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Abstract

Multimodal chemical imaging simultaneously offers high resolution chemical and physical
information with nanoscale, and in select cases atomic resolution. By coupling modalities that
collect physical and chemical information, we can address scientific problems in biological
systems, battery and fuel cell research, catalysis, pharmaceuticals, photovoltaics, medicine and
many others. The combined systems enable local correlation of material properties with chemical
makeup, making fundamental questions in how chemistry and structure drive functionality
approachable. In this review we present recent progress and offer a perspective for chemical
imaging used to characterize a variety of samples by a number of platforms. Specifically, we
present cases in infrared and Raman spectroscopies combined with scanning probe microscopy;
optical microscopy and mass spectrometry; nonlinear optical microscopy; and finally, ion, electron
and probe microscopies with mass spectrometry. We also discuss the challenges associated with
the use of data originated by the combinatorial hardware, analysis, and machine learning as well
as processing tools necessary for interpretation of multidimensional data acquired from

multimodal studies.
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Vocabulary

Multimodal chemical imaging — a number of combined independent characterization modalities

capable of mapping concentration, or distribution of chemical species.

Functional imaging — characterization techniques for detecting or measuring the distribution of

physical parameters.

Generative model - a model of the conditional probability of the observable X, given the target y.



Co-registration — transforming data from multiple sources onto a single common coordinate

system.

Data velocity — the speed of data processing.



Acronyms

AFM — Atomic force microscopy

APCI - Atmospheric pressure chemical ionization

ATR - Attenuated total reflection

BE — Band excitation

BE SSPFM - band excitation piezoresponse force microscopy
BF-TEM - Bright field transmission electron microscopy
BMAA - B-N-methylamino-L-alanine

BSE — Backscattered electrons

CARS - Coherent Anti-Stokes Raman Scattering

CNT — Carbon nanotubes

EELS - Electron energy loss spectroscopy

ESI - electrospray ionization

FLIM - Fluorescence Lifetime Imaging Microscopy

FORC - First-order reversal curve

FTIR - Fourier-transform infrared spectroscopy

GCIB - Gas cluster ion beam

GFIS - Gas field ion sources

HIM — Helium ion microscopy

HIPP - High-impact polypropylene

IR - Infrared

IR s-SNOM - Infrared vibrational scattering scanning near-field optical microscopy
LC-MS/MS - Liquid chromatography-tandem mass spectrometry experiments
LMIG - Liquid metal ion guns

MALDI - Matrix-assisted laser desorption/ionization



MALDI-MS - Matrix-assisted laser desorption/ionization mass spectrometry

MALDI-ToF-MSI - Matrix-assisted laser desorption/ionization time of flight mass spectrometry
imaging

MCP — Multichannel plate

MRSI - Magnetic resonance spectroscopic imaging

MS — Mass spectrometry

MSI - Mass spectrometry imaging

nc-AFM — Noncontact atomic force microscopy

NP-LDI MS - Nanoparticle assisted laser desorption ionization mass spectrometry
P2VP - Poly(2-vinylpyridine)

P3HT - Poly(3-hexylthiophene-2,5-diyl)

PC — Phosphocholine

PEDOT - Poly(3,4-ethylenedioxythiophene) polystyrene sulfonate
PL — Photoluminescence

PMMA - Poly(methyl methacrylate

PS - Polystyrene

PTIR - Photo-thermal induced resonance

SEM — Scanning electron microscopy

SFG - Sum-frequency Generation

SHG - Second Harmonic Generation

SIMS - Secondary ion mass spectrometry

SNOM - Scanning near-field optical microscopy

SPM — Scanning probe microscopy

SPM — MS - Scanning probe microscopy mass spectrometry

SRS - Stimulated Raman Scattering



SSPFM - Switching spectroscopy piezoresponse force microscopy
STEM — Scanning transmission electron microscopy

STM — Scanning tunneling microscopy

TAM - Transient absorption microscopy

TEM - Transmission electron microscopy

TERS - Tip-enhanced Raman scattering

TR BE - Time resolved band excitation

TR-PFM - Time resolved piezoresponse force microscopy



The functionality of materials and biological systems from batteries, fuel cells, catalysts,
photovoltaics to biological tissues and cells is traditionally studied with macroscopic
characterization techniques. However, the underlying functionality is defined by the chemical
organization, with characteristic length scales on the order of microns to nanometers. The push
towards studying materials and systems at the nanoscale addresses challenges like developing
lighter, more energy efficient, economical structural energy materials; as well as understanding
biological complexity in a wide range of applications.!> Current techniques capable of spatially
resolving nano- to meso- scale features are limited by the amount of chemical information they
offer. For instance, techniques like atomic force microscopy (AFM) with spatial imaging
resolution as low as 1 nm provide almost no chemical information.% 7 In contrast, chemical imaging
approaches can supply chemical information on the molecular level but are not capable of imaging
physical properties with high resolution. Therefore, by coupling modalities that collect physical
and chemical information, one can begin to address scientific problems using methods tailored to
studying systems that require both: nanoscale spatial resolution as well as high chemical specificity.
The combined multimodal platforms enable local correlation of material properties with chemical
makeup, allowing one to answer fundamental questions in how chemistry and structure of the

material drive functionality and physical properties observed on the macroscale.

Here, we review recent progress and offer a perspective for multimodal chemical imaging in
characterization of a rich sample spectrum in a correlated manner. We discuss the use of data
combinatorial hardware platforms, analysis, as well as machine learning and processing tools that
are becoming necessary for interpretation of the multidimensional data acquired from multimodal

studies.

Why multimodal imaging?

Understanding the complex functionality of inorganics and ceramics, soft and polymeric materials,
and especially biological systems necessitates multiple sources of information, placed in the
context of sample history (preparation conditions, medical history, efc.) that are related to
properties; and likely future behaviors. Correspondingly, published and exploratory studies

include multiple characterization and imaging modalities. For example, in solid state chemistry



and materials science the classical characterization approach will include X-Ray, optical and
electron microscopy, techniques often performed on the same, or similar sample.®'# The question
then arises as to what constitutes multimodal imaging and what are the challenges and benefits of
such an approach. Here, we offer a classification of the levels at which multimodal studies can be

performed.

As a first class of problems, we consider the case when macroscopic measurements are available
along with the imaging data, i.e. datasets of the type R(w) and A(x, y), where w is a parameter (e.g.
wavelength or temperature), and A4 is the image data. A typical example of these data sets can be
X-ray scattering data and optical microscopy. Here, it may be possible to establish the relationship
between the data, for example quantify the fraction and number of constituent phases form
microscopy, and then use this information to determine identity from scattering. This analysis is
generally simple when R(w) is a linear combination of the component spectra and classical linear
unmixing methods with known (multiple regression) or unknown endmembers are applicable. For
these cases, the statistical methods can establish the uncertainties in the recovered signal, and hence
material characteristics. In cases when the signal R(w) has a complex dependence on
microstructure (e.g. conductivity or dielectric properties), more complex microstructural methods
are required and in general this approach is rarely used. Note, that the former problems can be
considered as a special class of multimodal imaging for the case where one of the imaging modes

has zero resolution.

In the second class of problems we consider the case where the two or more imaging data sets
corresponding to dissimilar imaging modalities, A(x, y) and B(x’, y’) are available, and the spatial
grids (x, y) and (x’, y’) are unrelated. In other words, the imaging is performed at different regions.
Where the properties of the sample can be assumed (or are known) to be spatially uniform, the
information from A(x, y) and B(x’, y’) can be compared. For example, observations of the atomic
species and point defects at the atomic level can be performed using scanning transmission electron
microscopy (STEM), and directly compared to the information on the atomic structure and valence
states via electron energy loss spectroscopy (EELS). Similar studies can be performed via scanning
tunneling (STM) and non-contact atomic force microscopy (nc-AFM). However, for bulk
materials this approach is more difficult, since STEM visualizes atomic columns (i.e. projection

of atomic structure on the image plane), whereas STM and nc-AFM are surface sensitive



techniques. Moreover, even for 2D materials such as graphene or layered chalcogenides,
simultaneous (or even sequential) imaging of the same region is a very complex problem, due to
the difficulties in finding the same area, or possible changes of the surface, and/or the material
during sample handling. However, if a sufficiently large body of imaging data on the atomic
configurations in both modalities are available, equivalence between the two can be established
based on a statistical distribution. Additionally, high-veracity identifiers (e.g. defect size) that do
not define structure unambiguously, but significantly reduce the number of possible variants can
be used. Similarly, for mesoscopic imaging, the average comparison can be performed assuming
that readily identifiable characteristics can be used for validation and classification of the structural

elements.

The third class of the problems correspond to the case where the data sets A(x, y) and B(x’, y’) are
obtained from the same spatial region, and the grids (x, y) and (x’, y’) overlap. In this case, the
functional properties 4 and B are explored from (roughly) the same location. In general, the
primary initial task of the image analysis workflow becomes the co-registration between the spatial
grids, potentially augmented by interpolation, or pan-sharpening to extrapolate the data to a single
spatial grid yielding a compound object [4, B](x”, y’’). Once such data are available,
fundamentally different opportunities to explore and to derive knowledge from the material data
open. This can be considered as a full quantifier of dissimilar properties 4 and B of material,
allowing the establishment of a correlative relationship between 4 and B within the material class.

For example, the optical properties can be directly correlated with mass-spectrometric traces,

providing the information that can be used to decipher optical measurements.

Finally, the fourth class of the multimodal imaging problems corresponds to a case where the two
measurements 4 and B are spatially incongruent. For example, measurements 4 are taken on the
surface, A(x, y), whereas the measurements B are taken on volume, B(x, y, z). In this case, the
natural question is whether the information can be combined. Specifically, can 4 offer a boundary
condition that allows the reconstruction of material properties within the volume B. This class of
problems are becoming very common due to the broad propagation of 3D structural mapping
tomography tools, and the fact that many physical phenomena including mechanical and
ferroelectric are extremely long range and are affected by the boundary conditions as a

consequence of generative physics models.



Infrared and Raman Spectroscopies with Scanning Probe Microscopy

Infrared (IR) spectroscopy is commonly used to characterize bulk chemical composition, based on
the infrared light interaction with matter via absorption or emission. Raman spectroscopy, which
is based on inelastic scattering of monochromatic light in visible, near infrared or near ultraviolet
range, is another powerful optical technique used for chemical mapping of materials. Raman and
IR spectroscopies offer information on chemical bonds and local chemical environments based on
the spectroscopic signatures recorded. While powerful, these conventional instruments are
averaged over an ensemble of molecular species, thus providing an average description of local
chemistry. Adaptation of these approaches to microscopic platforms provides an avenue to map
chemical signatures in a spatially resolved manner, but are intrinsically limited by the diffraction
limit to modest spatial resolutions of ~2.5-75 pum and ~0.25-1 um for IR and Raman microscopes,

respectively.!> 16

However, collecting infrared spectra with high spatial resolution and visualizing the spatial
distribution of chemical properties, or functional groups would provide useful insights hitherto
inaccessible with a classical set-up. This type of a study can be based on the absorption of light by
matter, and the local excitation of molecular vibrations. The vibrational frequencies of these types
of transitions are defined by the chemical surroundings, allowing to match the experimentally
observed peaks with certain chemical regions. Large volumes of the peak-group assignments have
been tabulated, making infrared spectroscopy a reliable technique for chemical analysis in a variety
of areas such as organic chemistry,!” inorganic chemistry,'® industrial process control!’® and
sensors.? Moreover, the peak shape can indicate changes in the molecular conformation and
orientation,”! to reveal thermodynamic properties,?> as well as the defect formation.”3 Thus,
tracking specific peaks, or collecting spectra on a spatially dense grid can image chemical
properties in areas of interest and surroundings. One of the most promising ways to overcome the
diffraction limit in spatial mapping, and obtain high-resolution local chemical maps, is to combine
atomic force microscopy (AFM) with optical spectroscopy.?* Adhesion and elastic modulus can
be overlaid with chemical maps highlighting interplay between crystallinity, composition, and
intermolecular interaction between and within single domains. Combined infrared vibrational

scattering scanning near-field optical microscopy (IR s-SNOM) with force—distance spectroscopy



can also be used for simultaneous characterization of both nanoscale optical and nanomechanical

molecular properties.>> (Figure 1).
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Figure 1. Multidimensional dataset showing maps of PS and PMMA microdomains. Adopted with permission from
25 under the Creative Commons Attribution License subject to the Beilstein Journal of Nanotechnology terms and

conditions 2018.

Additionally, the AFM probe can be used as a detector and capture light interactions with matter
down to ~10 nanometers. Using near-field effects, scanning near-field optical microscopes
(SNOM) have become popular; with aperture- and aperture-less versions commercially available.
Raman?¢ and Nanoscale IR?7> 28 with signal amplified by the scanning probe have demonstrated
the potential of nanoscale chemical signal acquisition. In tip-enhanced Raman scattering (TERS)?
the intrinsically low intensity of Raman scattering is successfully overcome’? with near-field
amplification by plasmonic and chemical enhancements. As a result, TERS finds?®! its applications
in imaging of graphene,? polymers,33 34 silicon-based structures,?> semiconductors3®37 as well as
biological systems.’® Sub-nanometer resolution chemical images have been demonstrated
recently®® (Figure 2). However experimental parameters may alter the Raman spectra qualitatively

and quantitatively by e.g. the pressure applied to the tip, and distance to the species being probed



which complicates the analysis of the data.*0
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Figure 2. TERS imaging of molecular domains adsorbed at silver terraces. (a) Schematic of STM-controlled TERS.
The molecular structures of the porphyrin molecules under study (ZnTPP and H2TBPP) are shown in the upper-right
corner. (b) STM image of two adjacent porphyrin molecular domains (-1 V, 5 pA). (¢) STM image simultaneously
acquired during TERS imaging of the area denoted by the dashed square in b (-0.1 V, 1 nA, 7 x 7nm2, 32 x 32 pixels,
1's per pixel). The boundary between the molecular domains is highlighted by a yellow line. (d) TERS spectra,
averaged over the blue and green squares (3 x 3 pixels) shown in c, extracted from the datacube for ZnTPP and
H2TBPP molecules, respectively. (e, f) TERS images reconstructed based on single-peak analysis for the Raman
peaks at ~701 cm!(e, integrated over 687-736 cm™!) and ~918 cm™! (f, integrated over 890-959 cm™!). Adopted with

permission from 39 under a Creative Commons Attribution-NonCommercial-ShareAlike 4.0 International License,

Nature 2018.

By tuning an IR laser across a spectral region and measuring the deflection of the cantilever, one
can generate a vibrational spectrum that matches those measured by conventional attenuated total
reflection (ATR) Fourier-transform infrared spectroscopy (FTIR) instruments but is spatially
resolved. This approach can also be used more generally with light outside of IR region which is

referred to as photo-thermal induced resonance (PTIR). Traditionally, the IR evanescent field in a



total internal reflection geometry has been used to induce thermal expansion of the sample. In
practice this is limited by the availability of the ATR crystals as substrates. To resolve this issue,
in more modern set-ups infrared light is introduced from the side, which allows the any thermally
conductive substrate for sample to be used. Next major improvement was in the resonant signal
enhancement.*! Here, the excitation rate of the quantum cascade laser is tuned to match the contact
resonance of the scanning probe. Deposits as thin as 4 nm can be analyzed using this approach.
With AFM cantilever resonance enhancement, it is possible to conduct IR measurement in liquid
environment as contact resonances of higher cantilever modes are less dampened.** In addition,
tapping mode AFM-IR has been developed by Anasys to for characterization of soft matter, which
suffer from the physical contact between the sample and scanning probe. Another intriguing
approach involving substitution of the conventional AFM tip with microscale optical transducers
has been recently demonstrated®® offering drastic improvement of the signal-to-noise ratio.

