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Abstract

lon mobility spectrometry-mass spectrometry (IMS-MS or IM-MS) is a powerful ana-
lytical technique that combines the gas-phase separation capabilities of IM with the
identification and quantification capabilities of MS. IM-MS can differentiate molecules
with indistinguishable masses but different structures (e.g., isomers, isobars, molecular
classes, and contaminant ions). The importance of this analytical technique is reflected
by a staged increase in the number of applications for molecular characterization
across a variety of fields, from different MS-based omics (proteomics, metabolomics,
lipidomics, etc.) to the structural characterization of glycans, organic matter, proteins,
and macromolecular complexes. With the increasing application of IM-MS there is a
pressing need for effective and accessible computational tools. This article presents an
overview of the most recent free and open-source software tools specifically tailored
for the analysis and interpretation of data derived from IM-MS instrumentation. This
review enumerates these tools and outlines their main algorithmic approaches, while
highlighting representative applications across different fields. Finally, a discussion of

current limitations and expectable improvements is presented.
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1 | INTRODUCTION

Mass spectrometry (MS) is an indispensable tool for the interrogation
of complex mixtures, such as biological and environmental samples.
However, the presence of isobaric species and wide dynamic range
of concentration levels can limit the extent of useful information that
can be obtained using MS alone. It is therefore common to employ
various enrichment, fractionation, and/or separation techniques prior
to MS analysis, in order to reduce the potential for ambiguity and
enhance signals from the analytes or molecules of interest in a given
study. Among these front-end separations, each having their own sets
of strengths and limitations, ion mobility spectrometry (IMS, or IM for
conciseness) is seeing increased application in MS-based omics analy-
ses (i.e., proteomics, lipidomics, metabolomics, etc.) [1] and structural
characterization of analytes across diverse fields of science [2]. IM is
a gas-phase separation technique in which ions are subjected to an
electric field that drives them through a cell filled with a low-pressure
neutral buffer gas, where separation of the ions is achieved on the basis
of their differential interactions with the buffer gas causing them to
travel at different rates through the cell. Molecules of different sizes,
shapes, and charges, are separated as they travel through the buffer
gas in the IM cell, and their measured mobilities, referred to as arrival
time (AT) or drift time (DT), can be used to infer the molecular prop-
erty collision-cross section (CCS), which is partially orthogonal to m/z,
and therefore allows for the separation of isomeric analytes that are
indistinguishable by MS alone. The fast speed of IM (separation occurs
on the order of milliseconds) makes it ideal to combine it with lig-
uid chromatography (LC) as front-end separations (i.e., LC-IM-MS) for
greater depth of characterization of complex mixtures over LC-MS, or
it is possible to even omit LC entirely in applications where analyti-
cal throughput is most important while still providing better sensitivity
and selectivity than in MS-only experiments.

Like in MS in general, software tools and algorithms have been
paramount components in development and application of IM-MS.
The most important consideration with respect to software is the
determination of CCS values from raw measurements, which in some
instruments may be derived directly while others require some form
of calibration (discussed in the following sections). CCS is highly repro-
ducible across different instruments/methods and reflects structural
characteristics of compounds, making it an excellent property for use
in annotation of unknowns. Despite the many benefits of IM and
several available software tools, a primary factor that impedes the
realization of its full potential in omics and related applications is a
lack of robust and comprehensive software support, both in terms of
low-level data extraction/processing and higher-level informatics algo-
rithms [3]. In this review, we provide an overview of software tools
that are currently available for the analysis of IM-MS data across mul-
tiple instrumentations and disciplines, highlighting their specific algo-
rithmic approaches and available functionality, and provide insights
into future developments and opportunities for improvement in this

area.
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2 | ION MOBILITY SPECTROMETRY-MASS
SPECTROMETRY INSTRUMENTATION

IM has experienced great advancement in both fundamental tech-
nology development and applications in the past several decades. IM
separates ions with differences in size or shape based on the balance
of two forces that impact the ion movement, namely, the electric field
and the drag force from the collision with buffer gas molecules [4], and
provides insights into the structure. There are multiple variations of
IM devices among hyphenated IM-MS instruments in current use, and
these are primarily distinguished by the geometry of the mobility cell,
the nature of the electric fields used, and how ions are moved through
the device.

Different variations of the electric field and stationary state of the
buffer gas have given rise to multiple IM-based platforms such as drift
tube IMS (DTIMS) [5-10], traveling wave IMS (TWIMS) [11], trapped
IMS (TIMS) [12], field asymmetric IMS (FAIMS) or Differential mobil-
ity spectrometry (DMS) [13-15], and differential mobility analyzer
(DMA) [16]. While IM itself is very performant, when coupled with
MS, IM-MS provides a powerful hybrid analytical tool. With the excep-
tion of FAIMS, which can be found with Orbitrap-based instruments,
most IM-MS platforms employ time-of-flight (TOF) mass analyzers. The
first commercial IM-MS instrument based on traveling wave was intro-
duced by Waters in 2006 (Waters Synapt) [11], and soon became a
widely used platformin academic and industrial fields. Since then, many
instrument vendors followed and developed their own IM-MS plat-
forms, notably trapped IM-MS by Bruker in 2009 [17] and commercial
drift tube IM-MS by Agilent in 2014 [9, 10]. FAIMS was made avail-
able with Thermo-fisher instruments and DMS is available on Sciex
instruments. The hyphenated IM-MS platform provides high IM resolv-
ing power (Rp), high sensitivity, and high throughput sampling, and has
become a powerful and popular tool for applications broadly [18-22].

More recently, developments in IM technology continued to achieve
higher Rp and improved separations [23]. Notably, a new approach
using structures for lossless ion manipulations (SLIM) was recently
utilized to enable long path TWIMS separations followed by MS
analyses [24-26]. This approach allowed the construction of a 13
m serpentine TWIMS drift path providing previously unachieved IM
Rp for biomolecules, more effective ion utilization, and significantly
improved characterization of very small sample sizes. These results
demonstrated the potential for high resolution proteomics, lipidomics,
glycomics, and metabolomics IM-MS measurements. The single path
SLIM IMS platform was soon made commercial available by MOBIL-
ion [27]. Similarly, Waters announced its high resolution platform, the
cyclic TWIMS instrument with 1-m single path that allows multi-pass
separation [28]. More developments are ongoing including tandem IM
[29], and incorporation of IM with other analytical techniques such as
collision-induced dissociation and cryo-infrared spectroscopy for com-
plete structure elucidation [30]. A brief summary of commercial IM-MS
instruments is listed in Table 1, and more details and corresponding

publications can be found in recent reviews [2, 31-34].
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TABLE 1 lon mobility spectrometry-mass spectrometry instrumentation.
CCs Resolving power
Applied Separation calibration (max. reported
Acronym Full name field principle Typical readout  function [31-34]) Vendor
DTIMS Drift tube ion mobility Static Temporal Time Linear 50-60 (low Agilent,
spectrometry dispersive pressure) TofWerk
200 (AP)
TIMS Trapped ion mobility Static Trapping and Time Linear 200-400 Bruker
spectrometry release
TWIMS Traveling wave ion mobility Oscillating ~ Temporal Time Nonlinear 30-40 Waters
spectrometry dispersive
CyclicTWIMS  Cyclic Traveling wave ion Oscillating ~ Temporal Time Nonlinear 60-80 (one pass) Waters
mobility spectrometry dispersive 750 (>100
passes)
SLIM Structures for lossless ion Oscillating ~ Temporal Time Nonlinear 200-1500 MOBILion
TWIMS manipulations dispersive
FAIMS Field asymmetricion mobility ~ Oscillating  Spatial Compensation NA? <30 Thermo,
spectrometry dispersive voltage Sciex
DMA Differential mobility analyzer  Static Spatial Voltage Linear or SEADM, TSI
dispersive nonlinear

CCS, collision-cross section; DMA, differential mobility analyzer; DTIMS, drift tube ion mobility spectrometry; FAIMS, field asymmetric ion mobility
spectrometry; SLIM, structures for lossless ion manipulations; TIMS, trapped ion mobility spectrometry; TWIMS, traveling wave ion mobility spectrometry.

