomics Data. J. Am. Soc. Mass Spectrom.
2009, 20 (6), 1087−1095.
(37) Sleno, L. The Use of Mass Defect in Modern Mass
Spectrometry. J. Mass Spectrom. 2012, 47 (2), 226−236.
(38) McMillan, A.; Renaud, J. B.; Gloor, G. B.; Reid, G.; Sumarah,
M. W. Post-Acquisition Filtering of Salt Cluster Artefacts for LC-MS
Based Human Metabolomic Studies. J. Cheminform. 2016, 8 (1), 44.
(39) Mottershead, K.; Miller, T. H. Application of Deep Learning to
Support Peak Picking during Non-Target High Resolution Mass
Spectrometry Workflows in Environmental Research. Environ. Sci.:
Adv. 2023, 2 (6), 877−885.
(40) Szegedy, C.; Vanhoucke, V.; Shlens, J.; Wojna, Z. Rethinking
the Inception Architecture for Computer Vision. In 2016 IEEE
Conference on Computer Vision and Pattern Recognition (CVPR); IEEE,
2014.
(41) Szegedy, C.; Ioffe, S.; Vanhoucke, V.; Alemi, A. A. Inception-v4,
Inception-ResNet and the Impact of Residual Connections on
Learning. In 31st AAAI Conference On Artificial Intelligence. 2017,
Vol: 31. DOI: .
(42) Tan, M.; Le, Q. V. EfficientNet: Rethinking Model Scaling for
Convolutional Neural Networks. arXiv. 2019.
(43) Montalbo, F. J.; Alon, S. D.; Eng, A.Empirical Analysis of a
Fine-Tuned Deep Convolutional Model in Classifying and Detecting
Malaria Parasites from Blood SmearsKSII Transactions On Internet
And Information SystemsKSSI202115147−165
(44) Ching, W. P.; Abdullah, S. S.; Shapiai, M. I.; Islam, A. M.
Transfer Learning for Alzheimer’s Disease Diagnosis Using
EfficientNet-B0 Convolutional Neural Network. J. Adv. Res. Appl.
Sci. Eng. Technol. 2024, 35 (1), 181−191.

Analytical Chemistry pubs.acs.org/ac Article

https://doi.org/10.1021/acs.analchem.5c07205
Anal. Chem. 2026, 98, 5561−5569

5569

https://doi.org/10.1002/advs.202306659
https://doi.org/10.1126/science.1243259
https://doi.org/10.1126/science.1243259
https://doi.org/10.1016/j.aca.2020.11.020
https://doi.org/10.1016/j.aca.2020.11.020
https://doi.org/10.1038/s41592-023-01785-3
https://doi.org/10.1038/s41592-023-01785-3
https://doi.org/10.1093/bioinformatics/btae545
https://doi.org/10.1093/bioinformatics/btae545
https://doi.org/10.1016/j.aca.2024.343124
https://doi.org/10.1016/j.aca.2024.343124
https://doi.org/10.1016/j.aca.2024.343124
https://doi.org/10.1016/j.aca.2024.343124
https://doi.org/10.1039/D1SC06366A
https://doi.org/10.1039/D1SC06366A
https://doi.org/10.1039/D1SC06366A
https://doi.org/10.1021/acs.analchem.2c05351?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.analchem.2c05351?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.analchem.6b01702?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.analchem.6b01702?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1002/mas.21659
https://doi.org/10.1002/mas.21659
https://doi.org/10.1002/mas.21659
https://doi.org/10.1016/j.aca.2021.338674
https://doi.org/10.1016/j.aca.2021.338674
https://doi.org/10.1016/j.aca.2021.338674
https://doi.org/10.1021/acs.analchem.9b04811?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.analchem.9b04811?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.analchem.9b04811?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.analchem.1c02220?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.analchem.1c02220?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1093/bib/bbae042
https://doi.org/10.1093/bib/bbae042
https://doi.org/10.1186/s40537-022-00652-w
https://doi.org/10.1021/jasms.3c00239?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/jasms.3c00239?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jproteome.4c00075?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jproteome.4c00075?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.analchem.3c01615?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.analchem.3c01615?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.analchem.3c01615?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jproteome.0c00866?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jproteome.0c00866?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1007/978-1-60761-444-9_22
https://doi.org/10.1007/978-1-60761-444-9_22
https://doi.org/10.1039/C7AN00885F
https://doi.org/10.1039/C7AN00885F
https://doi.org/10.1021/acs.analchem.5c00549?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.analchem.5c00549?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1016/j.jasms.2009.02.001
https://doi.org/10.1016/j.jasms.2009.02.001
https://doi.org/10.1016/j.jasms.2009.02.001
https://doi.org/10.1016/j.jasms.2009.02.001
https://doi.org/10.1002/jms.2953
https://doi.org/10.1002/jms.2953
https://doi.org/10.1186/s13321-016-0156-0
https://doi.org/10.1186/s13321-016-0156-0
https://doi.org/10.1039/D3VA00005B
https://doi.org/10.1039/D3VA00005B
https://doi.org/10.1039/D3VA00005B
https://doi.org/10.1609/aaai.v31i1.11231
https://doi.org/10.1609/aaai.v31i1.11231
https://doi.org/10.1609/aaai.v31i1.11231
https://doi.org/10.3837/tiis.2021.01.009
https://doi.org/10.3837/tiis.2021.01.009
https://doi.org/10.3837/tiis.2021.01.009
https://doi.org/10.37934/araset.34.3.181191
https://doi.org/10.37934/araset.34.3.181191
pubs.acs.org/ac?ref=pdf
https://doi.org/10.1021/acs.analchem.5c07205?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as