Additional improvements also include light polarization control.**




Figure 3. Two samples of high-impact polypropylene (HIPP): AFM phase images of (a, d), AFM-IR absorption maps
at 974 cm™! (b, e), where warmer color stands for stronger absorption and higher polypropylene content. Left column
(a, b) for HIPP-1, and right column (d, e) for HIPP-2. In HIPP-1, the rigid cores of the particles are rich in
polypropylene, which is highly crystalline, whereas for HIPP-2, the major component of the rigid cores is polyethylene
with a high degree of crystallinity. The formation of these very different structures and compositions in the core and
rubber domains may be attributed to different chain structures and compositions of the copolymers in the alloys
produced by different catalysts. Reprinted from 45, Tang, F. G.; Bao, P. T.; Roy, A.; Wang, Y. X.; Su, Z. H., In-Situ
Spectroscopic and Thermal Analyses of Phase Domains in High-Impact Polypropylene. Polymer 2018, 142, 155-163

with permission from Elsevier.

The analysis of polymer blends*® and nanocomposites*’ is a well-suited application for AFM-IR.
For example, it is possible to investigate the internal structure of polymer blends; while the phase
image of two high-impact polypropylene samples show similar internal structure of the multilayer
rubber particles, the AFM-IR reveals that the chemical distribution is very different. (Figure 3).
Quantitative analysis of nanodomains in polymer-based materials that relates chemical
composition and localized thermal properties can be carried out using this approach.*>-4 AFM-IR
has been used to confirm the uniformity of the polymerization reaction of PEDOT#*® and P3HT.>°
CNT-reinforced thermoset composites have been investigated revealing the distribution of
chemical interfaces.’! The sensitivity levels allow the characterization of additive migration in the
industrial samples.*!> > Finally, it is possible to perform AFM-IR measurements on biological
samples such as cells?3->3 and tissue>® without staining. The development of cataract in human
lenses has been recently characterized with AFM-IR%7 revealing the differences in protein
secondary structure between clear and opaque lens samples. As the infrared spectra is sensitive to
molecular vibrations, the distribution of the organic species in the hybrid materials such as
methylammonium lead halides can be clearly observed.”® The direct registration of the local
chemical changes generates an additional channel of information that aids the electrical

characterization of samples and opens perspectives on the electromigration.

Optical Microscopy and Mass Spectrometry

Multimodal chemical imaging techniques coupled with mass spectrometry has a particularly bright
future in the biomedical and biological sciences. Although single mode imaging is well-established

in many scientific sub-fields, the combination of various complementary imaging modes — offering



correlated information is still only emerging. These studies typically involve an optical imaging
technique combined with a mass spectrometry technique, or a combination of various mass
spectrometric modalities that are intrinsically complementary. As the complexity of the system
under study increases, as is the case with biological systems, the value added by each imaging
mode becomes increasingly more evident. The capability to detect highly diverse molecules found
in biological specimens benefits from the various types of imaging modes, where one mode can
detect species undetectable by another.’® Combination of nanoscale infrared spectroscopy and
mass spectroscopy allows to circumvent some limitations imposed by either techniques used alone
(Figure 4). For example, while AFM-IR images have higher resolution, the sampling depth of is
a complex function of tip temperature, scanning parameters (e.g., scan speed), and heat transfer of
the surface. By including mass spectrometry data into analysis it is possible to highlight the

chemical composition of the surface.

Figure 4. (a) 2D IR and (b) 2D MS chemical images for PMMA and P2VP, as well as (c) the related 2D topography
image. Zoomed-in regions of (d, ) IR and (f, g) MS chemical images shown in (a) and (b) corresponding to areas I
and II, respectively, indicated by the white squares in the full-size images. Arrows indicate about 1.6 um wide gaps
between PMMA features that are visible in the images in (c—g). Adopted with permission from 60, Tai, T.; Karacsony,
0.; Bocharova, V.; Van Berkel, G. J.; Kertesz, V., Topographical and Chemical Imaging of a Phase Separated Polymer



Using a Combined Atomic Force Microscopy/Infrared Spectroscopy/Mass Spectrometry Platform. Anal. Chem. 2016,
88, 2864-2870. Copyright (2018) American Chemical Society.

Significant challenges in terms of imaging data analytics are still pervasive. These challenges scale
with the complexity of the system and become more significant as instrumentation is refined, and
both spatial and spectral resolution increase. With this trend, data density for each imaging mode
becomes increasingly difficult to manage. For example, latest generation of matrix-assisted laser
desorption/ionization time of flight mass spectrometry imaging (MALDI-ToF-MSI) instruments
are now capable of acquiring spectra at a rate of 50 pixels s! by combining high repetition-rate
lasers, synchronized with fast-moving sample stages, feeding into hardware that can sustain high
data write speed.®! These experiments can generate data files on the order of TBs per sample;

resolved at 50 um?, containing ~10 million individual spectra.

Another significant challenge is in-situ real-time molecular identification of biochemical species,
essential for mapping molecules in biochemical pathways and understanding their larger biological
impact. In the case of proteins, original approaches for spatially-targeted liquid micro-
extractions,%? spatial extractions coupled to label-free liquid chromatography tandem mass
spectrometry experiments,®® in-situ tryptic digestion,®* and in-source decay experiments,® among
others are being developed. In the case of small molecules — metabolites and lipids, molecular
identification relies heavily on high resolution mass analyzers combined with tandem MS
experiments.®® The lack of retention time information, as with chromatographic experiments, and
the fragmentation of metabolomics databases, are some of the remaining challenges that prevent
real-time identification of metabolites and lipids during mass spectrometry imaging (MSI)

experiments.®7- 68

Various MS approaches have been utilized in a multimodal environment combined with
orthogonal analytical methodologies for biomedical applications. Sweedler ef al.. were some of
the first teams to combine secondary ion mass spectrometry (SIMS) and matrix-assisted laser
desorption/ionization mass spectrometry (MALDI MS) for the purposes of imaging rat spinal cord
tissue sections. This multimodal approach enhanced the chemical coverage of the MSI experiment,
revealing molecular properties of the chemically-diverse but anatomically-discrete motor and
sensory cell networks.®® Phospholipids, proteins and neuropeptide distributions were obtained

from single 20 um? sections. Analyte identities were preliminary assigned by mass-to-charge ratio



matches, followed by liquid chromatography-tandem mass spectrometry experiments (LC-
MS/MS). Later work also combined SIMS and MALDI, but in a hybrid, single ion source design,”
enabling ion images of individual invertebrate neurons, mammalian spinal cord, and cultured
neural networks (Figure 5). Confocal Raman microscopy coupled to SIMS and registered via an
array of chemical microdroplets was later used for imaging quinolone signaling molecules in P.
aeruginosa biofilms, important in human diseases such as cystic fibrosis and in bacterial ecology

studies.’!- 72

Choline

il

Figure 5: C¢ SIMS images of an A. californica neural network obtained with a hybrid SIMS/MALDI ion source
coupled to a commercial quadrupole-time of flight mass spectrometer allowing both high resolution and tandem MS
measurements directly from biological specimens. PC=phosphocholine. The scale bar corresponds to 200 p.
Reproduced by permission from Springer Nature reference 70, Lanni, E. J.; Dunham, S. J. B.; Nemes, P.; Rubakhin,
S. S.; Sweedler, J. V., Biomolecular Imaging with a C60-Sims/Maldi Dual Ion Source Hybrid Mass Spectrometer:
Instrumentation, Matrix Enhancement, and Single Cell Analysis. J. Am. Soc. Mass Spectrom. 2014, 25, 1897-1907.

Pioneering work by Heeren et al.. demonstrated the combined application of magnetic resonance
spectroscopic imaging (MRSI), metal-assisted SIMS, matrix enhanced SIMS, and MALDI MS for
in vivo and ex vivo measurements on metastatic and non-metastatic breast cancer xenograft

models”3. Principal component analysis of the multimodal imaging data revealed distinct tumor



microenvironments characterized by their characteristic molecular signatures, revealing the altered
choline metabolism and transport characteristic of cancer cells. Multimodal imaging can also be
performed in a two-step fashion, with the sampling event separated in space and time from the
detection event. The combination of laser capture microdissection with continuous on-line
atmospheric pressure chemical ionization mass spectrometry enabled the sampling event to take
place at higher resolution than typical for most MS imaging approaches (a few to sub-micron),
whereas the detection was provided by downstream thermal vaporization of the generated tissue
aerosols and reaction with an atmospheric pressure plasma leading to proton transfer and mass

spectrometric detection.”

Multimodal imaging MS has also been successfully used in several other biological applications.
Ewing et al.. employed multimodal imaging via time of flight secondary ionization mass
spectrometry (ToF-SIMS) and MALDI MS to investigate spatial distributions of the
environmental toxin B-N-methylamino-L-alanine (BMAA) in hippocampus sections of a rat.
BMAA has been causatively linked to neurodegenerative disease pathology and, in a rat model,
learning and memory impairments.”* More recent work has demonstrated the simultaneous
imaging of both N-glycans and proteins in the same tissue section via MALDI MSIL.”> Using a
single technique, but two sequential on-tissue digestion procedures with PNGaseF and trypsin,
complementary images on leiomyosarcomas, myxoid liposarcomas, and colorectal carcinoma
tissues were produced. Fixed adrenal cells prepared for and imaged by transmission electron
microscopy were also imaged by both ToF-SIMS and nanoSIMS.”® Ewing et al.. have recently
demonstrated the multimodal use of nanoparticle assisted laser desorption ionization mass
spectrometry (NP-LDI MS), MALDI MS, and gas cluster ion beam (GCIB) SIMS to investigate
intact lipids in mouse brain tissues.”” GCIB SIMS acts as a semi-soft ionization method that closes
the gap between conventional SIMS and MALDI techniques in terms of internal energy deposition
and ion fragmentation. More recently, a “trimodal” MALDI MSI approach imaging positive and
negative lipids and proteins at a resolution of 10 pm was reported, revealing spatially correlated

lipid and peptide distributions involved in AP plaque pathology in Alzheimer’s disease.”®

The aforementioned body of work and its success in utilizing multi-modal imaging techniques in
mass spectrometry, are just a sliver of a growing community reliant on these and similar tools to

advance research across a wide biomedical front. It is expected that the number of tools and



researchers utilizing these approaches will continue to grow with techniques increasing in
complexity and in produced data. Some of the complexity alone stems from higher resolution mass
spectrometry techniques operating at nanoscale, and coupled with scanning probe microscopy

techniques, described in the next section.

Ion, Electron and Probe Microscopy with Mass Spectrometry

In the last few decades a whole class of MSI techniques was developed to map distribution of the
chemical composition with spatial resolution ranged from nanometers to tens of microns.”-83 Here,
the surface and the sub-surface chemistry of the sample is analyzed via a focused physical probe
(ionic, optical, thermal, etc.), which releases the analyte species from a small area on the sample.
The specific probes define the pros and the cons of a given technique. For instance, ionic probes
used in SIMS allow chemical imaging with sub-micron spatial resolution,’* 35 but lead to
significant fragmentation of large molecules,*complicating data interpretation in biological and
polymeric systems. On the other hand, optical probes (MALDI) and discussed at some length in
the previous section,?” allow direct identification of large molecules (e.g. lipids, peptides and
proteins),3¥-! but requires an appropriate matrix and suffer from low spatial resolution, limited by
the size of laser beam; down to few micrometers. Released secondary species in MSI are further
analyzed using different types of the mass detectors (time-of-flight, magnetic sector, orbitrap, efc.)
to acquire information on the local chemical composition at a certain spatial point on the surface.
Rastering the beam/probe thus produces chemical maps, containing information on the distribution
of chemical species. When the electron microscopy signal is combined with secondary ion
spectroscopy, high resolution imaging is supplemented by the chemical sensitivity intrinsic to MS

(Figure 6).



Figure 6. (A) PIES image: Overlay of BF-TEM image (contrast inverted) and SIMS images of °Li* and "Li*, (B-D)
high-magnification TEM images (contrast as acquired) corresponding to the boxed hotspots and (E—G) SIMS images
of SLi* (green) overlaid on "Li*(red) corresponding to images B-D respectively. The arrows in the TEM images
indicate nanoparticles rich in °Li* (green) and "Li* (red). The color scales indicate secondary ion counts in linear scale.
Reproduced with permission from reference 92, under a Creative Commons Attribution 4.0 International License,

Nature Publishing Group 2018.

Time-of-Flight Secondary Ion Mass Spectrometry (ToF-SIMS) is one of MSI techniques that uses
a focused 1on beam to release secondary ions from the surface and direct them into the time-of-
flight analyzer to detect their mass-to-charge ratio. This tool requires high or ultra-high vacuum.
The chemical spatial resolution in imaging mode for ToF-SIMS is defined by the spot size of the
focused primary beam. Liquid metal ion guns, (LMIG) commonly used in static and dynamic
SIMS, routinely provide ~100 nm spot sizes. The surface analysis can be complemented by
additional sputtering sources, allowing the removal of significant amounts of the material. This
extends chemical investigation into the bulk, down to few micrometers in depth. The time-of-flight
mass analyzer used in ToF-SIMS offers mass resolution m/Am in the ~ 103 — 10* along with wide
mass range (up to 10° Da) and high transmission efficiency (above 50%).%3 The time-of-flight
approach also enables parallel acquisition of the chemical information on all chemical species seen

by the detector.*°7 This produces high dimensionality datasets where an entire mass spectrum can



be recorded at each voxel of a 3-dimensional sample map; revealing the surface and bulk chemical
composition of a material with sub-micrometer spatial resolution. ToF-SIMS has found its

application in life sciences allowing to probe the distribution of relevant species within the

biological sample (Figure 7).
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Figure 7. Correlative backscattered electron and nanoSIMS analysis of multilamellar lysosomes within amiodarone-
treated macrophages; (A) BSE image zoomed on an area containing profound multilammelar lysosomes for the full
image) and (B) the corresponding NanoSIMS !?I" secondary ion map, which shows the locations of amiodarone

accumulation. (C) '?7I"/3!P~ ratio image of the selected area (the ratio colour scale: 0-0.08, blue — pink, respectively).



(D) Plot of the '*I"and 3'P~ secondary ion intensities measured in lysosomes, showing a linear relationship between
the amount of the drug and phospholipids accumulated in MLLs. Reproduced from reference 98, with permission of

The Royal Society of Chemistry.