2FAIMS does not support determination of CCS values.

FIGURE 1 General steps in ion mobility spectrometry-mass spectrometry (IM-MS) processing workflows.

3 | COMPUTATIONAL APPROACHES FOR IM-MS

The number of software tools available for processing IM-MS data is
limited compared to LC-MS. While the first choice of software has
been traditionally proprietary tools offered by instrumentation ven-
dors, over the years several free and open-source tools have been
developed or adapted to support IM-MS. The general workflow steps
are represented in Figure 1 and include: library preparation with CCS,
retention time (RT), and/or tandem mass spectra (MS/MS) from pre-
dicted or experimental in-house or public databases, to be used as
reference for molecular annotation), raw data access, raw data prepro-
cessing, CCS (or IM) calibration, peak detection, CCS (or IM) annotation
and filtering, fragment ion data processing, multidimensional scoring,
false discovery rate (FDR) estimation, multi-sample alignment, and
downstream analyses. Some of these steps can be combined, omitted,

or replaced, depending on the specific instrumentation and application.
Table 2 describe freely available software tools for IM-MS featuring a

graphical user interface (GUI).

3.1 | Raw data access
Raw IM-MS spectra from commercial instruments are stored by the
instrument acquisition software in proprietary formats. Proprietary
formats are optimized according to the vendor hardware and these
files can only be accessed using the vendor’s provided software
libraries.

IM-MS software tools either integrate the vendor libraries to sup-
port their format directly, or support open formats, typically mzML[35]
files generated using the ProteoWizard toolkit [36], which supports
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TABLE 2 Freely available GUI-based software tools for processing IM-MS data.
Processing/peak  Omics/molecular Programming
Software Reference detection type type Input MS format language Website
PNNL- Bilbao et al., 2022 Raw signal Any Agilent, UIMF C# pnnl-comp-mass-
PreProcessor [44] enhancements spec.github.io/PNNL-
PreProcessor
Skyline MaclLeanetal.,, Targeted data Proteomics, mzML, Agilent, C#,opensource  www.skyline.ms
2018 [66] extraction Lipidomics, Thermo, Waters,
Metabolomics SCIEX, Bruker
MS-DIAL Tsugawa et al., Untargeted Lipidomics, mzML, Agilent, C# prime.psc.riken.jp/
2020[67] feature Metabolomics Thermo, Waters, compms/msdial/main.
detection SCIEX, Bruker html
MZmine 3 Schmid et al., 2023  Untargeted Lipidomics, mzML, Thermo, Java, open mzmine.github.io
[68] feature Metabolomics Waters, Agilent, source
detection NetCDF, mzData
LipidOz Ross et al.,, 2023 Targeted data Lipid carbon-carbon  mzML, mza, Agilent ~ Python, open github.com/PNNL-m-
[42] extraction double bond source g/lipidoz
positions
ClUSuite 2 Polasky et al., 2019 Untargeted Protein unfolding Waters, Agilent Python sites.Isa.umich.edu/
[69] feature ruotolo/software/
detection ciusuite-2
UniDec Marty et al., 2015 Untargeted Protein assemblies mzML, Agilent, Python, C,open  github.com/
[70] feature and lipoprotein Waters, Thermo source michaelmarty/UniDec
detection nanodiscs
MaxQuant Prianichnikov et al., Untargeted Proteomics Thermo, Bruker C# maxquant.org
2020([71] feature
detection
FragPipe Yuetal.,,2020[72]  Untargeted Proteomics mzML, Agilent, Java fragpipe.nesvilab.org
feature Bruker, Thermo
detection
DIA-NN Demichev et al., Targeted data Proteomics mzML, Bruker, C++,C# github.com/vdemichev/
2022[73] extraction Thermo DiaNN

DIA, data-independent acquisition; GUI, graphical user interface; IM-MS, ion mobility spectrometry-mass spectrometry.

conversion from most instrument vendors. However, specific support
to convert IM-MS data to mzML including all relevant IM metadata is
often limited. Furthermore, the mzML format is inefficient for storing
and accessing large amounts of spectra, particularly problematic for
IM-MS combined with other separations [37].

For imaging IM-MS data, the imzML format [38] is used. Raw data
converted to imzML is divided in two files, experimental details are
stored in an XML file based on mzML and spectra are stored in a binary
file in order to allow efficient storage. The Python pyimzML (https://
github.com/alexandrovteam/pyimzML) package can be used to access
data as lists and dictionaries, as described in a recent single-cell
lipidomics study [39].

AlphaTims [40] is a tool for indexing LC-TIMS-MS data which
enables fast access and multidimensional selections from raw data. The
tool is freely available, implemented in Python and saves the indexed
data in an HDF5 format for efficient access.

Recently, MZA [37] has been proposed to address limitations in
accessing large MS files in general and facilitate software development
and artificial intelligence (Al) research in multidimensional MS mea-
surement, including IM-MS and data-independent acquisition (DIA)

spectra. MZA is composed by a data conversion tool and a simple file
structure based on the HDF5 format, providing easy, cross-platform
and cross-programming language access to raw IM-MS-data, and
enabling fast development of new tools in data science programming
languages such as Python and R. It currently supports conversion from
Agilent MassHunter “d” and Thermo “raw” formats, as well as mzML.
While IM-MS data in MZA files can be directly read in any program-
ming language using generic HDF5 libraries, the Python package mzapy
[41]is available to further facilitate development of Python tools, offer-
ing standard MS utilities for efficient extraction and processing, such as
mass and CCS calibration, signal processing, peak finding, and generat-
ing visualization plots. LipidOz [42] is an example tool using MZA and
mzapy for automated elucidation of lipid carbon-carbon double bond

positions from ozone-induced dissociation experiments.

3.2 | Raw data preprocessing

Several algorithms have been reported for preprocessing of raw IM-
MS data. To enable more effective spectrum summation for improving
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Rp and detection of low-intensity species, the command line DTW
tool [43] employs single value alignment and nonlinear dynamic time
warping to correct for variations in AT between IM separations, such
as due to pressure fluctuations. The tool was demonstrated that for
SLIM IM-MS increased Rp by as much as 115% for measurements in
which 50 IM separations over 2 s were summed. It is publicly avail-
able for use with the universal ion mobility format ((UIMF) and text
(.txt) files.