While there are obvious strengths to chemical sensitivity in the ToF-SIMS, its capabilities can be
extended beyond chemical mapping by combining the tool with atomic force microscopy (AFM)
in the same vacuum chamber. This multimodal imaging AFM/ToF-SIMS platform enables
nanoscale characterization of chemical and physical properties of the sample along with the surface
morphology. The chemical information acquired by ToF-SIMS, at chemical resolution of 50-100
nm can be supplemented with functional sample response measured by AFM at resolution down
to 1 nm. This combination has been recently used by Sostarecz et al.. to characterize chemistry
and phase behavior of lipid films® and by Belianinov et al.. to study ion induced changes in layered
copper indium thiophosphate ferroelectrics.!%-192 Furthermore, a combined AFM/ToF-SIMS
platform opens pathways for chemical characterization of local physical behavior at the nanoscale.
In these types of experiments local chemical phenomena induced by the physical field of the AFM
cantilever tip (including, but not limited to: mechanical, electric, thermal, magnetic, efc. excitation)
can be studied by ToF-SIMS. Recently, this approach enabled a study focused on the growth of
metal-organic frameworks with AFM tip grafting,'%® explore chemical phenomena associated with
local polarization switching in ferroelectrics'® (Figure 8), and investigate electrochemical
response of lithium-ion cathodes!®> and chemical interaction between AFM tip and the sample

surface.!06
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Figure 8. Combined AFM/ToF-SIMS investigations of the electro-resistive switching by AFM tip in BiFeO3 thin
film. (a) Topographical changes associated with electroresistive switching. (b) ToF-SIMS XY map of Bi* on the
surface. (c)-(g) XZ depth profiles across modified region, base elements of the BiFeO; film, SrRuO; buffer layer and
LaAlQO; substrate: (c) Fe™; (d) Sr*; (e) Al*; (f) La*; (g) Cs,O". (h) Overlay of Fe* (red), Sr* (blue) and Al* (green).
Reprinted with permission from reference 104, Ievlev, A. V.; Maksymovych, P.; Trassin, M.; Seidel, J.; Ramesh, R.;
Kalinin, S. V.; Ovchinnikova, O. S., Chemical State Evolution in Ferroelectric Films During Tip-Induced Polarization
and Electroresistive Switching. ACS Appl. Mater. Interfaces 2016, 8, 29588-29593. Copyright (2018) American

Chemical Society.

AFM topography offers a quantitative roughness and depth measurements, which can be used
before and after ion beam sputtering in 3D profiling ToF-SIMS measurements. In this type of work
the depth of the sputtered crater as measured by AFM, allows sputter rate calibration and accurate
volume reconstruction; assuming sample homogeneity.!?”-11 The authors would like to point out
that the chemical resolution is still dictated by the beam spot size. However, the geometric
correction offered by the AFM topography can offer invaluable information at the data

reconstruction step, where changes in morphology can significantly impact interpretation.!!-113

Thus, a combined AFM/ToF-SIMS platform offers a perfectly complimentary set of tools for
correlated chemical and functional investigations of wide range of materials. Achieving lateral
chemical spatial resolution bellow 50 nm with primary source LMIGs is still challenging. Gas field

ion sources (GFIS) using helium, or neon ion beam as a primary source, combined with mass



spectrometer were recently suggested by Wirtz et al.. and are based on commercially available
helium ion microscope (HIM) Zeiss ORION NanoFab.!'® While the source design for this tool is
significantly more complex than for LMIG, the spatial resolution (~0.5 nm with He, and ~1.9 nm

with Ne) is a significant breakthrough for the SIMS community.

Helium ion microscopy is a relatively young technique that can produce higher resolution images
than scanning electron microscopy (SEM).!17- 118 GFIS deliver high brightness ion beams and the
interaction volume for helium ions is smaller than for electrons in SEM.!!® The overall result is
enhanced resolution and a greater depth of field for HIM compared to SEM.!?° In addition to the
imaging of emitted secondary electrons, the helium ion beam can be used to obtain information on
ions released by sputtering. High brightness, high current (5-10 pA) ion beams and a low energy
spread below 1 eV can be theoretically focused to area smaller than 1 nm,'?! making the GFIS
interesting as a primary ion source for SIMS.!?2 No general restrictions exist that prohibit the use
of gases other than helium in GFIS, although practical reasons limit the use to species with

sufficiently high ionization energies, i.e., to helium and neon.'?3

While the small focus size of the GFIS beam directly translates into a higher spatial resolution, for
SEM the limitations for the analysis of secondary ions are set by the lateral dimensions of the
collision cascades induced in the sample. For helium, the collision cascade is situated quite deep
below the sample surface but because only a small fraction of the impact energy is deposited close
to the surface, sputter yields (the fraction of sputtered particles to incident ions) are low (<1 for
He'"). For neon, the surface area that secondary particles are sputtered is significantly larger due
to shallower collision cascades.!?* 125 Sputter yields are higher (30x in comparison to He) and

comparable to O and Cs ion beams routinely utilized in SIMS.

The initial work of Wirtz et al..!' led to the development of a HIM-SIMS tool based on the Zeiss
ORION NanoFab microscope utilizing a custom set of retractable extraction optics to feed into a
double focusing magnetic sector mass spectrometer with 4 detectors in a Mattauch-Herzog design.
This system showed chemical imaging with 13 nm lateral resolution on a standard sample. Another
implementation of HIM-SIMS platform was demonstrated by Klingner ef al.. extended a Zeiss
ORION NanoFab by time-of-flight based mass analyzer with a pulsed primary ion beam and a
multi-channel plate (MCP) based ion detector.'?6 Altogether HIM-SIMS is considered as a



perspective direction of development for MSI, allowing chemical imaging with ultimate spatial

resolution.

Although, various SIMS techniques provide great set of the tools for chemical imaging with sub-
micrometer and even nanometer spatial resolutions, several fundamental problems hamper its
application for identification of large (biological) molecules. Primary ion beams used in SIMS for
ionization lead to molecular fragmentation. Furthermore, SIMS measurements require vacuum,
which is not compatible with many materials. This significantly complicates chemical
characterization of biological and some other systems in SIMS. Hybrid solution, utilizing sharp

AFM tips for material desorption from the surface of the sample have been recently suggested.!?’-

129

An AFM tip can be used to mechanically uptake sample material from the surface. The work by
Lee et al..'?® suggested using field ionization to release the scratched material into a mass
spectrometer for elemental analysis. The entire SPM — MS system was held under vacuum along
with a special probe design that enabled tip transfer (together with the collected sample) from a
urface sampling position to a field desorption emitter position. In other work by Hoffmann et al..!3°
the AFM tip was used to mechanically sample material from the surface, with a subsequent
temperature ramping step for the controlled release of the material by thermal desorption. Initial
work on coupling direct thermal desorption from the sample surface with heated AFM cantilever
probes with mass spectrometry has been developed by Price et al..!3! This method used an offline
approach to capture material that was thermally desorbed under either volatilization or pyrolysis
on a sorbent in close vicinity to the desorption site. This enabled the analysis of the desorbed
material by gas chromatography coupled with mass spectrometry. Other researchers also used
similar approaches to draw material from the desorption site through a capillary into a separate
collection device for the deposition onto graphite which allowed for subsequent laser desorption

and 2-photon ionization.!3?

Several combined AFM/MS platforms using thermal desorption have been developed. Their
general applicability has been illustrated for small organic molecules including dyes,
pharmaceuticals, explosives and pesticides.'33-135 The application to polymers also has been shown
(Figure 9), based on the detection of small characteristic fragments—such as for poly(methyl

methacrylate) (PMMA), polystyrene (PS), poly(2-vinylpyridine) (P2VP).!36-138 The overall



sensitivity of the combined AFM/MS platform can be benchmarked by the minimal detectible
amount of sample material (e.g., the smallest desorption crater) and future developments are

focused on improving the precision with which the material is removed.
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Figure 9. Combined SIMS-SPM 3D mapping of a PS/PMMA blend. Field of view: 10.6 x 9.8 um?. Reproduced with
permission from reference 139 Wirtz, T.; Fleming, Y.; Gysin, U.; Glatzel, T.; Wegmann, U.; Meyer, E.; Maier, U.;
Rychen, J., Combined Sims-Spm Instrument for High Sensitivity and High-Resolution Elemental 3d Analysis. Surf.
Interface Anal. 2013, 45, 513-516. Copyright John Wiley & Sons, Inc 2018.

In the case of thermal desorption, improved heating functions can reduce the redeposition of
initially desorbed material '*° on the vacuum transfer line walls.'*! Additionally, inline ion sources
can aid with material ionization for lower limits of detection. For example, AFM coupled to a
custom built electrospray ionization (ESI) stage is capable of detecting 250 nm craters in pure
caffeine.!?® Several implementations using atmospheric pressure chemical ionization (APCI)
stages have been used, based on a modifications of the manufacturer's ion source design'3? and
custom APCI based inline ionization stages.!3% 141 Detection of ink dye components for spot-
sampling yields 800 nm lateral resolution, as well as 411 nm spatial resolution for P2VP and
polystyrene PS polymers. For the multimodal imaging with an AFM/MS system, Ovchinnikova et
al.. illustrated a phase-separated PS/P2VP system using multiple imaging modalities provided by
the AFM (topography and band excitation nanomechanical), followed by the chemical imaging of
thermally desorbed material in the MS (Figure 10).14?
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Figure 10. Co-registered AFM (a) pre-pyrolysis topography image, (b) BE elastic modulus image, (c) post-pyrolysis
topography image, and (d) mass spectrometry chemical image for m/z 106, obtained from an ~500 nm thick thin film
of phase-separated PS/P2VP blend. The color scale for the topography goes from dark to light, which is proportional
to an increase in relative surface height. Highlighted ovals in panels (b), (c), and (d) indicate areas where the AFM
topography, elastic modulus, and mass spectrometry images differ in terms of the presence of P2VP. Reprinted with
permission from reference 142 Ovchinnikova, O. S.; Tai, T. M.; Bocharova, V.; Okatan, M. B.; Belianinov, A.;
Kertesz, V.; Jesse, S.; Van Berkel, G. J., Co-Registered Topographical, Band Excitation Nanomechanical, and Mass
Spectral Imaging Using a Combined Atomic Force Microscopy/Mass Spectrometry Platform. 4CS Nano 2015, 9,
4260-4269. Copyright (2018) American Chemical Society.

In summary, multimodal platforms where mass spectrometry imaging is combined with other

scanning probe microscopy techniques allows a significant extension of capabilities for chemical



characterization and correlation of chemical phenomena with structural and physical properties. In
addition to classical optics, and scanning probe systems incorporated into combinatorial MS

systems, tools featuring nonlinear optical microscopy components are gaining popularity.

Nonlinear Optical Microscopy

Nonlinear optical spectroscopies have now been used for several decades to probe chemical and
physical phenomena in systems spanning small molecules,'#-145 proteins,!46-148  complex
materials,'#-13! and interfaces.!”>!>5 The foundation of any nonlinear method lies in multiple
interactions between the sample and the incident radiation driven by the high intensity of a laser
that is often pulsed. It is through these multiple light-matter interactions that access to ultrafast
dynamics, or surface selective chemistry, which are not available using linear optical methods, is
obtained. These methods thereby provide a direct view of the underlying physical and/or chemical
processes at play. Despite the great advances in fundamental understanding, traditionally
ensemble spectroscopic probes report spatially averaged information. In many cases however,
heterogeneity on the nano- and mesoscales is critical to the function and performance of these
sample systems. As such, there has been a push to apply nonlinear optical methods to microscopic
platforms to obtain both chemically selective and time-resolved information from spatially
heterogeneous and chemically complex samples. By far, the most common form of nonlinear
microscopy is two-photon fluorescence microscopy, which has found greatest utility in biological
imaging applications.!>%15° This technique takes advantage of two-photon transitions to populate
an electronic excited state from which a photon is emitted and recorded at a given spatial location.
This approach is the nonlinear analog of confocal fluorescence microscopy, but boasts superior
penetrating power, reduced photobleaching, and intrinsic longitudinal sectioning.!>6-158 These
methods tend to rely on an assortment of stains/dyes that are designed to target specific regions of
a system, %0 16! say in a cellular membrane,!9? and thus provide contrast based on where the labels
are localized and can emit light. These approaches have also found utility in imaging domains and
local ordering in light harvesting materials without the need for labels.'®* While widely used, these
methods rely on the emission of light, which in many cases necessitates staining procedures or the
study of materials with appreciable quantum yields, thereby limiting the overall utility. To address

these limitations, complimentary suites of nonlinear optical microscopies have been developed to



probe native species in complex heterogeneous samples without the need for chemical labels or
dyes. These can be categorized as even-order techniques that are sensitive to the molecules at an
interfacial monolayer or to chiral assemblies of molecules- e.g., Second Harmonic Generation
(SHG)?% 164170 and Sum-frequency Generation (SFG),!%! 171-175 and odd-ordered methods that
probe molecular resonances in the bulk material - e.g., Coherent Anti-Stokes Raman Scattering
(CARS),!76-179 Stimulated Raman Scattering (SRS),!8% 181 and Transient Absorption Microscopy
(TAM).182-188 Note that this is not an exhaustive list but is rather a compilation of those most

commonly found in the literature.

As an example, both CARS and SRS microscopies have revolutionized the way in which
vibrational chemical images are taken. Traditional linear Raman microscopes rely on a weak
Raman scattering process, which limits the time and fidelity at which a chemical map can be
obtained. In contrast, using coherent nonlinear approaches, Raman signals can be greatly
enhanced allowing for chemical images to be obtained at video rate,!8% 18! or for the dynamics of
a single molecules tracked in time.!”” SHG imaging methods have been developed and applied to
probe interfacial or chiral species.®> 194170 Due to symmetry considerations, only species in non-
centrosymmetric environments (i.e., interfaces) or chiral species can produce appreciable SHG
signals, thus making it an ideal tool for imaging interfacial phenomena and biological systems.
Through staining procedures, SHG methods can provide insight in local electric fields complex
systems such as neurons.'%> 166 Extension of SHG imaging to SFG microscopy has been reported
in a several different geometries with samples studied ranging from biological systems to complex
matrerials. !0 171-175 - Of particular note, is the recent development of compressive sensing SFG
microscopy, which leverages efficient means to acquisition hyperspectral images with relatively
minor modifications to a conventional SFG spectrometer.'’> 173 It is expected that approaches
using compressive sensing will revolutionize the field of nonlinear microscopy by allowing
chemical images to be obtained using established spectroscopic protocols, while providing

microscopic insight.

In parallel, approaches using intrinsic time-domain responses as a source of chemical contrast have
appeared in the literature.!881°4 These approaches extend Fluorescence Lifetime Imaging
Microscopy (FLIM) techniques,'®> where the temporal responses of excited states species can

provide contrast between areas of disparate chemical speciation or environments while



simultaneously providing access to excited state photochemical dynamics. A distinguishing
feature of transient absorption microscopies (also known as pump-probe microscopy!“?) is the use
of multiple laser pulses to excite and probe species at controllable ultrafast (fs-ps) time delays to
produce a 3D-image stack as shown in Figure 11. By exciting and probing the system at very early
time delays, access to a whole realm of information is obtained, including the dynamics of excitons,
motions of charge carriers, and local chemical makeup, to name a few examples. Additionally,
since the probe pulse carries the relevant optical signals, one does not rely on emission of the
sample thus allowing for native non-fluorescent samples to be imaged'®? at sub-diffraction limited

spatial resolutions with sub 100 fs temporal resolutions.
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Figure 11. (a) Near-field pump—probe time traces recorded on different positions on a microcrystal (red, positions

indicated in panel b), together with full time traces extracted from a series of spatiotemporal images (blue, images and
positions shown in panel b). (b) Set of images showing spatial and temporal variations in the IMT dynamics of a single

VO2 microcrystal. (c) Line profiles for several pump—probe time delays across the microcrystal shown in panel b.



Reprinted with permission from reference 196, Donges, S. A.; Khatib, O.; O'Callahan, B. T.; Atkin, J. M.; Park, J. H.;
Cobden, D.; Raschke, M. B., Ultrafast Nanoimaging of the Photoinduced Phase Transition Dynamics in Vo2. Nano
Lett. 2016, 16, 3029-3035. Copyright (2018) American Chemical Society.

Pioneering work by the Warren group demonstrated this capability through selective probing and
characterization of cancerous tissues.!”> ¢ By selectively exciting species and probing the
ultrafast dynamics in time, they were able to differentiate between species having indistinguishable
absorption spectra by using only the ultrafast responses. In this way they were able to spatially
localize the distributions of eumelanin and pheomelanin in skin lesions without chemical labels.!*
These approaches have even been applied to fine art, in the characterization of pigments in
paintings in a non-destructive manner.!*” TAM has also found numerous applications to materials
systems where insight into photophysical phenomena in spatially heterogeneous materials is
generally lacking. For instance, work probing lead halide perovskites, also extensively studied by
scanning probes!'?%-201 used the temporal response at distinct spatial locations to characterize the
photoexcited state species that were created (Figure 12) !°! This, and related work, demonstrated
that a coexistence of charge carriers and excitons is present in these materials.!8-1°1  Other
examples of the utility of TAM based microscopies make use of spatially offset probe pulses!®>
202,203 to track the motions of carriers as they move though a material in space and time. This
powerful approach provides a movie of excited state processes evolving on native time and length
scales, which holds promise in understanding photo physics in spatially heterogeneous and

chemically complex materials.
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Figure 12. TAM images acquired for the same area of the pristine CH3NH3PbI3 (a), CH3NH3PbI3/PCBM (b), and
CH3NH3PbI3/ Spiro-OMeTAD (c) samples at five different delay time delays. Scale bars are 5 um. The color bars
encode the variation in TAM signal and sign. Adapted with permission from 204, Simpson, M. J.; Doughty, B.; Yang,
B.; Xiao, K.; Ma, Y. Z., Spatial Localization of Excitons and Charge Carriers in Hybrid Perovskite Thin Films. J.
Phys. Chem. Lett. 2015, 6, 3041-3047. Copyright (2018) American Chemical Society.

While TAM methods provide excellent sensitivity to ultrafast electronic processes, it is
morphologically blind. This lack of morphological information can limit interpretations regarding
photophysical processes based on challenges in correlating material structure to emission
intensities or TAM images collected on different platforms. To circumvent this, multimodal
approaches to TAM have been developed by combining linear photoluminescence (PL),2%
transmission, and confocal reflectance microscopies into a single platform.?%° By collecting a
multidimensional dataset using the same laser system at the same sample location, insight into how
morphology and film thickness impact the ultrafast and exit channel dynamics (TAM and PL
imaging, respectively) can be obtained. For instance, from a correlation analysis of four different

optical modalities, it was shown that in mixed perovskite thin films PL originates predominantly



from the first few layers of the film, whereas the TAM measurements probe predominantly bulk

excited state processes.?%

Through the combination of the various linear and nonlinear optical methods described above that
use the same microscopic platform a more complete picture of the sample can be obtained than
using any individual approach. That being said, challenges in processing and developing physical
insight these large multidimensional datasets, often with different resolutions, bin sizes, etc....,
exist and remain to be addressed as chemical imaging methods continue to grow. Coupling of these
optical methods to scanning probe??7- 208 or electron microscopy methods??® 219 has also attracted
attention and remains an avenue for continued development. For instance, using near-field optical
excitation for the probing the sample for the visualization and spectroscopic characterization of a
vast variety of nano materials, from semiconducting nanoparticles to polymer thin films to
sensitive measurements of single molecules (Figure 13). In addition, it can be conducted in non-
contact mode, producing high-resolution measurements at ambient conditions. Such non-linear
optical properties of materials as nonlinear excited state absorption and stimulated Raman
vibrational transitions can be locally measured by these approaches. The ultimate goal would be
to push the temporal and spatial limits of both optical and scanning probe/electron microscopy

methods to address scientific questions at the extremes of space and time.
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Figure 13. (a) Schematic of the pump—probe excitation of SiNc. (b) Time-resolved excited state absorption measured
with PiFM (solid dots) and with optical pump—probe microscopy (solid line). (¢) Topography (top) and PiFM signal
amplitude (bottom) of a nanocluster measured at different time delay settings of the probe pulse. Reprinted with
permission from reference 211, Jahng, J.; Fishman, D. A.; Park, S.; Nowak, D. B.; Morrison, W. A.; Wickramasinghe,
H. K.; Potma, E. O., Linear and Nonlinear Optical Spectroscopy at the Nanoscale with Photoinduced Force
Microscopy. Acc. Chem. Res. 2015, 48, 2671-2679. Copyright (2018) American Chemical Society.

Multimodal and multidimensional data analysis



Over the last two decades, developments in the characterization equipment have significantly
increased the size and the quality of data produced by experimental techniques.?!?-217 Improved
detectors, a rise in multimodal tools — machines capable of probing different material properties,
and clever uses of metadata have underwritten the growth of collected and stored data.
Interestingly, this trend in scientific data growth follows classification devised by IBM in 2012218
for big data on the web, shown in Figure 14, and is reflected in a wide variety of common
characterization techniques, e.g. scanning probe microscopy; with data volumes and
computational complexity reflected in Figure 14(b, c), as well as scanning transmission electron
microscopy, mass spectrometry, and many others. Terabytes of scientific data in biological and
material sciences are now common beyond monolithic tools like accelerators and beam lines; the
data is mixed between structured and unstructured, and many detectors and devices are moving to
storing data streams as opposed to data batches. Unfortunately, analysis approaches have largely

lagged behind this growth, or remained static altogether.?!%- 220
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Figure 14. Data set size and computational power evolution. (a) IBM’s characterization of Big Data — Volume,
Variety, Velocity, or V3. (b) Evolution of multidimensional data sets in scanning probe microscopy and their sizes
over the last decade. Acronym list: BE, band excitation; SSPFM, switching spectroscopy piezoresponse force
microscopy; TR PFM, time resolved piezoresponse force microscopy; BE SSPFM, band excitation piezoresponse
force microscopy; TR BE, time resolved band excitation; FORC, first-order reversal curve. (c)Typical
processing/acquisition time (smaller value is better) on a laptop, desktop, and cluster for multidimensional data sets.
Hardware configurations were assumed as follows: laptop - 4-core processor, 8 GB of RAM, integrated video, and 1
hard drive approximately 1 TB of space; desktop - 12-core processor, 32 GB RAM, dedicated video, 2 hard drives, 4
TB of space; cluster - 10 nodes, each node with 8 processors at 8 cores, 20 GB of RAM, 160 GB storage space.
Adopted with permission from 221, under an Open Access article distributed under the terms of the Creative Commons

Attribution License. Copyright Springer 2018.
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Advances in machine learning brought significant developments to multiple areas of science and
engineering, specifically image processing,???> with perhaps autonomous vehicle technology
leading the charge.??> While the aspects of image processing and machine learning have already
begun appearing in areas of microscopy,>?4*?’ the underpinning aspects of what makes machine
learning so attractive to scientists is the ability to make sense of seemingly disconnected pieces of
data; potentially coming from a wide variety of sources, at various rates, resolutions, and reflective

of different material properties.??8

This is promising for chemical imaging, where many of the collected data, or data descriptors,
contain correlated information on structure and property of the specimen. While the analysis of
these data has traditionally followed a qualitative and manual approach, the veracity and volume
of data produced by modern multimodal instrumentation either preclude such methods, or
significantly hampers the processing rate. Nonetheless, manual, or semi-automated approaches
have proven to be successful in relatively high-volume data environments combining multimodal
information to present a fuller picture of material composition and exhibited properties. 42 229-232
More advanced approaches, leveraging deep learning, are less common, but are now gaining
popularity.?33-23> Nevertheless, the penetration of machine learning into scientific and industrial
areas reliant on multimodal tools, and combinatorial data approaches remain slow. In addition,
machine learning enables high-throughput processing of experimental data from multiple sources
through the data fusion (Figure 15). This approach boosts the capability to generate complex
insights about composition and structure or the sample by improving the quality of the image as

well as deriving connections between various sample properties on a fundamental level.

This trend reflects several challenges complicating direct adaptability of data analytics to
multimodal problems in science and engineering. While many in their respective fields have
achieved a considerable degree of sophistication in the use of respective experimental, theoretical
and computational tools, the overlap between these communities is small. This problem is
exacerbated by a lack of a common language and philosophy and will likely necessitate extensive
cross-disciplinary training. Furthermore, big- and deep-data approaches, implying knowledge
extraction from data, greatly benefit from universal, centralized, or distributed databases and
repositories. This requires information exchange between researchers, requiring the development

of infrastructure, adoption of compatible and potentially universal data formats, and addressing



inevitable intellectual property and socio-cultural issues. Private entities like Citrine Informatics,
have already begun to fill these gaps proving that there is a viable pathway towards centralizing

and standardizing scientific information.

Perhaps the most compelling evidence for feasibility of large-scale processing and machine
learning in science and engineering comes from areas that have long embraced the potential of
these tools and have shown their practicality. Data analytics have been long established in the
materials modelling community, starting with chemometrics and on to computation and correlation
of response functions with experimental data. In fact, the argument could be made that rapid
advances in quantum density functional theory, was a grassroots moment for the concept of
computational-based materials by design.?3¢ Early efforts that utilized the power of supervised and
unsupervised neural networks, genetic and evolutionary algorithms, along with graph theory and
statistics-based methods demonstrated capabilities, even though the data available at that time was
modest compared with the volumes accessible today.??”> 238 These success stories, advances in
experimental techniques, and availability of high-quality information, as well as notable advances
in high-performance computing,?*® offer a clear roadmap to the required capabilities for better

scientific data analysis and bridge technologies across various disciplines.
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Figure 15. An ion image measured in mouse brain, describing the distribution of m/z 778.5 (identified as
lipid PE(P-40:4)) at 100-um spatial resolution (top right), is integrated with an H&E microscopy image
measured from the same tissue sample at 10-pm resolution (top left). By combining the information from
both image types, the image fusion process can predict the ion distribution of m/z 778.5 at 10-um resolution
(bottom). Reprinted by permission from Springer Nature reference 240, Van de Plas, R.; Yang, J.; Spraggins,
J.; Caprioli, R. M., Image Fusion of Mass Spectrometry and Microscopy: A Multimodality Paradigm for
Molecular Tissue Mapping. Nature methods 2015, 12, 366. Copyright Nature Methods 2018.



Conclusions

Chemical analysis at the nanoscale is critical to progress in the fields of biology, medicine, and
material science. Complicated processes like cellular signal transduction, pharmaceutical
discovery, and trace element characterization in nanoelectronics, require nanometer-resolved
multimodal chemical and physical analysis. This subsequently drives the need for analytical tools
offering higher sensitivity, and detailed chemical information coupled to high spatial resolution
modes. The trend is beginning to be recognized by equipment manufacturers and is evidenced by
the development of several platforms. Much attention has been focused on combining chemically
sensitive techniques with high spatial resolution techniques such as scanning probes, optical
microscopy, and electron/ion systems. Developing multimodal imaging approaches and
interrogating multiple properties on a single platform circumvents many technical issues
associated with sample preparation, transfer and storage. Furthermore, these combinatorial
techniques generate multidimensional data sets, which are expected to grow; and contain data as a
function of constantly increasing number of parameters such as time, temperature, bias, light and
other external stimuli. From the technical aspect moving towards single platforms can significantly
reduce the complexity associated with intermediary data processing and visualization steps, as well
as data provenance. Effective approaches to dimensionality reduction, scalable algorithms, high
performance computing, and cloud infrastructure still need to be widely and uniformly
implemented for scientific use. Nonetheless, multimodal chemical imaging systems already offer
a glimpse of powerful capabilities offered by extracting additional information from cross
correlating and combinatorial processing of the captured material signals. Going forward we will
without a doubt see an emergence of more complex processing capabilities (likely through the use
of support vector machines and supervised learning methods) as well as significant breakthroughs

in multimodal hardware capable of capturing even more independent channels of information.

Acknowledgements: The research conducted by A. B, A. V. I, N. B, S. K. and O. S. O. was
sponsored by the Center for Nanophase Materials Sciences, which is a DOE Office of Science
User Facility. The research for B.D. and M. L. was sponsored by the Laboratory Directed Research
and Development Program of Oak Ridge National Laboratory, managed by UT-Battelle, LLC, for



the U.S. Department of Energy. B.D. would like to acknowledge useful conversations with Tessa

R. Calhoun.



References

1. Mohmood, |.; Lopes, C. B.; Lopes, |.; Ahmad, |.; Duarte, A. C.; Pereira, E., Nanoscale Materials
and Their Use in Water Contaminants Removal—a Review. Environ. Sci. Pollut. Res. 2013, 20, 1239-1260.
2. Sanguansri, P.; Augustin, M. A., Nanoscale Materials Development—a Food Industry Perspective.
Trends Food Sci. Technol. 2006, 17, 547-556.

3. Liu, H.; Webster, T. J.,, Nanomedicine for Implants: A Review of Studies and Necessary
Experimental Tools. Biomaterials 2007, 28, 354-369.

4, Sanchez, F.; Sobolev, K., Nanotechnology in Concrete—a Review. Constr. Build. Mater. 2010, 24,
2060-2071.

5. Zhang, W.-x., Nanoscale Iron Particles for Environmental Remediation: An Overview. J.
Nanopart. Res. 2003, 5, 323-332.

6. Giessibl, F. J., Atomic Resolution of the Silicon (111)-(7x7) Surface by Atomic Force Microscopy.
Science 1995, 267, 68-71.

7. Jesse, S.; Vasudevan, R.; Collins, L.; Strelcov, E.; Okatan, M. B.; Belianinov, A.; Baddorf, A. P.;
Proksch, R.; Kalinin, S. V., Band Excitation in Scanning Probe Microscopy: Recognition and Functional
Imaging. Annu. Rev. Phys. Chem. 2014, 65, 519-536.

8. Goldstein, J. I.; Newbury, D. E.; Michael, J. R.; Ritchie, N. W.; Scott, J. H. J.; Joy, D. C., Scanning
Electron Microscopy and X-Ray Microanalysis. Springer: 2017.
9, Hecht, B.; Sick, B.; Wild, U. P.; Deckert, V.; Zenobi, R.; Martin, O. J.; Pohl, D. W., Scanning near-

Field Optical Microscopy with Aperture Probes: Fundamentals and Applications. J. Chem. Phys. 2000,
112,7761-7774.

10. Huang, B.; Bates, M.; Zhuang, X., Super-Resolution Fluorescence Microscopy. Annu. Rev.
Biochem. 2009, 78, 993-1016.

11. Rust, M. J.; Bates, M.; Zhuang, X., Sub-Diffraction-Limit Imaging by Stochastic Optical
Reconstruction Microscopy (Storm). Nat. Methods 2006, 3, 793.

12. Williams, D. B.; Carter, C. B., The Transmission Electron Microscope. In Transmission Electron
Microscopy, Springer: 1996; pp 3-17.