A widely used tool for DTIMS-MS and SLIM-MS is the PNNL-
PreProcessor [44], a freely available, standalone, and user-friendly
software, housing various algorithmic implementations to generate
new files with enhanced signal quality and in the same instrument for-
mat. The algorithms effectively extend measurement dynamic range,
while reducing file sizes for faster and memory-efficient downstream
processing. Specifically, multidimensional smoothing improves peak
shapes for low-abundance analyte signals (i.e., poorly defined), and
saturation repair reconstructs the intensity profile of high-abundance
peaks from various analyte types (improving over a previous algorithm
[45]). Other functionalities are data compression and interpolation,
IM demultiplexing (improving over a previous version [46]), noise fil-
tering by low intensity threshold and spike removal, and exporting of
acquisition metadata. An increase of 19.4% in lipid annotations and a
two-times faster processing of LC-DTIMS-DIA-MS data from a complex
lipid extract were reported in the original publication. The PNNL-
PreProcessor is actively maintained and expanded. The most recent
additions are algorithms to transform the raw IM-MS data directly to
the CCS/z space (CCS calibration is discussed in the following section)
to facilitate data interpretation and standardization, and conversion
from IM-DIA-MS to pseudo-data dependent acquisition (DDA) files to
enable and leverage utilization of existing LC-MS tools. Figure 2 shows
an example of the CCS/z conversion, with visualizations of the original
and CCS/z converted raw data for DTIMS-MS and SLIM-MS analyses
of the Agilent tune mix. Using this functionality, raw files that were
acquired with different IM methods can be analyzed together and,
rather than comparing CCS values from centroids, the full CCS distri-
butions from total (or mass extracted) ion intensities in the raw data
can be visualized directly and easily compared (Figure 2E), for example,
enabling direct determination of the Rp in CCS space. Furthermore, by
charge normalizing, ions appear ordered in CCS/z versus m/z space as
they would in AT versus m/z space [47].

In terms of improving IM Rp or separation post data acquisition,
two algorithms have been reported. The HRdm is a proprietary GUI-
based tool [48] that improves the sensitivity and resolution of multi-
plexed DTIMS-MS measurements. It performs simultaneous extended
Hadamard demultiplexing and deconvolution by incorporating knowl-
edge of the instrumental modulation defects. Results indicated that
HRdm performs with an effective Rp of between 180 and 250 for the
highest deconvolution settings. The DWSA-PSO algorithm [49], imple-
mented in MATLAB, was reported for separating overlapping IM peaks
of glycan isomers in TIMS-MS data using second-order differentiation
combined with simulated annealing particle swarm algorithm based on

sine adaptive weights.

3.3 | CCS calibration

IM does not measure molecular structures or surfaces directly, but
rather the effect the structure has on the mobility of the gas-phaseion’s
structure in an electricfield. A mathematical model of the physics of the
measurement is used to translate the mobility value or AT observed
with IM-MS instruments into the corresponding molecular ion’s CCS
[2]. DTIMS is the only platform that is accepted to provide direct CCS
determination, that is, independently of reference ions with known
CCS, by employing the “stepped-field method” (also called multi-field
method). Typically for stepped field, IM-MS data is collected in a
series of measurements at seven different stepwise-increased field val-
ues. CCS is determined by performing a linear regression of detected
peak mobilities or AT centroids, and considering multiple instrument
parameters (i.e., electric field, buffer gas, pressure, temperature, and
drift-tube effective length). The relationship between CCS, mobility
(K), and ion charge state (z) is given by the Mason-Schamp equation,
where CCS s seen to be proportional to z/K. Rather than using AT from
peak centroids, the FWHMstep method was reported to reconstruct
the full CCS distribution from the AT distribution in stepped-field data,
correcting the AT peak broadening caused by the ion’s diffusion and
other instrumental contributions to characterize the analyte’s con-
formational diversity [50]. However, utilization of the stepped-field
method has been limited in practice due to several reasons: (1) it is
generally not compatible with LC due to the increased acquisition time
needed to collect data in multiple fields, (2) it can be sensitive to vari-
ations in instrument parameters which requires manual adjustments,
and (3) the data processing is laborious; therefore, it becomes imprac-
tical for analysis of complex mixtures and for generating very large CCS
databases.

Secondary or empirical methods are nowadays preferred for CCS
determination, where the CCS of analytes or unknowns is performed
by calibration against ‘known’ CCS values (e.g., from literature or
stepped-field experiments) of calibrant species. A calibration curve
allows CCS determination of other analytes from their AT measured
under the same IM conditions as the calibrants. DTIMS and TIMS
data can be CCS-calibrated employing a linear regression, referred to
as the “single-field method” in DTIMS. In both platforms, the Agilent
Tune Mix solution ions are commonly used as reference for various
molecular types, including peptides, metabolites, lipids, and other small
molecules. For DTIMS, a separate infusion run of the calibrant ions is
collected daily. For TIMS, the calibrant ions are typically infused for a
few seconds at the beginning of each sample run.

For TWIMS-based platforms, nonlinear regression methods are
typically required for CCS calibration, such as polynomial regression
or linearized power regression (equations and details can be found
in previous works [2, 51]). Linearized power regression could work
best for analytes which are outside of the mass range of the calibrants.
There is not an accepted universal set of calibrants for TWIMS, as
the choice of calibrants could depend on the type of molecules, and
the charge and mass range of the analytes to be calibrated. A series

of singly charged polyalanine ions is often used to calibrate the CCS
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Examples of the CCS/z conversion functionality in the PNNL-PreProcessor. Original raw data for DTIMS-MS (A) and SLIM-MS (B)
analyses of the Agilent tune mix solution with positive electrospray ionization, and their respective CCS/z converted raw data (C: DTIMS-MS, and
D: SLIM-MS). Overlaid total ion intensities (E) from the CCS/z converted raw data allows direct comparison and visualization of the full CCS
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for peptides, but limited performance has been reported for small
molecules, for example drug-like compounds [52]. The evaluation and
optimization of different calibrants and experimental conditions is an
active area of research for TWIMS. Similarly, comparability and con-
solidation of CCS values across different IM platforms is continuously
being investigated, since the applied calibration strategy including the
selection of calibrant ions has been reported to influence deviations,
and strategies for calibration and correction have been proposed [53].

DMA could be used as a primary method for CCS determination
given precise knowledge of the applied voltage, DMA dimensions,
and fluid flow rates. However, the uncertainty associated with such
approaches in development has not yet been fully evaluated, and in
many instances calibrant species are employed for CCS determination
[2]. DMA is typically used to analyze large ions and charged particles,
such as aerosol particles, antibodies, and viruses, and not peptides,
lipids, or metabolites [32].

To perform the CCS calibration, the corresponding instrument
vendor software is typically used, which stores in the data file the
function coefficients determined by the regression, and those can be
accessed by downstream processing software to annotate detected
features. Example publications using vendor software for CCS calibra-
tion include Agilent IM-MS Browser for DTIMS [54] and SLIM [55],
Bruker Metaboscape for TIMS [56], and Waters DriftScope for TWIMS
[57]. Besides, in numerous instances of proof-of-principle demonstra-
tions the CCS calibration is performed semi-manually in spreadsheets
or with custom computer scripts. Alternatively, open-source tools
addressing limitations in vendor software have been developed, most
notably for automation needed in large-scale analysis. PIXiE [58] allows
CCS calculation for the DTIMS stepped-field method from UIMF files.
More recently developed, AutoCCS [51] supports CCS calibration
for DTIMS and TWIMS-based methods from mzML files, mzapy [41]
supports CCS calibration for single-field DTIMS and TWIMS-based
methods from MZA files, and MOCCal [59] automates the assignment
of unknown features to the power equation for CCS calibration in
multiomics mixtures from a spreadsheet of features or mzML files.