13. Browning, N.; Chisholm, M.; Pennycook, S., Atomic-Resolution Chemical Analysis Using a
Scanning Transmission Electron Microscope. Nature 2006, 444, 235.

14. Egerton, R. F., Electron Energy-Loss Spectroscopy in the Electron Microscope. Springer Science &
Business Media: 2011.

15. Lasch, P.; Naumann, D., Spatial Resolution in Infrared Micro Spectroscopic Imaging of Tissues.

BBA — Biomembranes 2006, 1758, 814-829.

16. Prats-Mateu, B.; Gierlinger, N., Tip in-Light On: Advantages, Challenges, and Applications of
Combining Afm and Raman Microscopy on Biological Samples. Microsc. Res. Tech. 2017, 80, 30-40.

17. Yan, B.; Gremlich, H. U., Role of Fourier Transform Infrared Spectroscopy in the Rehearsal Phase
of Combinatorial Chemistry: A Thin-Layer Chromatography Equivalent for on-Support Monitoring of
Solid-Phase Organic Synthesis. J. Chromatogr. B 1999, 725, 91-102.

18. Koropecki, R. R.; Arce, R. D.; Schmidt, J. A., Photo-Oxidation Effects in Porous Silicon
Luminescence. Phys. Rev. B 2004, 69, 6.

19. Sandlobes, S.; Senk, D.; Sancho, L.; Diaz, A., In-Situ Measurement of Co- and Co2-Concentrations
in Bof Off-Gas. Steel Res. Int. 2011, 82, 632-637.

20. Harrington, J. A., A Review of Ir Transmitting, Hollow Waveguides. Fiber Integr. Opt. 2000, 19,
211-227.

21. Cann, P. M.; Spikes, H. A., In-Contact Ir Spectroscopy of Hydrocarbon Lubricants. Tribol. Lett.
2005, 19, 289-297.



22. Miller, L. M.; Vairavamurthy, V.; Chance, M. R.; Mendelsohn, R.; Paschalis, E. P.; Betts, F.;
Boskey, A. L., In situ Analysis of Mineral Content and Crystallinity in Bone Using Infrared Micro-
Spectroscopy of the V(4) Po43- Vibration. BBA — General Subjects 2001, 1527, 11-19.

23. Lisovskyy, I. P.; Litovchenko, V. G.; Mazunov, D. O.; Kaschieva, S.; Koprinarova, J.; Dmitriev, S. N.,
Infrared Spectroscopy Study of Si-Sio2 Structures Irradiated with High-Energy Electrons. J. Optoelectron.
Adv. Mater. 2005, 7, 325-328.

24. Dazzi, A.; Prater, C. B., Afm-Ir: Technology and Applications in Nanoscale Infrared Spectroscopy
and Chemical Imaging. Chem. Rev. 2016, 117, 5146-5173.
25. Pollard, B.; Raschke, M. B., Correlative Infrared Nanospectroscopic and Nanomechanical Imaging

of Block Copolymer Microdomains. Beilstein J. Nanotechnol. 2016, 7, 605-612.

26. Ding, S.Y.;Yi, J.; Li, J. F.; Ren, B.; Wu, D. Y.; Panneerselvam, R.; Tian, Z. Q., Nanostructure-Based
Plasmon-Enhanced Raman Spectroscopy for Surface Analysis of Materials. Nat. Rev. Mater. 2016, 1, 16.
27. Cricenti, A.; Generosi, R.; Luce, M.; Perfetti, P.; Margaritondo, G.; Talley, D.; Sanghera, J. S.;
Aggarwal, I. D.; Tolk, N. H.; Congiu-Castellano, A.; Rizzo, M. A.; Piston, D. W., Chemically Resolved
Imaging of Biological Cells and Thin Films by Infrared Scanning near-Field Optical Microscopy. Biophys. J.
2003, 85, 2705-2710.

28. Huth, F.; Govyadinov, A.; Amarie, S.; Nuansing, W.; Keilmann, F.; Hillenbrand, R., Nano-Ftir
Absorption Spectroscopy of Molecular Fingerprints at 20 Nm Spatial Resolution. Nano Lett. 2012, 12,
3973-3978.

29. Verma, P., Tip-Enhanced Raman Spectroscopy: Technique and Recent Advances. Chem. Rev.
2017, 117, 6447-6466.
30. Taguchi, A., Plasmonic Tip for Nano Raman Microcopy: Structures, Materials, and Enhancement.

Opt. Rev. 2017, 24, 462-469.

31. Schmid, T.; Opilik, L.; Blum, C.; Zenobi, R., Nanoscale Chemical Imaging Using Tip-Enhanced
Raman Spectroscopy: A Critical Review. Angew. Chem. Int. Ed. Engl. 2013, 52, 5940-5954.

32. Stadler, J.; Schmid, T.; Zenobi, R., Nanoscale Chemical Imaging of Single-Layer Graphene. ACS
Nano 2011, 5, 8442-8448.

33. Xue, L. J.; Li, W. Z.; Hoffmann, G. G.; Goossens, J. G. P.; Loos, J.; de With, G., High-Resolution
Chemical Identification of Polymer Blend Thin Films Using Tip-Enhanced Raman Mapping.
Macromolecules 2011, 44, 2852-2858.

34, Shao, F.; Muller, V.; Zhang, Y.; Schluter, A. D.; Zenobi, R., Nanoscale Chemical Imaging of
Interfacial Monolayers by Tip-Enhanced Raman Spectroscopy. Angew. Chem. Int. Ed. Engl. 2017, 56,
9361-9366.

35. Lee, N.; Hartschuh, R. D.; Mehtani, D.; Kisliuk, A.; Maguire, J. F.; Green, M.; Foster, M. D.;
Sokolov, A. P., High Contrast Scanning Nano-Raman Spectroscopy of Silicon. J. Raman Spectrosc. 2007,
38, 789-796.

36. Marquestaut, N.; Talaga, D.; Servant, L.; Yang, P.; Pauzauskie, P.; Lagugne-Labarthet, F., Imaging
of Single Gan Nanowires by Tip-Enhanced Raman Spectroscopy. J. Raman Spectrosc. 2009, 40, 1441-
1445,

37. Ogawa, Y.; Yuasa, Y.; Minami, F.; Oda, S., Tip-Enhanced Raman Mapping of a Single Ge
Nanowire. Appl. Phys. Lett. 2011, 99, 3.

38. Bohme, R.; Cialla, D.; Richter, M.; Rosch, P.; Popp, J.; Deckert, V., Biochemical Imaging Below the
Diffraction Limit--Probing Cellular Membrane Related Structures by Tip-Enhanced Raman Spectroscopy
(Ters). J. Biophotonics 2010, 3, 455-461.

39. Jiang, S.; Zhang, X. B.; Zhang, Y.; Hu, C. R.; Zhang, R.; Zhang, Y.; Liao, Y.; Smith, Z. J.; Dong, Z. C,;
Hou, J. G., Subnanometer-Resolved Chemical Imaging Via Multivariate Analysis of Tip-Enhanced Raman
Maps. Light: Sci. Appl. 2017, 6, e17098.



40. Pozzi, E. A.; Sonntag, M. D.; Jiang, N.; Klingsporn, J. M.; Hersam, M. C.; Van Duyne, R. P., Tip-
Enhanced Raman Imaging: An Emergent Tool for Probing Biology at the Nanoscale. ACS Nano 2013, 7,
885-888.

41. Dazzi, A.; Saunier, J.; Kjoller, K.; Yagoubi, N., Resonance Enhanced Afm-Ir: A New Powerful Way
to Characterize Blooming on Polymers Used in Medical Devices. Int. J. Pharm. 2015, 484, 109-114.

42, Jin, M. Z,; Lu, F.; Belkin, M. A., High-Sensitivity Infrared Vibrational Nanospectroscopy in Water.
Light: Sci. Appl. 2017, 6, e17096.

43, Chae, J.; An, S.; Ramer, G.; Stavila, V.; Holland, G.; Yoon, Y.; Talin, A. A.; Allendorf, M.; Aksyuk, V.
A.; Centrone, A., Nanophotonic Atomic Force Microscope Transducers Enable Chemical Composition and
Thermal Conductivity Measurements at the Nanoscale. Nano Lett. 2017, 17, 5587-5594.

44, Hinrichs, K.; Shaykhutdinov, T., Polarization-Dependent Atomic Force Microscopy-Infrared
Spectroscopy (Afm-Ir): Infrared Nanopolarimetric Analysis of Structure and Anisotropy of Thin Films and
Surfaces. Appl. Spectrosc. 2018, 72, 817-832.

45, Tang, F. G.; Bao, P. T.; Roy, A.; Wang, Y. X.; Su, Z. H., In-Situ Spectroscopic and Thermal Analyses
of Phase Domains in High-Impact Polypropylene. Polymer 2018, 142, 155-163.

46. Tang, F. G.; Bao, P. T.; Su, Z. H., Analysis of Nanodomain Composition in High-Impact
Polypropylene by Atomic Force Microscopy-Infrared. Anal. Chem. 2016, 88, 4926-4930.

47. Brown, P. S.; Bhushan, B., Durable, Superoleophobic Polymer-Nanoparticle Composite Surfaces
with Re-Entrant Geometry Via Solvent-Induced Phase Transformation. Sci. Rep. 2016, 6.

48, Morsch, S.; Kefallinou, Z.; Liu, Y. W.; Lyon, S. B.; Gibbon, S. R., Controlling the Nanostructure of
Epoxy Resins: Reaction Selectivity and Stoichiometry. Polymer 2018, 143, 10-18.

49, Cui, Z.; Coletta, C.; Rebois, R.; Baiz, S.; Gervais, M.; Goubard, F.; Aubert, P.-H.; Dazzi, A.; Remita,
S., Radiation-Induced Reduction—Polymerization Route for the Synthesis of Pedot Conducting Polymers.
Radiat. Phys. Chem. 2016, 119, 157-166.

50. Floresyona, D.; Goubard, F.; Aubert, P. H.; Lampre, I.; Mathurin, J.; Dazzi, A.; Ghosh, S.; Beaunier,
P.; Brisset, F.; Remita, S.; Ramos, L.; Remita, H., Highly Active Poly(3-Hexylthiophene) Nanostructures for
Photocatalysis under Solar Light. Appl. Catal., B 2017, 209, 23-32.

51. Mikhalchan, A.; Banas, A. M.; Banas, K.; Borkowska, A. M.; Nowakowski, M.; Breese, M. B. H.;
Kwiatek, W. M.; Paluszkiewicz, C.; Tay, T. E., Revealing Chemical Heterogeneity of Cnt Fiber
Nanocomposites Via Nanoscale Chemical Imaging. Chem. Mater. 2018, 30, 1856-1864.

52. Dazzi, A.; Prater, C. B.; Hu, Q. C.; Chase, D. B.; Rabolt, J. F.; Marcott, C., Afm-Ir: Combining
Atomic Force Microscopy and Infrared Spectroscopy for Nanoscale Chemical Characterization. Appl.
Spectrosc. 2012, 66, 1365-1384.

53. Clede, S.; Lambert, F.; Sandt, C.; Kascakova, S.; Unger, M.; Harte, E.; Plamont, M. A.; Saint-Fort,
R.; Deniset-Besseau, A.; Gueroui, Z.; Hirschmugl, C.; Lecomte, S.; Dazzi, A.; Vessieres, A.; Policar, C.,
Detection of an Estrogen Derivative in Two Breast Cancer Cell Lines Using a Single Core Multimodal
Probe for Imaging (Scompi) Imaged by a Panel of Luminescent and Vibrational Techniques. Analyst 2013,
138, 5627-5638.

54, Kochan, K.; Peng, H.; Wood, B. R.; Haritos, V. S., Single Cell Assessment of Yeast Metabolic
Engineering for Enhanced Lipid Production Using Raman and Afm-Ir Imaging. Biotechnol. Biofuels 2018,
11, 106.

55. Pancani, E.; Mathurin, J.; Bilent, S.; Bernet-Camard, M.-F.; Dazzi, A.; Deniset-Besseau, A.; Gref,
R., High-Resolution Label-Free Detection of Biocompatible Polymeric Nanoparticles in Cells. Part. Part.
Syst. Charact. 2018, 35, 1700457.

56. Gourion-Arsiquaud, S.; Marcott, C.; Hu, Q. C.; Boskey, A. L., Studying Variations in Bone
Composition at Nano-Scale Resolution: A Preliminary Report. Calcif. Tissue Int. 2014, 95, 413-418.



57. Paluszkiewicz, C.; Piergies, N.; Chaniecki, P.; Rekas, M.; Miszczyk, J.; Kwiatek, W. M.,
Differentiation of Protein Secondary Structure in Clear and Opaque Human Lenses: Afm - Ir Studies. J.
Pharm. Biomed. Anal. 2017, 139, 125-132.

58. Yuan, Y. B.; Chae, J.; Shao, Y. C.; Wang, Q.; Xiao, Z. G.; Centrone, A.; Huang, J. S., Photovoltaic
Switching Mechanism in Lateral Structure Hybrid Perovskite Solar Cells. Adv. Energy Mater. 2015, 5.

59. Masyuko, R.; Lanni, E. J.; Sweedler, J. V.; Bohn, P. W., Correlated Imaging - a Grand Challenge in
Chemical Analysis. Analyst (Cambridge, U. K.) 2013, 138, 1924-1939.

60. Tai, T.; Karacsony, O.; Bocharova, V.; Van Berkel, G. J.; Kertesz, V., Topographical and Chemical
Imaging of a Phase Separated Polymer Using a Combined Atomic Force Microscopy/Infrared
Spectroscopy/Mass Spectrometry Platform. Anal. Chem. 2016, 88, 2864-2870.

61. Ogrinc Potocnik, N.; Porta, T.; Becker, M.; Heeren, R. M.; Ellis, S. R., Use of Advantageous,
Volatile Matrices Enabled by Next-Generation High-Speed Matrix-Assisted Laser Desorption/lonization
Time-of-Flight Imaging Employing a Scanning Laser Beam. Rapid Commun. Mass Spectrom. 2015, 29,
2195-2203.

62. Ryan, D. J.; Nei, D.; Prentice, B. M.; Rose, K. L.; Caprioli, R. M.; Spraggins, J. M., Protein
Identification in Imaging Mass Spectrometry through Spatially Targeted Liquid Micro-Extractions. Rapid
Commun. Mass Spectrom. 2017.

63. Theron, L.; Centeno, D.; Coudy-Gandilhon, C.; Pujos-Guillot, E.; Astruc, T.; Remond, D.;
Barthelemy, J. C.; Roche, F.; Feasson, L.; Hebraud, M.; Bechet, D.; Chambon, C., A Proof of Concept to
Bridge the Gap between Mass Spectrometry Imaging, Protein Identification and Relative Quantitation:
Msi~Lc-Ms/Ms-Lf. Proteomes 2016, 4.

64. Stauber, J.; MacAleese, L.; Franck, J.; Claude, E.; Snel, M.; Kaletas, B. K.; Wiel, I. M.; Wisztorski,
M.; Fournier, |.; Heeren, R. M., On-Tissue Protein Identification and Imaging by Maldi-lon Mobility Mass
Spectrometry. J. Am. Soc. Mass. Spectrom. 2010, 21, 338-347.

65. Debois, D.; Bertrand, V.; Quinton, L.; De Pauw-Gillet, M. C.; De Pauw, E., Maldi-in Source Decay
Applied to Mass Spectrometry Imaging: A New Tool for Protein Identification. Anal. Chem. 2010, 82,
4036-4045.

66. Alonso, A.; Marsal, S.; Julia, A., Analytical Methods in Untargeted Metabolomics: State of the Art
in 2015. Front. Bioeng. Biotechnol. 2015, 3, 23.

67. Vikingsson, S.; Green, H., Putting Designer Drugs Back in Pandora's Box: Analytical Challenges
and Metabolite Identification. Clin. Chem. (Washington, DC, U. S.) 2016, 62, 4-5.

68. Xiao, J. F.; Zhou, B.; Ressom, H. W., Metabolite Identification and Quantitation in Lc-Ms/Ms-
Based Metabolomics. TrAC, Trends Anal. Chem. 2012, 32, 1-14.

69. Monroe, E. B.; Annangudi, S. P.; Hatcher, N. G.; Gutstein, H. B.; Rubakhin, S. S.; Sweedler, J. V.,
Sims and Maldi Ms Imaging of the Spinal Cord. Proteomics 2008, 8, 3746-3754.

70. Lanni, E. J.; Dunham, S. J. B.; Nemes, P.; Rubakhin, S. S.; Sweedler, J. V., Biomolecular Imaging
with a C60-Sims/Maldi Dual lon Source Hybrid Mass Spectrometer: Instrumentation, Matrix
Enhancement, and Single Cell Analysis. J. Am. Soc. Mass Spectrom. 2014, 25, 1897-1907.

71. Lanni, E. J.; Masyuko, R. N.; Driscoll, C. M.; Dunham, S. J. B.; Shrout, J. D.; Bohn, P. W.; Sweedler,
J. V., Correlated Imaging with C60-Sims and Confocal Raman Microscopy: Visualization of Cell-Scale
Molecular Distributions in Bacterial Biofilms. Anal. Chem. (Washington, DC, U. S.) 2014, 86, 10885-
10891.

72. Baig, N. F.; Dunham, S. J. B.; Morales-Soto, N.; Shrout, J. D.; Sweedler, J. V.; Bohn, P. W.,
Multimodal Chemical Imaging of Molecular Messengers in Emerging Pseudomonas Aeruginosa Bacterial
Communities. Analyst (Cambridge, U. K.) 2015, 140, 6544-6552.

73. Amstalden van Hove, E. R.; Blackwell, T. R.; Klinkert, 1.; Eijkel, G. B.; Heeren, R. M. A,; Glunde, K.,
Multimodal Mass Spectrometric Imaging of Small Molecules Reveals Distinct Spatio-Molecular
Signatures in Differentially Metastatic Breast Tumor Models. Cancer Res. 2010, 70, 9012-9021.



74. Karlsson, O.; Berg, A. L.; Lindstrom, A. K.; Hanrieder, J.; Arnerup, G.; Roman, E.; Bergquist, J.;
Lindquist, N. G.; Brittebo, E. B.; Andersson, M., Neonatal Exposure to the Cyanobacterial Toxin Bmaa
Induces Changes in Protein Expression and Neurodegeneration in Adult Hippocampus. Toxicol. Sci. 2012,
130, 391-404.

75. Heijs, B.; Holst, S.; Briaire-de Bruijn, I. H.; van Pelt, G. W.; de Ru, A. H.; van Veelen, P. A.; Drake,
R. R.; Mehta, A. S.; Mesker, W. E.; Tollenaar, R. A.; Bovee, J. V.; Wuhrer, M.; McDonnell, L. A,,
Multimodal Mass Spectrometry Imaging of N-Glycans and Proteins from the Same Tissue Section. Anal.
Chem. 2016, 88, 7745-7753.

76. Lovric, J.; Malmberg, P.; Johansson, B. R.; Fletcher, J. S.; Ewing, A. G., Multimodal Imaging of
Chemically Fixed Cells in Preparation for Nanosims. Anal. Chem. (Washington, DC, U. S.) 2016, 88, 8841-
8848.

77. Mohammadi, A. S.; Phan, N. T. N.; Fletcher, J. S.; Ewing, A. G., Intact Lipid Imaging of Mouse
Brain Samples: Maldi, Nanoparticle-Laser Desorption lonization, and 40 Kev Argon Cluster Secondary lon
Mass Spectrometry. Anal. Bioanal. Chem. 2016, 408, 6857-6868.

78. Kaya, |.; Brinet, D.; Michno, W.; Baskurt, M.; Zetterberg, H.; Blenow, K.; Hanrieder, J.; Brinet, D.;
Baskurt, M.; Zetterberg, H.; Blenow, K.; Hanrieder, J.; Zetterberg, H.; Hanrieder, J.; Zetterberg, H., Novel
Trimodal Maldi Imaging Mass Spectrometry (Ims3) at 10 Mm Reveals Spatial Lipid and Peptide
Correlates Implicated in AP Plaque Pathology in Alzheimer's Disease. ACS Chem. Neurosci. 2017, 8, 2778-
2790.

79. McDonnell, L. A.; Heeren, R. M. A., Imaging Mass Spectrometry. Mass Spectrom. Rev. 2007, 26,
606-643.

80. Buchberger, A. R.; DelLaney, K.; Johnson, J.; Li, L. J., Mass Spectrometry Imaging: A Review of
Emerging Advancements and Future Insights. Anal. Chem. 2018, 90, 240-265.

81. Wu, C. P.; Dill, A. L.; Eberlin, L. S.; Cooks, R. G.; Ifa, D. R., Mass Spectrometry Imaging under
Ambient Conditions. Mass Spectrom. Rev. 2013, 32, 218-243.

82. Bodzon-Kulakowska, A.; Suder, P., Imaging Mass Spectrometry: Instrumentation, Applications,
and Combination with Other Visualization Techniques. Mass Spectrom. Rev. 2016, 35, 147-169.

83. Pacholski, M. L.; Winograd, N., Imaging with Mass Spectrometry. Chem. Rev. 1999, 99, 2977-
3006.

84. Slodzian, G.; Daigne, B.; Girard, F.; Boust, F.; Hillion, F., Scanning Secondary lon Analytical
Microscopy with Parallel Detection. Biol. Cell 1992, 74, 43-50.

85. Chabala, J. M.; Soni, K. K.; Li, J.; Gavrilov, K. L.; Levisetti, R., High-Resolution Chemical Imaging
with Scanning lon Probe Sims. Int. J. Mass Spectom. lon Process. 1995, 143, 191-212.

86. Touboul, D.; Halgand, F.; Brunelle, A.; Kersting, R.; Tallarek, E.; Hagenhoff, B.; Laprevote, O.,
Tissue Molecular lon Imaging by Gold Cluster lon Bombardment. Anal. Chem. 2004, 76, 1550-1559.

87. Karas, M.; Bachmann, D.; Bahr, U.; Hillenkamp, F., Matrix-Assisted Ultraviolet-Laser Desorption
of Nonvolatile Compounds. Int. J. Mass Spectom. lon Process. 1987, 78, 53-68.

88. Chaurand, P.; Schwartz, S. A.; Caprioli, R. M., Assessing Protein Patterns in Disease Using Imaging
Mass Spectrometry. J. Proteome Res. 2004, 3, 245-252.

89. Pierson, J.; Norris, J. L.; Aerni, H. R.; Svenningsson, P.; Caprioli, R. M.; Andren, P. E., Molecular
Profiling of Experimental Parkinson's Disease: Direct Analysis of Peptides and Proteins on Brain Tissue
Sections by Maldi Mass Spectrometry. J. Proteome Res. 2004, 3, 289-295.

90. Touboul, D.; Piednoel, H.; Voisin, V.; De La Porte, S.; Brunelle, A.; Halgand, F.; Laprevote, O.,
Changes in Phospholipid Composition within the Dystrophic Muscle by Matrix-Assisted Laser
Desorption/lonization Mass Spectrometry and Mass Spectrometry Imaging. Eur. J. Mass Spectrom. 2004,
10, 657-664.

91. Chaurand, P.; Schwartz, S. A.; Caprioli, R. M., Profiling and Imaging Proteins in Tissue Sections by
Ms. Anal. Chem. 2004, 76, 86A-93A.



92. Yedra, L.; Eswara, S.; Dowsett, D.; Wirtz, T., In-Situ Isotopic Analysis at Nanoscale Using Parallel
lon Electron Spectrometry: A Powerful New Paradigm for Correlative Microscopy. Sci. Rep. 20186, 6,
28705.

93. Vickerman, J. C.; Briggs, D., Tof-Sims: Analysis by Mass Spectrometry. IM Publications:
Chichester, 2001.

94. levlev, A. V.; Belianinov, A.; Jesse, S.; Allison, D. P.; Doktycz, M. J.; Retterer, S. T.; Kalinin, S. V.;
Ovchinnikova, O. S., Automated Interpretation and Extraction of Topographic Information from Time of
Flight Secondary lon Mass Spectrometry Data. Sci. Rep. 2017, 7.

95. Bluestein, B. M.; Morrish, F.; Graham, D. J.; Guenthoer, J.; Hockenbery, D.; Porter, P. L.; Gamble,
L. J., An Unsupervised Mva Method to Compare Specific Regions in Human Breast Tumor Tissue Samples
Using Tof-Sims. Analyst 2016, 141, 1947-1957.

96. Graham, D. J.; Castner, D. G., Multivariate Analysis of Tof-Sims Data from Multicomponent
Systems: The Why, When, and How. Biointerphases 2012, 7.
97. Cumpson, P. J.; Sano, N.; Fletcher, I. W.; Portoles, J. F.; Bravo-Sanchez, M.; Barlow, A. J.,

Multivariate Analysis of Extremely Large Tofsims Imaging Datasets by a Rapid Pca Method. Surf.
Interface Anal. 2015, 47, 986-993.

98. Jiang, H.; Passarelli, M. K.; Munro, P. M.; Kilourn, M. R.; West, A.; Dollery, C. T.; Gilmore, I. S.;
Rakowska, P. D., High-Resolution Sub-Cellular Imaging by Correlative Nanosims and Electron Microscopy
of Amiodarone Internalisation by Lung Macrophages as Evidence for Drug-Induced Phospholipidosis.
Chem. Commun. (Camb) 2017, 53, 1506-1509.

99. Sostarecz, A. G.; McQuaw, C. M.; Ewing, A. G.; Winograd, N., Phosphatidylethanolamine-Induced
Cholesterol Domains Chemically Identified with Mass Spectrometric Imaging. J. Am. Chem. Soc. 2004,
126, 13882-13883.

100. Belianinov, A.; Burch, M. J.; Hysmith, H. E.; levlev, A. V.; Iberi, V.; Susner, M. A.; McGuire, M. A.;
Maksymovych, P.; Chyasnavichyus, M.; Jesse, S.; Ovchinnikova, O. S., Chemical Changes in Layered
Ferroelectric Semiconductors Induced by Helium lon Beam. Sci. Rep. 2017, 7.

101. Belianinov, A.; He, Q.; Dziaugys, A.; Maksymovych, P.; Eliseev, E.; Borisevich, A.; Morozovska, A.;
Banys, J.; Vysochanskii, Y.; Kalinin, S. V., Cuinp2s6 Room Temperature Layered Ferroelectric. Nano Lett.
2015, 15, 3808-3814.

102. Belianinov, A.; Iberi, V.; Tselev, A.; Susner, M. A.; McGuire, M. A,; Joy, D.; Jesse, S.; Rondinone, A.
J.; Kalinin, S. V.; Ovchinnikova, O. S., Polarization Control Via He-lon Beam Induced Nanofabrication in
Layered Ferroelectric Semiconductors. ACS Appl. Mater. Interfaces 2016, 8, 7349-7355.

103. Ladnorg, T.; Welle, A.; Heisser, S.; Woll, C.; Gliemann, H., Site-Selective Growth of Surface-
Anchored Metal-Organic Frameworks on Self-Assembled Monolayer Patterns Prepared by Afm
Nanografting. Beilstein J. Nanotechnol. 2013, 4, 638-648.

104. levlev, A. V.; Maksymovych, P.; Trassin, M.; Seidel, J.; Ramesh, R.; Kalinin, S. V.; Ovchinnikova, O.
S., Chemical State Evolution in Ferroelectric Films During Tip-Induced Polarization and Electroresistive
Switching. ACS Appl. Mater. Interfaces 2016, 8, 29588-29593.

105. Op de Beeck, J.; Labyedh, N.; Sepulveda, A.; Spampinato, V.; Franquet, A.; Conard, T.;
Vereecken, P. H.; Vandervorst, W.; Celano, U., Nanoscale Electrochemical Response of Lithium-lon
Cathodes: A Combined Study Using C-Afm and Sims. Beilstein J. Nanotechnol. 2018, 9, 1623-1628.

106. levlev, A. V.; Brown, C.; Burch, M. J.; Agar, J. C.; Velarde, G. A.; Martin, L. W.; Maksymovych, P.;
Kalinin, S. V.; Ovchinnikova, O. S., Chemical Phenomena of Atomic Force Microscopy Scanning. Anal.
Chem. 2018, 90, 3475-3481.

107. levlev, A. V.; Chyasnavichyus, M.; Leonard, D. N.; Agar, J. C.; Velarde, G. A.; Martin, L. W.; Kalinin,
S. V.; Maksymovych, P.; Ovchinnikova, O. S., Subtractive Fabrication of Ferroelectric Thin Films with
Precisely Controlled Thickness. Nanotechnology 2018, 29.



108. Moreno, M. A.; Mouton, |.; Chevalier, N.; Barnes, J. P.; Bassani, F.; Gautier, B., Combined Tof-
Sims and Afm Protocol for Accurate 3d Chemical Analysis and Data Visualization. J. Vac. Sci. Technol., B:
Nanotechnol. Microelectron.: Mater., Process., Meas., Phenom. 2018, 36.

109. Brison, J.; Robinson, M. A.; Benoit, D. S. W.; Muramoto, S.; Stayton, P. S.; Castner, D. G., Tof-Sims
3d Imaging of Native and Non-Native Species within Hela Cells. Anal. Chem. 2013, 85, 10869-10877.
110. Mao, D.; Brenes, D. A,; Lu, C. Y.; Wucher, A.; Winograd, N., Temperature Effects of Sputtering of
Langmuir-Blodgett Multilayers. Surf. Interface Anal. 2013, 45, 65-67.

111.  Jung,S.; Lee, N.; Choi, M.; Lee, J.; Cho, E.; Joo, M., Methodological Development of Topographic
Correction in 2d/3d Tof-Sims Images Using Afm Images. Appl. Surf. Sci. 2018, 432, 90-96.

112.  Terlier, T.; Lee, J.; Lee, K.; Lee, Y., Improvement of the Correlative Afm and Tof-Sims Approach
Using an Empirical Sputter Model for 3d Chemical Characterization. Anal. Chem. 2018, 90, 1701-1709.
113.  Koch, S.; Ziegler, G.; Hutter, H., Tof-Sims Measurements with Topographic Information in
Combined Images. Anal. Bioanal. Chem. 2013, 405, 7161-7167.

114. Robinson, M. A.; Graham, D. J.; Castner, D. G., Tof-Sims Depth Profiling of Cells: Z-Correction, 3d
Imaging, and Sputter Rate of Individual Nih/3t3 Fibroblasts. Anal. Chem. 2012, 84, 4880-4885.