3.4 | Peak detection

There are two general approaches to detect peaks from AT distri-
butions and m/z values in raw IM-MS data. The first, referred to
as untargeted feature detection, attempts to find all possible peaks
present in the data and is implemented in most omics workflows. An
earlier example tool is the LC-IMS-MS Feature Finder [60], a command

line software that clusters deisotoped peaks with similar monoiso-

topic mass, charge state, RT, and AT values. The second strategy is
targeted data extraction, where a list of targets ions of interest or
a library is required to selectively extract signals from the raw data.
While untargeted feature detection does not require prior knowledge
and can allow investigation of unexpected molecules, targeted data
extraction can be more sensitive and accurate in detecting noisy or
low-abundance ions. In both strategies, common MS methods to detect
and centroid values are applied, including local maxima search, wavelet

transform, derivative-based detection, or gaussian peak fitting.

3.5 | CCS matching and filtering

CCS values can be used in addition to other molecular identifiers, such
as RT and accurate mass, to increase the specificity of the compound
identification and feature annotation, and are particularly relevant for
distinguishing isomeric species. Typically, experimental CCS values are
matched to a library of experimental or predicted CCS values using
an error tolerance according to the instrumentation. Representative
publications using CCS are referred next.

Silveira et al. performed a conformational analysis in terms of mea-
sured IM Rp and CCS of several model peptides by TIMS [61]. The
results provided evidence that at least six conformations (four com-
pact and two elongated) comprised the gas phase distribution of a
triple-charged analyzed ion.

Leyva et al. employed TIMS coupled to Fourier transform ion
cyclotron resonance MS and tandem MS for the structural charac-
terization of dissolved organic matter [62]. Raw data was processed
by vendor software for assignment of chemical formulas, afforded by
the ultra-high mass Rp. Spectra for each molecular formula were pro-
cessed using the custom-built Software Assisted Molecular Elucidation
(SAME) Python package. Candidate structures were obtained from the
chemical formulas by in-silico fragmentation using the MetFrag CL
tool [63] and the PubChem database (pubchem.ncbi.nlm.nih.gov), and
experimental CCS were compared to theoretical CCS generated using
the trajectory method (TM) with the IMoS software.

Bianco et al. used DMA to separate environmentally relevant consti-
tutional (catechol, resorcinol, and hydroquinone) and configurational
(cyclohexanediols and fatty acids) isomers [64]. Computational CCS
predictions with the lon Mobility Software (IMoS) could reproduce
the experimental order of the ion mobilities between the isomers,
confirming the isomer identification.

Rose et al. demonstrated a data processing workflow that combines
CCS matching with regression analysis and chemical class prediction

to improve confidence in DTIMS-MS lipid annotations [65]. After

distributions of experiments acquired with different IM platforms or acquisition methods, or converted using different CCS calibration functions.
Raw data was CCS calibrated using the Agilent IM-MS Browser (linear calibration function was applied to DT, and polynomial of 2nd and 3ed order
to SLIM). The PNNL-PreProcessor automatically detects the calibration coefficients for the function and the buffer gas, and then maps each raw
data point (m/z, AT) to the CCS/z space (m/z, CCS) by applying the regression function and scaling to the reduced mass term. Raw files were
converted to MZA format. Standard Python packages were used to read the raw data from MZA files and to make the plots. Corresponding data
and example Python and R scripts can be found at https://github.com/EMSL-Computing/CCSz-demo. AT, arrival time; CCS, collision-cross section;
DT, drift time; DTIMS, drift tube ion mobility spectrometry; MS, mass spectrometry; SLIM, structures for lossless ion manipulations.

BSUBD1T SUOLULLIOD dAIRRID 3|dedljdde ay) Aq peusanob a1e sajoie YO ‘8sN JO S3|NJ 10y AkeiqiT auluQ 43I UO (SUO R IPUOD-PUR-SWR)W0Y A3 | 1M Aeiq 1 pul|UD//:SANL) SUORIPUOD pUe SWIB | 31 335 *[7202/20/0€] U0 AReiqi aulju A8|IA ‘9Imnsu| eLOWS N 3] pled AT 981002202 21Wd/Z00T OT/I0P/W0d" AS | 1M Afelq1|BUl|UO'S UINO BOUS 195 B3 A feue//SAY WOy papeojumoq ‘€T-¢T ‘7202 ‘T986STIT


https://github.com/EMSL-Computing/CCSz-demo

Proteomics | sor1o

untargeted feature detection, filtering candidate compound identifi-
cations on the basis of their measured CCS increased the confidence
of the annotations of 883 compounds by narrowing their candidate
lists by over 50% on average. Using the SIFTER machine learning
(ML) algorithm to predict the classification of unidentified features
provided insight into the likely classes of 192 additional compounds.
Kedia et al. evaluated the power of SLIM-MS for identifying lipid
isomers in total brain and liver lipid extracts by spiking standards at dif-
ferent concentrations [55]. Isomeric resolution and measured AT and

CCS values were preserved independently of matrix effects.

4 | CCS DETERMINATION METHODS

The determination of CCS, either directly or using calibration, enables
confident identification and structural characterization of compounds
including small molecules [74], lipids [75], and even macromolecules
like proteins [33]. This is especially useful in the context of omics exper-
iments in which thousands of features could be detected, and the
ability to confidently distinguish between closely related compounds
or isomers can have significant impact on the ultimate biological inter-
pretation of the results. A primary factor limiting the utility of CCS
for compound identification is the availability of reference values (i.e.,
“known” calibrants) and comprehensive databases to compare against
when identifying unknowns. While the measurement and curation of
large-scale CCS databases to aid in identification of unknowns is an
ongoing effort in the IM field [47, 76-78], due to limited availability of
chemical standards, time, and expense constraints, these approaches
will never produce coverage across more than a tiny fraction of the
vast and diverse small molecule chemical space. An alternative means
of identifying unknowns by CCS involves the use of computational
methods for predicting CCS values, effectively expanding the identi-
fiable chemical universe far beyond compounds for which reference
measurements exist (i.e., a “reference-free” compound identification
paradigm). CCS prediction methods can be broadly categorized into
one of two general approaches, theory-driven (calculation) or data-
driven (prediction), their advantages and tradeoffs are next discussed.

4.1 | Theory-driven CCS calculation

The theory-driven calculation methods rely on understanding and
modeling the molecular interactions that underly the IM separation
and simulating them to ultimately derive a calculated CCS value. These
methods have a long history, and the complexity of the calculations
have evolved alongside advancements in the theoretical and prac-
tical understanding of the technology itself. The general workflow
for theoretical CCS calculation involves generation of low-energy 3D
conformers for analytes, followed by calculation of CCS using some
representation of the molecular interactions underlying the IM sep-
aration. Generation of physically relevant low-energy conformers of
analyte ions is a subject deserving much more in-depth discussion

than can be offered here [79], but for the purposes of this review it
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suffices to point out that generally the more complex modeling meth-
ods are capable of producing more relevant (i.e., accurate) structures,
albeit at the cost of lower computational speed and greater system
requirements. As with molecular modeling, there are many methods of
calculating CCS that differ primarily in the level of detail with which
they simulate the molecular interactions that occur in an IM sepa-
ration, and the accuracy of calculations generally increases with this
complexity.