115.  Whitby, J. A.; Ostlund, F.; Horvath, P.; Gabureac, M.; Riesterer, J. L.; Utke, I.; Hohl, M.; Sedlacek,
L.; Jiruse, J.; Friedli, V.; Bechelany, M.; Michler, J., High Spatial Resolution Time-of-Flight Secondary lon
Mass Spectrometry for the Masses: A Novel Orthogonal Tof Fib-Sims Instrument with in situ Afm. Adv.
Mater. Sci. Eng. 2012, 13.

116.  Wirtz, T.; Philipp, P.; Audinot, J. N.; Dowsett, D.; Eswara, S., High-Resolution High-Sensitivity
Elemental Imaging by Secondary lon Mass Spectrometry: From Traditional 2d and 3d Imaging to
Correlative Microscopy. Nanotechnology 2015, 26.

117. Belianinov, A.; Burch, M. J.; Kim, S.; Tan, S.; Hlawacek, G.; Ovchinnikova, O. S., Noble Gas lon
Beams in Materials Science for Future Applications and Devices. MRS Bull. 2017, 42, 660-666.

118.  Hlawacek, G.; Golzhauser, A., Helium lon Microscopy. Springer: 2016.

119. Joy, D. C., Helium lon Microscopy: Principles and Applications. Springer: 2013.

120. Postek, M. T.; Vladar, A. E., Helium lon Microscopy and Its Application to Nanotechnology and
Nanometrology. Scanning 2008, 30, 457-462.

121.  Hill, R.; Rahman, F., Advances in Helium lon Microscopy. Nucl. Instrum. Methods Phys. Res. Sect.
A-Accel. Spectrom. Dect. Assoc. Equip. 2011, 645, 96-101.

122.  Wirtz, T.; Vanhove, N.; Pillatsch, L.; Dowsett, D.; Sijbrandij, S.; Notte, J., Towards Secondary lon
Mass Spectrometry on the Helium lon Microscope: An Experimental and Simulation Based Feasibility
Study with He+ and Ne+ Bombardment. Appl. Phys. Lett. 2012, 101.

123. Livengood, R. H.; Tan, S. D.; Hallstein, R.; Notte, J.; McVey, S.; Rahman, F., The Neon Gas Field
lon Source-a First Characterization of Neon Nanomachining Properties. Nucl. Instrum. Methods Phys.
Res. Sect. A-Accel. Spectrom. Dect. Assoc. Equip. 2011, 645, 136-140.

124. Pillatsch, L.; Vanhove, N.; Dowsett, D.; Sijbrandij, S.; Notte, J.; Wirtz, T., Study and Optimisation
of Sims Performed with He+ and Ne+ Bombardment. Appl. Surf. Sci. 2013, 282, 908-913.

125. Rahman, F. H. M.; McVey, S.; Farkas, L.; Notte, J. A.; Tan, S. D.; Livengood, R. H., The Prospects of
a Subnanometer Focused Neon lon Beam. Scanning 2012, 34, 129-134.

126.  Klingner, N.; Heller, R.; Hlawacek, G.; von Borany, J.; Notte, J.; Huang, J.; Facsko, S., Nanometer
Scale Elemental Analysis in the Helium lon Microscope Using Time of Flight Spectrometry.
Ultramicroscopy 2016, 162, 91-97.

127.  Wetzel, A.; Socoliuc, A.; Meyer, E.; Bennewitz, R.; Gnecco, E.; Gerber, C., A Versatile Instrument
for in situ Combination of Scanning Probe Microscopy and Time-of-Flight Mass Spectrometry. Rev. Sci.
Instrum. 2005, 76.

128. Lee, D.; Wetzel, A.; Bennewitz, R.; Meyer, E.; Despont, M.; Vettiger, P.; Gerber, C., Switchable
Cantilever for a Time-of-Flight Scanning Force Microscope. Appl. Phys. Lett. 2004, 84, 1558-1560.



129. Ovchinnikova, O. S.; Nikiforov, M. P.; Bradshaw, J. A.; Jesse, S.; Van Berkel, G. J., Combined
Atomic Force Microscope-Based Topographical Imaging and Nanometer-Scale Resolved Proximal Probe
Thermal Desorption/Electrospray lonization-Mass Spectrometry. ACS Nano 2011, 5, 5526-5531.

130. Hoffmann, W. D.; Kertesz, V.; Srijanto, B. R.; Van Berkel, G. J., Atomic Force Microscopy
Thermally-Assisted Microsampling with Atmospheric Pressure Temperature Ramped Thermal
Desorption/lonization-Mass Spectrometry Analysis. Anal. Chem. 2017, 89, 3036-3042.

131.  Price, D. M.; Reading, M.; Hammiche, A.; Pollock, H. M., Micro-Thermal Analysis: Scanning
Thermal Microscopy and Localised Thermal Analysis. Int. J. Pharm. 1999, 192, 85-96.

132. Owens, S. C.; Berenbeim, J. A.; Patterson, C. S.; Dillon, E. P.; de Vries, M. S., Sub-Micron Proximal
Probe Thermal Desorption and Laser Mass Spectrometry on Painting Cross-Sections. Anal. Method's
2014, 6, 8940-8945.

133.  Ovchinnikova, O. S.; Kjoller, K.; Hurst, G. B.; Pelletier, D. A.; Van Berkel, G. J., Atomic Force
Microscope Controlled Topographical Imaging and Proximal Probe Thermal Desorption/lonization Mass
Spectrometry Imaging. Anal. Chem. 2014, 86, 1083-1090.

134. Price, D. M.; Reading, M.; Lever, T. J.; Hammiche, A.; Pollock, H. M., Micro-Thermal Analysis and
Evolved Gas Analysis. Thermochim. Acta 2001, 367, 195-202.

135.  Ovchinnikova, O. S.; Van Berkel, G. J., Thin-Layer Chromatography and Mass Spectrometry
Coupled Using Proximal Probe Thermal Desorption with Electrospray or Atmospheric Pressure Chemical
lonization. Rapid Commun. Mass Spectrom. 2010, 24, 1721-1729.

136. Tai, T.; Karacsony, O.; Bocharoya, V.; Van Berkel, G. J.; Kertesz, V., Topographical and Chemical
Imaging of a Phase Separated Polymer Using a Combined Atomic Force Microscopy/Infrared
Spectroscopy/Mass Spectrometry Platform. Anal. Chem. 2016, 88, 2864-2870.

137.  Ovchinnikova, 0. S.; Tai, T.; Bocharova, V.; Okatan, M. B.; Belianinov, A.; Kertesz, V.; Jesse, S.;
Van Berkel, G. J., Co-Registered Topographical, Band Excitation Nanomechanical, and Mass Spectral
Imaging Using a Combined Atomic Force Microscopy/Mass Spectrometry Platform. ACS Nano 2015, 9,
4260-4269.

138.  Reading, M.; Price, D. M.; Grandy, D. B.; Smith, R. M.; Bozeg, L.; Conroy, M.; Hammiche, A.;
Pollock, H. M., Micro-Thermal Analysis of Polymers: Current Capabilities and Future Prospects.
Macromol. Symp. 2001, 167, 45-62.

139.  Wirtz, T.; Fleming, Y.; Gysin, U.; Glatzel, T.; Wegmann, U.; Meyer, E.; Maier, U.; Rychen, J.,
Combined Sims-Spm Instrument for High Sensitivity and High-Resolution Elemental 3d Analysis. Surf.
Interface Anal. 2013, 45, 513-516.

140. Somnath, S.; Jesse, S.; Van Berkel, G. J.; Kalinin, S. V.; Ovchinnikova, O. S., Improved Spatial
Resolution for Spot Sampling in Thermal Desorption Atomic Force Microscopy - Mass Spectrometry Via
Rapid Heating Functions. Nanoscale 2017, 9, 5708-5717.

141. Tai, T. M.; Kertesz, V.; Lin, M. W_; Srijanto, B. R.; Hensley, D. K.; Xiao, K.; Van Berkel, G. J,,
Polymeric Spatial Resolution Test Patterns for Mass Spectrometry Imaging Using Nano-Thermal Analysis
with Atomic Force Microscopy. Rapid Commun. Mass Spectrom. 2017, 31, 1204-1210.

142. Ovchinnikova, O. S.; Tai, T. M.; Bocharova, V.; Okatan, M. B.; Belianinov, A.; Kertesz, V.; Jesse, S.;
Van Berkel, G. J., Co-Registered Topographical, Band Excitation Nanomechanical, and Mass Spectral
Imaging Using a Combined Atomic Force Microscopy/Mass Spectrometry Platform. ACS Nano 2015, 9,
4260-4269.

143.  Attar, A. R.; Bhattacherjee, A.; Pemmaraju, C. D.; Schnorr, K.; Closser, K. D.; Prendergast, D.;
Leone, S. R., Femtosecond X-Ray Spectroscopy of an Electrocyclic Ring-Opening Reaction. Science 2017,
356, 54-59.

144.  Zheng, J.; Kwak, K.; Fayer, M. D., Ultrafast 2d Ir Vibrational Echo Spectroscopy. Acc. Chem. Res.
2007, 40, 75-83.



145. LR Khundkar, a.; Zewail, A. H., Ultrafast Molecular Reaction Dynamics in Real-Time: Progress
over a Decade. Annu. Rev. Phys. Chem. 1990, 41, 15-60.

146. Engel, G.S.; Calhoun, T. R.; Read, E. L.; Ahn, T.-K.; Mancal, T.; Cheng, Y.-C.; Blankenship, R. E.;
Fleming, G. R., Evidence for Wavelike Energy Transfer through Quantum Coherence in Photosynthetic
Systems. Nature 2007, 446, 782.

147.  Calhoun, T. R.; Ginsberg, N. S.; Schlau-Cohen, G. S.; Cheng, Y.-C.; Ballottari, M.; Bassi, R.;
Fleming, G. R., Quantum Coherence Enabled Determination of the Energy Landscape in Light-Harvesting
Complex li. J. Phys. Chem. B 2009, 113, 16291-16295.

148.  Ghosh, A,; Ostrander, J. S.; Zanni, M. T., Watching Proteins Wiggle: Mapping Structures with
Two-Dimensional Infrared Spectroscopy. Chem. Rev. 2017, 117, 10726-10759.

149. Graham, M. W.; Ma, Y.-Z.; Fleming, G. R., Femtosecond Photon Echo Spectroscopy of
Semiconducting Single-Walled Carbon Nanotubes. Nano Lett. 2008, 8, 3936-3941.

150. Tan, S.; Liu, L.; Dai, Y.; Ren, J.; Zhao, J.; Petek, H., Ultrafast Plasmon-Enhanced Hot Electron
Generation at Ag Nanocluster/Graphite Heterojunctions. J. Am. Chem. Soc. 2017, 139, 6160-6168.

151. Musser, A. J.; Liebel, M.; Schnedermann, C.; Wende, T.; Kehoe, T. B.; Rao, A.; Kukura, P.,
Evidence for Conical Intersection Dynamics Mediating Ultrafast Singlet Exciton Fission. Nat. Phys. 2015,
11, 352.

152.  Wang, H.-F.; Velarde, L.; Gan, W.; Fu, L., Quantitative Sum-Frequency Generation Vibrational
Spectroscopy of Molecular Surfaces and Interfaces: Lineshape, Polarization, and Orientation. Annu. Rev.
Phys. Chem. 2015, 66, 189-216.

153.  Wang, H.-F., Sum Frequency Generation Vibrational Spectroscopy (Sfg-Vs) for Complex
Molecular Surfaces and Interfaces: Spectral Lineshape Measurement and Analysis Plus Some
Controversial Issues. Prog. Surf. Sci. 2016, 91, 155-182.

154.  Kraack, J. P.; Hamm, P., Surface-Sensitive and Surface-Specific Ultrafast Two-Dimensional
Vibrational Spectroscopy. Chem. Rev. 2017, 117, 10623-10664.

155.  Eisenthal, K. B., Liquid Interfaces Probed by Second-Harmonic and Sum-Frequency Spectroscopy.
Chem. Rev. 1996, 96, 1343-1360.

156. Helmchen, F.; Denk, W., Deep Tissue Two-Photon Microscopy. Nat. Methods 2005, 2, 932.

157. Svoboda, K.; Yasuda, R., Principles of Two-Photon Excitation Microscopy and Its Applications to
Neuroscience. Neuron 50, 823-839.

158. So, P.T.C.; Dong, C.Y.; Masters, B. R.; Berland, K. M., Two-Photon Excitation Fluorescence
Microscopy. Annu. Rev. Biomed. Eng. 2000, 2, 399-429.

159. Denk, W.; Strickler, J.; Webb, W., Two-Photon Laser Scanning Fluorescence Microscopy. Science
1990, 248, 73-76.

160. Giepmans, B. N. G.; Adams, S. R.; Ellisman, M. H.; Tsien, R. Y., The Fluorescent Toolbox for
Assessing Protein Location and Function. Science 2006, 312, 217-224.

161. Resch-Genger, U.; Grabolle, M.; Cavaliere-Jaricot, S.; Nitschke, R.; Nann, T., Quantum Dots
Versus Organic Dyes as Fluorescent Labels. Nat. Methods 2008, 5, 763.

162. Moreaux, L.; Sandre, O.; Blanchard-Desce, M.; Mertz, J., Membrane Imaging by Simultaneous
Second-Harmonic Generation and Two-Photon Microscopy. Opt. Lett. 2000, 25, 320-322.

163.  Watson, B. R.; Yang, B.; Xiao, K.; Ma, Y.-Z.; Doughty, B.; Calhoun, T. R., Elucidation of Perovskite
Film Micro-Orientations Using Two-Photon Total Internal Reflectance Fluorescence Microscopy. J. Phys.
Chem. Lett. 2015, 6, 3283-3288.

164. Chowdhury, A. U.; Zhang, S.; Simpson, G. J., Powders Analysis by Second Harmonic Generation
Microscopy. Anal. Chem. 2016, 88, 3853-3863.

165.  Nuriya, M.; Jiang, J.; Nemet, B.; Eisenthal, K. B.; Yuste, R., Imaging Membrane Potential in
Dendritic Spines. Proc. Natl. Acad. Sci. U. S. A. 2006, 103, 786-790.

166.  Peterka, D. S.; Takahashi, H.; Yuste, R., Imaging Voltage in Neurons. Neuron 69, 9-21.



167.  Chen, X.; Nadiarynkh, O.; Plotnikov, S.; Campagnola, P. J., Second Harmonic Generation
Microscopy for Quantitative Analysis of Collagen Fibrillar Structure. Nat. Protoc. 2012, 7, 654.

168. Campagnola, P., Second Harmonic Generation Imaging Microscopy: Applications to Diseases
Diagnostics. Anal. Chem. 2011, 83, 3224-3231.

169. Lee, S.-L.; Chen, Y.-F.; Dong, C.-Y., Probing Multiscale Collagenous Tissue by Nonlinear
Microscopy. ACS Biomater. Sci. Eng. 2017, 3, 2825-2831.

170.  Kriech, M. A.; Conboy, J. C., Imaging Chirality with Surface Second Harmonic Generation
Microscopy. J. Am. Chem. Soc. 2005, 127, 2834-2835.

171. Raghunathan, V.; Han, Y.; Korth, O.; Ge, N.-H.; Potma, E. O., Rapid Vibrational Imaging with Sum
Frequency Generation Microscopy. Opt. Lett. 2011, 36, 3891-3893.