MOBCAL was the first program developed for calculating theoreti-
cal CCS, and used three methods of increasing complexity (projection
approximation [PA] [80]; exact hard-sphere scattering [EHS] [81]; TM
[82]) as the theoretical basis. The TM, which models momentum trans-
fer between the analyte and drift gas molecules from both direct
collisions and long-range interactions, represents the most complete
model of IM interactions and thus has served as the gold standard
for calculation of accurate CCS values up to the present. The origi-
nal MOBCAL was only capable of modeling with He as the drift gas;
however, it was later modified to use N, (the norm for modern IMS
instruments) [83]. Later implementations of the TM, including Collido-
scope [84], HPCCS [85], and MobCal-MPI [86] were developed with
multiprocessing and other program optimizations for greater com-
putational efficiency, but relying on essentially the same or similar
theoretical model as used in the original MOBCAL. An implemen-
tation of the TM has recently been presented [87], which includes
additional complexity in the model that allows for the calculation of
CCS values at a level of precision suitable for application to ultra-high-
resolution IM separations. The PA and EHS methods are less complex
(and generally less accurate) than the TM; however, their significantly
faster computation time make them suited for calculating CCS for very
large numbers of compounds or much larger compounds that have
very high atom count. These approximation methods are especially
valuable when high precision or absolute accuracy of the predicted
CCS values are not the top priority. Multiple improvements upon the
PA/EHS approximation methods implemented in the original MOBCAL
have been presented in recent years, including: a projection super-
position approximation [88], a diffuse hard-sphere scattering (DHS)
model implemented in the tool IMoS [89, 90], and a PA method opti-
mized for very large molecules in the IMPACT tool [91]. The landscape
of tools for theoretical CCS calculation is complicated, but broadly
speaking the level of complexity of the CCS calculation (and upstream
molecular modeling) method is selected to balance the desired level
of precision and accuracy against computational time and effort. An
added benefit of theory-driven CCS calculation comes from the direct
relationship between calculated CCS and the model representing
the molecular interactions in IM separations, allowing for interpre-
tation and rationalization of calculation results in chemical/structural

terms.

4.2 | Data-driven CCS prediction

In recent years, the accumulation of a critical mass of experimental

CCS values available to the IM community has enabled the use of
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data-driven methods for CCS prediction. These data-driven methods
rely on connecting experimentally observed CCS values with various
chemical and/or structural properties, increasingly using some man-
ner of Al/ML to learn this complex relationship for large numbers
of compounds. CCS values can then be efficiently and accurately
predicted for other compounds without experimental CCS values,
provided that their properties are similar enough to the compounds
used to train the predictive model. The use of data-driven methods for
prediction of CCS has been reviewed in-depth elsewhere [76]. Briefly,
use of these methods has been enabled by the accumulation in recent
years of experimental CCS values for large compound collections.
Data-driven CCS prediction uses structural trends among large col-
lections of compounds to predict CCS for similar compounds without
reference CCS values. While specific details vary between individual
prediction models, the approach can generally be broken into three
steps: data curation, feature engineering, and model training. Training
data typically consists of large collections of CCS values, either mea-
sured experimentally or gathered from published data. In the feature
engineering step, a numerical representation of the compounds in
the training dataset is chosen, typically consisting of some set of
molecular descriptors that reflect the structural characteristics of the
compounds. Finally, a model is selected, with the most popular models
for this task been support vector machines (SVM), and trained using a
proportion of the selected dataset, with the remaining data excluded
during training for later use in validating the model’s performance. The
ultimate accuracy of the trained CCS prediction model is dependent
primarily on four key factors stemming primarily from the general
steps described above: (1) chemical space of the training data, (2) selec-
tion of molecular descriptors, (3) model selection, and (4) the accuracy
of the measurements that make up the training data. These prediction
models derive their predictions from trends in the data they are trained
on, so accurate predictions can only be made for compounds that share
structural characteristics with the training data, and that accuracy is
bounded by the accuracy of the measurements from which the training
data was generated. CCS is a property that reflects the structural
characteristics of a molecule, so in order to accurately predict it the
strategy for numerically representing molecules in the training data
(i.e., feature engineering) must sufficiently reflect those structural
characteristics. Model selection is slightly less important than the
other factors since the nature of the training data (and features) will to
some degree restrict the selection of models for a given task. MetCCS
was the first published ML model for prediction of CCS for small
molecule metabolites [92]. Multiple other CCS prediction models have
been presented in the years since, including DeepCCS [93], AlICCS
[77,94], CCSbase [78, 95], CCS Predictor 2.0 [96], and SigmaCCS [97].
Each of these tools are trained on different sets of compounds and
using different models, but they are all generally capable of producing
accurate CCS predictions, provided sufficient similarity between the
training compounds and those used for CCS prediction. As it has been
reported for metabolomics, improvements in ML prediction of CCS
values through better training sets will also likely reduce sources of

variance [98].

5 | MULTIDIMENSIONAL WORKFLOWS
COMBINING IM-MS AND FRONT-END
SEPARATIONS

Although IM-MS alone has a wide range of applications, its coupling
with front-end separations, such as LC, gas chromatography (GC),
supercritical fluid chromatography (SFC), solid-phase extraction (SPE),
and capillary electrophoresis (CE), is extremely beneficial for analyses
of complex mixtures with increased sensitivity, peak capacity, and the
scope of molecular information [99]. Multiple disease screening and
environmental evaluations have illustrated that the IM-based multi-
dimensional separations extract information that cannot be acquired
with each technique individually. Furthermore, most IM-MS platforms
can be operated in DIA mode, which allows systematic collection of
multiplexed fragment-ion spectra from all detectable precursors within
awide m/zrange and in a single chromatographic run, independently of
their intensities [100].

In terms of data processing, peak detection is significantly more
challenging than in traditional MS due to the additional dimension of
separation. Thus, many algorithms commonly process one dimension
at a time in a stepwise fashion (i.e., m/z centroiding or peak picking,
followed by RT peak detection, and finally IM peak detection), and
some tools adapted from LC-MS workflows simply ignore the IM
dimension (completely or partially). Workflows often combine strate-
gies including steps like noise reduction, baseline correction, and
multi-sample alignment. To perform fragment ion data processing of
DIA spectra, similarly to precursor peak detection, algorithms may
employ targeted data extraction or untargeted feature detection
followed by fragment ion deconvolution to generate pseudo-DDA
MS/MS10 For MS/MS annotation in proteomics and lipidomics
workflows, prediction of theoretical fragment ions or diagnostic ions
is often applied, which is supported by well-established (more in
proteomics [72] than in lipidomics [67]) fragmentation rules. These
rules are grounded in the fundamental understanding of the chemical
properties and structural characteristics of peptides and lipids, and the
type of instrumentation and fragmentation energy employed, allowing
implementation of algorithms with the specific cleavage patterns and
fragmentation pathways that occur within these biomolecular classes.
Conversely, in metabolomics, the approach of spectra library matching
is widely used for MS/MS annotation due to the absence of universally
applicable fragmentation rules. Small molecules encompass a vast
array of chemical structures and functional groups, resulting in diverse
fragmentation behaviors that are often unpredictable. Additionally,
they can undergo multiple fragmentation pathways depending on
experimental conditions and instrument parameters. The spectral
library matching strategy capitalizes on the wealth of annotated
spectra accumulated in spectral libraries, offering a pragmatic solution
for metabolite identification despite the inherent complexities of
metabolite fragmentation. Moreover, the greater availability of public
spectral libraries and modern Al methods are enabling prediction
of spectral libraries with increased accuracy for both proteomics

and metabolomics applications, offering an alternative to database
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incompleteness due to unavailability of standard compounds and
allowing annotation of unknowns. Finally, rule-based, or ML-based
multidimensional scoring algorithms can be utilized to combine the
various sub-scores from each dimension (accurate mass, RT, CCS,
MS/MS). These processing strategies and software used for different
omics studies are next discussed with representative publications.

5.1 | Proteomics

Xia et al. created a set of software tools in R to convert TWIMS data
generated from analysis of fragment ions into a variety of formats used
in proteomics, including MGF [101]. The authors demonstrated that IM
can be used to calculate the charge state of a fragment ion to improve
peptide identification and provided preliminary evidence of structural
differences between b and y ions for certain peptide sequences.

Distler et al. presented the TWIMS-DIA-MS ultra-definition MSE
(UDMSE) method and the Java software package ISOQuant [102]. This
approach utilized IM-specific collision-energy profiles to enhance pre-
cursor fragmentation efficiency. Results provided high reproducibility
and substantially improved proteome coverage of the Hela cell pro-
teome compared to previous implementations of MSE. ISOQuant is
an open-source software tool for processing label-free quantitative
UDMSE from results after preprocessing and database searching with
the Waters vendor software ProteinLynx Global SERVER.

Burnum-Johnson et al. described the discovery and targeted mon-
itoring (DTM) approach using LC-DTIMS-MS [103]. In DTM, heavy
labeled target peptides are spiked into tryptic digests and both the
labeled and unlabeled peptides are detected using LC-IM-MS instru-
mentation. Compared with the broad LC-MS discovery measurements,
DTM vyielded greater peptide/protein coverage and detected lower
abundance species and with similar limits to selected reaction moni-
toring (SRM). In this workflow, the authors collected LC-MS/MS data
on a Orbitrap platform and performed databased search to build an
AMT tag database with accurate masses and RTs. In-house C# algo-
rithms were used for LC-IM-MS feature definition, alignment, and
visualization.

Skyline was adapted to analyze LC-IM-DIA-MS data from numer-
ous instrument vendor formats [66]. For the initial evaluation, a tryptic
digest of bovine serum albumin (BSA) was spiked into a yeast pro-
tein digest at seven different concentrations, and Skyline was able to
rapidly analyze LC-DTIMS-DIA-MS data for 38 of the BSA peptides.
Chouinard et al. showcased the potential of LC-SLIM-MS for improving
the sensitivity, separation, and throughput of phosphoproteomics anal-
yses [104]. Data from a mixture of 51 heavy-labeled phosphopeptides,
including positional isomers, were analyzed using Skyline and demon-
strated limits of detection as low as 50-100 pM (50-100 amol/pL)
for several phosphopeptides. Other example publications using Skyline
include Van Puyvelde et al. [105] for TIMS-MS and Rojas Echeverriet al.
[57] for TWIMS-MS.

Meier et al. demonstrated the use of the correlation of molecu-
lar weight and IM in LC-TIMS-DIA-MS, termed diaPASEF [106]. The

authors developed Mobi-DIK software, an extension of the established
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targeted data extraction OpenSWATH workflow by inclusion of the
IM dimension for both signal extraction and scoring. Data acquired
from whole proteome digests and mixed organism samples demon-
strate deep proteome coverage and a high degree of reproducibility as
well as quantitative accuracy, even from 10 ng sample amounts.

Prianichnikov et al. introduced the IM-enhanced MaxQuant soft-
ware, offering an end-to-end computational workflow for LC-TIMS-
DDA-MS shotgun proteomics data [71]. The workflow includes highly
parallelizable 4D feature detection and de-isotoping, non-linear multi-
dimensional mass recalibration, a new matching between runs algo-
rithm that utilizes aligned peptide CCS, and MS1 level label-free
quantification. Woo et al. described an acquisition and peptide iden-
tification method using MaxQuant, called transferring identification
based on FAIMS filtering (TIFF), to improve the sensitivity and accuracy
of label-free single-cell proteomics [107].

Yu et al. adapted the fast search engine MSFragger for LC-TIMS-
DDA-MS data and developed lonQuant for accurate quantification, as
aworkflow integrated into the FragPipe GUI [72].

Demichev et al. reported the adaptation of the software DIANN for
LC-TIMS-DIA-MS data and generation of optimized spectral libraries
using FragPipe, as well as the advantage of neural network-based scor-
ing [73]. A 2D peak-picking algorithm detects local maxima (1/KO or
the inverse ion mobility) in the mobility versus m/z space, followed by
chromatogram extraction of precursor and fragment ions. The DIANN
ion mobility module is also integrated into FragPipe to provide the full
workflow within a single GUI.

Reilly et al. developed an integrated pipeline streamlining a fully
automated sample preparation platform with FAIMS-DIA-MS and an
optimized library-free DIA database search strategy using the propri-
etary Spectronaut software [108].

Xu et al. demonstrated how Capillary Zone Electrophoresis com-
bined with FAIMS (CZE-FAIMS-MS/MS) can improve top-down pro-
teomics, as FAIMS can efficiently fractionate proteoforms by their size
[109]. CZE-FAIMS-MS/MS processed by open-source top-down soft-
ware boosted the number of proteoform identifications from a yeast
sample by nearly three-fold relative to CZE-MS/MS alone.

5.2 | Lipidomics

Paglia et al. presented a review about the state-of-the-art in IM-
MS technologies and approaches utilized to support lipidomics and
metabolomics applications, and assessed the challenges and opportu-
nities in this growing field [110]. Moran-Garrido et al. summarized the
latest developments in IM-MS analyses for lipidomics, focusing on the
current acquisition modes and the approaches for pre-treatment and
data analysis [111].

LipidIMMS Analyzer is a software to support the accurate identifi-
cation of lipids in IM-MS, incorporating a large-scale database covering
over 260,000 lipids and four-dimensional structural information for
each lipid (i.e. m/z, RT, CCS, and MS/MS) [112]. This tool accepts as
input the text files defining features and MS/MS (e.g., csv and MGF)

generated by various vendor software (Agilent, Bruker, Waters, Sciex).
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Two widely used software tools for lipidomics and metabolomics
are MS-DIAL and Skyline. MS-DIAL 4 is the upgraded version of MS-
DIAL supporting LC-IM-MS data from various instrument platforms
[67]. The authors reported a comprehensive lipidome atlas with RT,
CCS, and MS/MS and annotated 8051 lipids using human, murine,
algal and plant biological samples. Kirkwood et al. reported a protocol
about using Skyline for lipidomics [113]. This protocol describes Sky-
line’s expanded capabilities, including small-molecule MS/MS libraries,
indexed RT and CCS filtering, and provides a step-by-step description
for importing data, predicting RT, validating lipid annotations, export-
ing results, and editing a manually validated 500+ lipid library. Ross
et al. presented a survey of software tools available for the analy-
sis of IM-MS-based lipidomics data and evaluated lipid identifications
produced by Skyline and MS-DIAL on open-access data [114].

Rose et al. presented a lipidomics data processing workflow to
increase confidence in molecular class annotations based on CCS val-
ues [65]. This approach uses class-specific regression models built from
astandardized CCS repository (the Unified CCS Compendium) in a par-
allel scheme that combines a new annotation filtering approach with an
ML class prediction strategy.

Ross et al. developed LipidOz, an open-source Python tool for the
automated determination of lipid double bond positions from Ozone-
induced dissociation DTIMS-MS data, combining traditional automa-
tion and deep learning (DL) approaches [42]. The results demonstrate
the ability of LipidOz to robustly assign double bond positions for
lipid standard mixtures and complex lipid extracts, enabling practical
application of OzID in lipidomics studies.

Zhang et al. utilized TIMS-MS coupled with dual-polarity ionization
imaging to enable high-throughput in situ profiling of the single-cell
lipidome [39]. The authors developed the MSI Parser software for auto-
mated data analysis (https://github.com/lingjunli-research/Automatic-
MSI-Spectra-Extraction).

5.3 | Metabolomics

Feuerstein et al. reported a DTIMS-MS acquisition method termed
quadrupole resolved all ions (IM-QRAI) which allows a DT-directed
sequential isolation of precursor ions using mass windows of up to 100
Da, instead of the typical All lons method that fragments the complete
precursor mass range [115]. The authors used MS-DIAL, MS-Finder,
and Skyline to process the LC-DTIMS-QRAI-MS data.

Wang et al. reported a study using a 2D-LC-TWIMS-DIA-MS plat-
form for analyzing plant metabolites [116]. The authors used AIICCS
for CCS prediction to annotate and distinguish isomeric compounds.

DEIMoS is a Data Extraction for Integrated Multidimensional Spec-
trometry Python software, demonstrated with LC-DTIMS-DIA-MS
data [117]. The tool offers an application programming interface and
command-line access for high-dimensional MS data analysis work-
flows, with functionality for feature detection, sample alignment, CCS
calibration, isotope detection, and MS/MS spectral deconvolution.

PeakDecoder is an ML-based algorithm that learns to distin-

guish true co-elution and co-mobility from raw data and calculates

metabolite identification error rates, which was demonstrated with
LC-DTIMS-DIA-MS data [118]. The workflow combines MS-DIAL and
Skyline with custom R scripts for target-decoy generation and FDR
estimation, training, and inference, based on an SVM.

Met4DX is a mass spectrum-oriented bottom-up assembly algo-
rithm for IM-resolved metabolomics, demonstrated with LC-TIMS-
DDA-MS data [119]. Rather than detecting the LC-IM-MS features
first, the workflow assembles features in a reverse order of multidi-
mensional separation, i.e., from the MS/MS.

Ramtanon et al. described a method for LC-TIMS-DDA-MS for
the identification of enzymatic reactivity descriptors in 22 industrial
biomass samples, called hydrolysates [120]. The authors performed
multivariate data analysis through principal component analysis (PCA)
to view data trends and pinpoint potential hydrolysate chemical
descriptors.

MZmine 3 is the newest MZmine version adapted to process LC-IM-
MS data to perform feature detection and alignment, resolving peak
shapes in both the RT and IM dimension in LC-IM-MS and extract-
ing IM-resolved ion image features with spatial distributions in IM-MS
imaging demonstrated with LC-TIMS-MS data [68].

Asef et al. presented a workflow for LC-TWIMS-MS incorporating
de novo molecular formula annotation and predicted MS/MS structure
elucidation using SIRIUS 4 with ML CCS predictions to identify differ-
ential unknown metabolites in mutant strains of Caenorhabditis elegans
[98]. Predicted MS/MS were matched to Orbitrap runs with same LC
conditions.

Wen et al. developed a structural similarity networking assisted
CCS prediction interval filtering (SSN-CCSPIF) strategy for compound
identification in complex matrices, implemented in Python and demon-
strated with LC-DTIMS-MS data[121].

Lu et al. utilized LC-DTIMS-MS for the characterization of river-
ine and coastal dissolved organic matter [122]. The authors employed
vendor software for processing their data and annotation using Chem-
Spider and the METLIN Metabolites database.

Finally, a handful of tools have been reported for GC-IM-MS
workflows. The GCIMS R package includes denoising, baseline cor-
rection, spectral and chromatographic alignment, peak detection,
integration, and peak clustering [123]. Other tools for GC-IM include
a Python package [124] and a workflow in MATLAB [125]. Calle et al.
reported the utilization of the IM summed spectrum combined with
ML algorithms for the characterization of fruit juices from GC-IM-MS
data[126].

6 | MASS SPECTROMETRY IMAGING COMBINED
WITH IM-MS

Mass spectrometry imaging (MSI) enables determination of the spa-
tial distribution of analytes in an untargeted fashion and from a wide
variety of samples [127]. In MSI, small regions (“pixels”) of a planar sam-
ple are ionized and analyzed by MS, and by scanning these small areas
across the x and y dimensions of the sample an “image” can be built

up with mass spectra taking the place of light intensity in an optical
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image. Due to the typical configurations which involve directly ioniz-
ing analytes from the surface of the sample, MSl is usually incompatible
with front-end separations such as LC, which can contribute to issues
such as ion suppression or identification uncertainty due to presence
of isomers. Analysis time of front-end separations is also a contributing
factor since many hundreds or even thousands of pixels may need to
be analyzed in order to build up an image of sufficient detail to be use-
ful. However, since IM is performed in the gas phase after ionization,
and separations occur on a millisecond timescale, hyphenated IM-MSI
techniques are seeing increased usage as the IM separation enhances
sensitivity and identification confidence without significantly reducing
the analytical throughput.

The landscape of software tools for processing MSI data has been
reviewed recently [128] but information specific to IM-MSI is lim-
ited. Searching the literature for published studies including IM-MSI
revealed surprisingly few tools in regular use. The majority of pub-
lished IM-MSI data were analyzed using vendor-provided software:
High Definition Imaging (https:/www.waters.com/waters/en_US/
High-Definition-Imaging-(HDI)-Software/nav.htm?cid = 134833914)
for data acquired on TWIMS-MS systems or SCiLS Lab (https://www.
bruker.com/en/products-and-solutions/mass-spectrometry/ms-
software/scils-lab.html) for data acquired on TIMS-MS systems. A
smaller but notable proportion of studies used custom software tools,
written in MATLAB [129-134] or Python [135-140], for analysis of
their IM-MSI data. Another tool, IM-MSIC, was developed as a set of
scripts that coordinate between Skyline and vendor software (Agilent
Mass Hunter/Mass Profiler) to produce ion images from IM-MS| data
acquired on DTIMS-MS systems [141]. At a high level, the software
tools that are available for analysis of IM-MSI data are highly vendor-
specific and dependent on the experimental platform used to acquire
the data. In cases where data are acquired on a non-standard setup or
the vendor-specific software does not adequately accommodate the
experimental design/data analysis procedure, custom scripting, and/or

software tools are necessary.

7 | MACROMOLECULES AND
MACROMOLECULAR COMPLEXES
CHARACTERIZATION BY IM-MS

Over the past two decades, the investigation of macromolecular
biomolecules with IM-MS techniques has provided substantial insights
into the field of structural biology. An IM-MS workflow applied to a
given target analyte provides mass, charge, and conformation infor-
mation, which can be used to discern structural information [33]. An
overview and introduction to the software tools available for native
IM-MS are included in the perspectives by Allison et al. about compu-
tational tools [142] and related challenges [143]. Specific examples of
tools and applications are next described.

Stojko et al. reported an approach combining characteristics
obtained by native MS with TWIMS-MS conformational screening,

using vendor software [144]. The authors concluded that the method
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was valuable in characterizing extremely subtle dynamic conforma-
tional changes induced when ligands bind to protein assemblies.

Collision induced unfolding (CIU) has emerged as a valuable tech-
nique for distinguishing protein and protein complexes through their
distinct unfolding pathways in the gas phase. The CIU fingerprint is
a 3D contour plot of ion intensity as a function of activation voltage
and AT. The most popular software tools used for analyzing CIU data
include ClUSuite and ORIGAMI. ClUSuite 247 and its predecessor,
ClUSuite [145], are Python packages for TWIMS-MS and DTIMS-MS.
ClIUSuite 2 includes preprocessing, feature detection, and ML clas-
sification methods. The ORIGAMI software [146] is for TWIMS-MS
applied to multimeric protein assemblies, which allows the user to
visualize the effect of activation on the mobility of the parent ion, as
well as on any fragment ion. The user can export the data in the form of
heat maps, waterfall, or wire plots as well as interactive and shareable
webpages.

UniDec, the Universal Deconvolution software, provides a rapid,
robust, and flexible deconvolution of IM-MS data for protein assem-
blies and lipoprotein Nanodiscs with minimal user intervention [70].
Incorporation of the charge-state distribution in Bayesian prior proba-
bilities provides separation of the m/z dimension into its physical mass
and charge components. The tool has been demonstrated with data
from TWIMS-MS, FAIMS-MS, and DTIMS-MS, and recently incorpo-
rated updates for batch processing [147].

Baird et al. showcased the use of FAIMS-MS and MS/MS analy-
ses to study histone tail variants representative of proteoforms in the
middle-down range [148].

Cole et al. examined early stages of insulin fibrillogenesis by an
in-house modified DTIMS-MS instrument [149]. Molecular modeling
(MOBCAL software implementing the TM) was performed to iden-
tify and characterize oligomers formed during the “lag” phase that
precedes fibril growth.

Degiacomi et al. reported EMnIM, a Python software that allows
both the calculation of a CCS from an electron density map, and the
exploitation of IM-MS data to augment the interpretation of elec-
tron microscopy data [150]. EMNIM thereby facilitates the use of data
obtained in the gas phase within structural biology studies employing

diverse experimental methodologies.

8 | CONCLUDING REMARKS

Software is as important as hardware and the combination of IM-
MS empowered by current software tools is revolutionizing numerous
and diverse fields of molecular characterization. While its strength in
distinguishing molecular analytes with indistinguishable masses is evi-
dent, challenges in data processing remain. The very size of IM-MS
data, particularly when combined with front-end separations such as
LC, has posed challenges to bioinformaticians and researchers, under-
scoring the necessity for robust and efficient computational tools.
The sheer volume of data necessitates solutions, including raw data

formats, that can handle vast datasets with efficiency, accuracy, and
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speed. The proposed data conversion tool and format MZA [37] is
addressing these limitations, providing easy, cross-platform, and cross-
programming language access to raw IM-MS-data, and enabling fast
development of new tools.

Instrumentation in IM-MS is increasingly on an evolutionary trajec-
tory. Continuous advancements are anticipated that would not only
enhance data acquisition rates but also the quality and Rp of the data.
As these improvements manifest, there will be a growing need for com-
putational tools to evolve in tandem. This is particularly the case for
advancements in data acquisition rates and Rp as these will further
increase IM-MS data file sizes, which already poses a challenge for
software development. The co-evolution of both instrumentation and
software tools will be crucial in harnessing the full potential of IM-MS,
ensuring its effective application in analysis of complex samples such as
MS-based omics.

Conversely, the accessibility and usability of computational tools is
as vital as their analytical capabilities. Open-source software is highly
encouraged, as it is crucial for reproducible science and promotes a
large and active community of developers and users who provide sup-
port and help to improve the software. At the same time, recognizing
that many end-users of IM-MS may not be experts in programming
or data science, there is a compelling need for software tools to
feature user-friendly GUIs. Tools should be both, scalable for large-
scale processing, and user-friendly for end-users. Tools with intuitive
GUIs empower a wider audience, including those without a techni-
cal computational background, to engage in data analysis seamlessly.
The incorporation of GUIs simplifies complex procedures and reduces
data analysis efforts, making the software more accessible, and
thereby broadening its application, robustness, reliability, and there-
fore widespread adoption by the IM-MS community. The advancement
in IM-MS should not only be in the realms of hardware and algorithmic
prowess but equally in ensuring that these tools are democratized for
all users. Similarly, rather than a burden, these software tools should
be easy to deploy or install. A simple and functional GUI should be pre-
ferred over a fancy one which is difficult to deploy, use, and maintain.
It is important to acknowledge that these software engineering tasks
require time and resources, especially when aiming to develop code
thatis robust, well-documented, tested, and performant, and this effort
should be supported. An emphasis on creating software that is scalable,
easy to deploy, and integrates complex functionalities beneath an easy-
to-navigate interface will be paramount to the widespread adoption
and success of IM-MS analysis across all fields.

In terms of algorithms, there is a discernible shift toward the adop-
tion of Al/MLin data analysis. For instance, PeakDecoder learning from
raw data and using an SVM for scoring annotations and FDR analy-
sis in metabolomics LC-IM-DIA-MS, and LipidOz applying DL to assign
double-bond positions in lipids from raw LC-IM-MS data. The inherent
capability of modern Al methods to learn from and make predictions
on very complex data makes them valuable allies in discerning complex
patterns and understanding the intricacies of IM-MS data. Likewise,
while most computational MS tools are tailored to a specific omics
domain, the community could glean insights from diverse omics disci-

plines and merge concepts across fields rather than operating in isola-

tion. Leveraging modern Al techniques offers an exciting opportunity to
reimagine multiomics solutions, enabling algorithms to operate seam-
lessly from the raw data level to identify, quantify, and integrate infor-
mation from different types of molecules. In the foreseeable future,
one can expect asurgein tools that integrate Al/ML, not only to achieve
fully automated molecular annotation and interpretation of results, but
to enhance Rp and predict and optimize experimental conditions.

In conclusion, while the current landscape of computational
tools for IM-MS analysis is promising, there are panoramas yet to
be explored. Challenges remain, but the synergistic confluence of
advanced instrumentation and Al/ML points toward an optimistic and
bright future for IM-MS data analysis. We expect that this review will
serve as a reference for both novice and established researchers, to
learn and improve their IM-MS-based molecular investigations, as well
as to get inspiration to develop innovative software tools and algo-
rithms. As research in this arena progresses, innovative solutions are
expected that will further democratize and amplify the capabilities of

IM-MS across varied applications to derive new molecular knowledge.
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