172. Zheng, D.; Lu, L.; Li, Y.; Kelly, K. F.; Baldelli, S., Compressive Broad-Band Hyperspectral Sum
Frequency Generation Microscopy to Study Functionalized Surfaces. J. Phys. Chem. Lett. 2016, 7, 1781-
1787.

173.  Cai, X.; Hu, B.; Sun, T.; Kelly, K. F.; Baldelli, S., Sum Frequency Generation-Compressive Sensing
Microscope. J. Chem. Phys. 2011, 135, 194202.

174.  Allgeyer, E. S.; Sterling, S. M.; Gunewardene, M. S.; Hess, S. T.; Neivandt, D. J.; Mason, M. D.,
Combining Total Internal Reflection Sum Frequency Spectroscopy Spectral Imaging and Confocal
Fluorescence Microscopy. Langmuir 2015, 31, 987-994.

175. Cimatu, K. A.; Baldelli, S., Chemical Microscopy of Surfaces by Sum Frequency Generation
Imaging. J. Phys. Chem. C 2009, 113, 16575-16588.

176.  Chen, K.; Wu, T.; Wei, H.; Zhou, T.; Li, Y., Quantitative Chemical Imaging with Background-Free
Multiplex Coherent Anti-Stokes Raman Scattering by Dual-Soliton Stokes Pulses. Biomed. Opt. Express
2016, 7, 3927-3939.

177.  Yampolsky, S.; Fishman, D. A.; Dey, S.; Hulkko, E.; Banik, M.; Potma, E. O.; Apkarian, V. A., Seeing
a Single Molecule Vibrate through Time-Resolved Coherent Anti-Stokes Raman Scattering. Nat.
Photonics 2014, 8, 650.

178. Cheng, J.-X.; Xie, X. S., Coherent Anti-Stokes Raman Scattering Microscopy: Instrumentation,
Theory, and Applications. J. Phys. Chem. B 2004, 108, 827-840.

179.  Miiller, M.; Zumbusch, A., Coherent Anti-Stokes Raman Scattering Microscopy. ChemPhysChem
2007, 8, 2156-2170.

180. Saar, B. G.; Freudiger, C. W.; Reichman, J.; Stanley, C. M.; Holtom, G. R; Xie, X. S., Video-Rate
Molecular Imaging in vivo with Stimulated Raman Scattering. Science 2010, 330, 1368-1370.

181. Wang, Z.; Zheng, W.; Huang, Z., Lock-in-Detection-Free Line-Scan Stimulated Raman Scattering
Microscopy for near Video-Rate Raman Imaging. Opt. Lett. 2016, 41, 3960-3963.

182. Schnedermann, C.; Lim, J. M.; Wende, T.; Duarte, A. S.; Ni, L.; Gu, Q.; Sadhanala, A.; Rao, A.;
Kukura, P., Sub-10 Fs Time-Resolved Vibronic Optical Microscopy. J. Phys. Chem. Lett. 2016, 7, 4854-
4859.

183. Massaro, E. S.; Hill, A. H.; Grumstrup, E. M., Super-Resolution Structured Pump—Probe
Microscopy. ACS Photonics 2016, 3, 501-506.

184.  Mary Sajini, D.; Tuphan, D.; Paul, J.; Zhongming, L.; Shun Shang, L.; Kuai, Y.; Libai, H.; Gregory, V.
H., Imaging Nano-Objects by Linear and Nonlinear Optical Absorption Microscopies. Nanotechnology
2015, 26, 354001.

185. Guo, Z.; Wan, Y.; Yang, M.; Snaider, J.; Zhu, K.; Huang, L., Long-Range Hot-Carrier Transport in
Hybrid Perovskites Visualized by Ultrafast Microscopy. Science 2017, 356, 59-62.

186.  Zhu, T.; Wan, Y.; Huang, L., Direct Imaging of Frenkel Exciton Transport by Ultrafast Microscopy.
Acc. Chem. Res. 2017, 50, 1725-1733.

187.  Fu, D.; Ye, T.; Matthews, T. E.; Yurtsever, G.; Warren, W. S. In Two-Color, Two-Photon, and
Excited-State Absorption Microscopy, SPIE: 2007; p 8.



188. Min, W,; Lu, S.; Chong, S.; Roy, R.; Holtom, G. R.; Xie, X. S., Imaging Chromophores with
Undetectable Fluorescence by Stimulated Emission Microscopy. Nature 2009, 461, 1105.

189. Benjamin, D.; Mary Jane, S.; Bin, Y.; Kai, X.; Ying-Zhong, M., Simplification of Femtosecond
Transient Absorption Microscopy Data from Ch 3 Nh 3 Pbi 3 Perovskite Thin Films into Decay Associated
Amplitude Maps. Nanotechnology 2016, 27, 114002.

190. Simpson, M. J.; Doughty, B.; Yang, B.; Xiao, K.; Ma, Y.-Z., Separation of Distinct Photoexcitation
Species in Femtosecond Transient Absorption Microscopy. ACS Photonics 2016, 3, 434-442.

191. Simpson, M. J.; Doughty, B.; Yang, B.; Xiao, K.; Ma, Y.-Z., Spatial Localization of Excitons and
Charge Carriers in Hybrid Perovskite Thin Films. J. Phys. Chem. Lett. 2015, 6, 3041-3047.

192.  Fischer, M. C.; Wilson, J. W.; Robles, F. E.; Warren, W. S., Invited Review Article: Pump-Probe
Microscopy. Rev. Sci. Instrum. 2016, 87, 031101.

193. Thompson, A.; Robles, F. E.; Wilson, J. W.; Deb, S.; Calderbank, R.; Warren, W. S., Dual-
Wavelength Pump-Probe Microscopy Analysis of Melanin Composition. Sci. Rep. 2016, 6, 36871.

194. Matthews, T. E.; Piletic, I. R.; Selim, M. A.; Simpson, M. J.; Warren, W. S., Pump-Probe Imaging
Differentiates Melanoma from Melanocytic Nevi. Sci. Transl. Med. 2011, 3, 71ral5-71ral5.

195. Becker, W., Fluorescence Lifetime Imaging — Techniques and Applications. J. Microsc. 2012, 247,
119-136.

196. Donges, S. A.; Khatib, O.; O'Callahan, B. T.; Atkin, J. M.; Park, J. H.; Cobden, D.; Raschke, M. B.,
Ultrafast Nanoimaging of the Photoinduced Phase Transition Dynamics in Vo2. Nano Lett. 2016, 16,
3029-3035.

197. Villafana, T. E.; Brown, W. P.; Delaney, J. K.; Palmer, M.; Warren, W. S.; Fischer, M. C,,
Femtosecond Pump-Probe Microscopy Generates Virtual Cross-Sections in Historic Artwork. Proc. Natl.
Acad. Sci. U. S. A. 2014, 111, 1708-1713.

198.  Hieulle, J.; Stecker, C.; Ohmann, R.; Ono, L. K.; Qi, Y., Scanning Probe Microscopy Applied to
Organic—Inorganic Halide Perovskite Materials and Solar Cells. Small Methods 2018, 2, 1700295.

199. Tennyson, E. M.; Gong, C.; Leite, M. S., Imaging Energy Harvesting and Storage Systems at the
Nanoscale. ACS Energy Lett. 2017, 2, 2761-2777.

200. Tennyson, E. M.; Howard, J. M.; Leite, M. S., Mesoscale Functional Imaging of Materials for
Photovoltaics. ACS Energy Lett. 2017, 2, 1825-1834.

201.  Giridharagopal, R.; Cox, P. A.; Ginger, D. S., Functional Scanning Probe Imaging of
Nanostructured Solar Energy Materials. Acc. Chem. Res. 2016, 49, 1769-1776.

202.  Grumstrup, E. M.; Gabriel, M. M.; Cating, E. E. M.; Van Goethem, E. M.; Papanikolas, J. M.,
Pump—Probe Microscopy: Visualization and Spectroscopy of Ultrafast Dynamics at the Nanoscale. Chem.
Phys. 2015, 458, 30-40.

203.  Gabriel, M. M.; Kirschbrown, J. R.; Christesen, J. D.; Pinion, C. W.; Zigler, D. F.; Grumstrup, E. M.;
Mehl, B. P.; Cating, E. E. M.; Cahoon, J. F.; Papanikolas, J. M., Direct Imaging of Free Carrier and Trap
Carrier Motion in Silicon Nanowires by Spatially-Separated Femtosecond Pump—Probe Microscopy.
Nano Lett. 2013, 13, 1336-1340.

204. Simpson, M. J.; Doughty, B.; Yang, B.; Xiao, K.; Ma, Y. Z., Spatial Localization of Excitons and
Charge Carriers in Hybrid Perovskite Thin Films. J. Phys. Chem. Lett. 2015, 6, 3041-3047.

205. Simpson, M. J.; Doughty, B.; Yang, B.; Xiao, K.; Ma, Y.-Z., Imaging Electronic Trap States in
Perovskite Thin Films with Combined Fluorescence and Femtosecond Transient Absorption Microscopy.
J. Phys. Chem. Lett. 2016, 7, 1725-1731.

206.  Simpson, M. J.; Doughty, B.; Das, S.; Xiao, K.; Ma, Y.-Z., Separating Bulk and Surface
Contributions to Electronic Excited-State Processes in Hybrid Mixed Perovskite Thin Films Via
Multimodal All-Optical Imaging. J. Phys. Chem. Lett. 2017, 8, 3299-3305.



207. Jahng, J.; Brocious, J.; Fishman, D. A.; Yampolsky, S.; Nowak, D.; Huang, F.; Apkarian, V. A,;
Wickramasinghe, H. K.; Potma, E. O., Ultrafast Pump-Probe Force Microscopy with Nanoscale
Resolution. Appl. Phys. Lett. 2015, 106, 083113.

208.  Kravtsov, V.; Ulbricht, R.; Atkin, J. M.; Raschke, M. B., Plasmonic Nanofocused Four-Wave Mixing
for Femtosecond near-Field Imaging. Nat. Nanotechnol. 2016, 11, 459.

209.  Zewail, A. H., Four-Dimensional Electron Microscopy. Science 2010, 328, 187-193.

210. Badali, D.S.; Gengler, R. Y. N.; Miller, R. J. D., Ultrafast Electron Diffraction Optimized for
Studying Structural Dynamics in Thin Films and Monolayers. Struct. Dyn. 2016, 3, 034302.

211. Jahng, J.; Fishman, D. A.; Park, S.; Nowak, D. B.; Morrison, W. A.; Wickramasinghe, H. K.; Potma,
E. O., Linear and Nonlinear Optical Spectroscopy at the Nanoscale with Photoinduced Force Microscopy.
Acc. Chem. Res. 2015, 48, 2671-2679.

212. Hashem, I. A. T.; Yaqgoob, I.; Anuar, N. B.; Mokhtar, S.; Gani, A.; Khan, S. U., The Rise of “Big
Data” on Cloud Computing: Review and Open Research Issues. Inf. Syst. 2015, 47, 98-115.

213. Lingerfelt, E. J.; Belianinov, A.; Endeve, E.; Ovchinnikov, O.; Somnath, S.; Borreguero, J.;
Grodowitz, N.; Park, B.; Archibald, R.; Symons, C., Beam: A Computational Workflow System for
Managing and Modeling Material Characterization Data in Hpc Environments. Procedia Comput. Sci.
2016, 80, 2276-2280.

214. Kalinin, S. V.; Strelcov, E.; Belianinov, A.; Somnath, S.; Vasudevan, R. K.; Lingerfelt, E. J.;
Archibald, R. K.; Chen, C.; Proksch, R.; Laanait, N., Big, Deep, and Smart Data in Scanning Probe
Microscopy. ACS Publications: 2016.

215.  Bajcsy, P.; Chalfoun, J.; Simon, M., Introduction to Big Data Microscopy Experiments. In Web
Microanalysis of Big Image Data, Springer: 2018; pp 1-15.

216.  lesse, S.; Chi, M.; Belianinov, A.; Beekman, C.; Kalinin, S.; Borisevich, A.; Lupini, A., Big Data
Analytics for Scanning Transmission Electron Microscopy Ptychography. Sci. Rep. 2016, 6, 26348.

217. May, J. C.; McLean, J. A., Advanced Multidimensional Separations in Mass Spectrometry:
Navigating the Big Data Deluge. Annu. Rev. Anal. Chem. 2016, 9, 387-409.

218.  Zikopoulos, P.; Eaton, C., Understanding Big Data: Analytics for Enterprise Class Hadoop and
Streaming Data. McGraw-Hill Osborne Media: 2011.

219. Agarwal, R.; Dhar, V., Big Data, Data Science, and Analytics: The Opportunity and Challenge for Is
Research. INFORMS: 2014.

220.  Raghupathi, W.; Raghupathi, V., Big Data Analytics in Healthcare: Promise and Potential. Health
Inf. Sci. Syst. 2014, 2, 3.

221. Belianinov, A.; Vasudevan, R.; Strelcov, E.; Steed, C.; Yang, S. M.; Tselev, A.; Jesse, S.; Biegalski,
M.; Shipman, G.; Symons, C.; Borisevich, A.; Archibald, R.; Kalinin, S., Big Data and Deep Data in Scanning
and Electron Microscopies: Deriving Functionality from Multidimensional Data Sets. Adv. Struct. Chem.
Imaging 2015, 1, 6.

222.  de Bruijne, M., Machine Learning Approaches in Medical Image Analysis: From Detection to
Diagnosis. Med. Image Anal. 2016, 33, 94-97.

223.  Litman, T., Autonomous Vehicle Implementation Predictions. Victoria Transport Policy Institute:
2017.

224. Belianinov, A.; He, Q.; Kravchenko, M.; Jesse, S.; Borisevich, A.; Kalinin, S. V., Identification of
Phases, Symmetries and Defects through Local Crystallography. Nat. Commun. 2015, 6.

225.  Strelcov, E.; Belianinov, A.; Hsieh, Y.-H.; Jesse, S.; Baddorf, A. P.; Chu, Y.-H.; Kalinin, S. V., Deep
Data Analysis of Conductive Phenomena on Complex Oxide Interfaces: Physics from Data Mining. ACS
Nano 2014, 8, 6449-6457.

226.  Ziatdinov, M.; Dyck, O.; Maksov, A.; Li, X.; Sang, X.; Xiao, K.; Unocic, R. R.; Vasudevan, R.; Jesse,
S.; Kalinin, S. V., Deep Learning of Atomically Resolved Scanning Transmission Electron Microscopy
Images: Chemical Identification and Tracking Local Transformations. ACS Nano 2017.



227.  levlev, A. V.; Susner, M. A.; McGuire, M. A.; Maksymovych, P.; Kalinin, S. V., Quantitative
Analysis of the Local Phase Transitions Induced by Laser Heating. ACS Nano 2015, 9, 12442-12450.
228.  Ngiam, J.; Khosla, A.; Kim, M.; Nam, J.; Lee, H.; Ng, A. Y. In Multimodal Deep Learning,
Proceedings of the 28th international conference on machine learning (ICML-11), 2011; pp 689-696.
229.  Muller, D.; Kourkoutis, L. F.; Murfitt, M.; Song, J.; Hwang, H.; Silcox, J.; Dellby, N.; Krivanek, O.,
Atomic-Scale Chemical Imaging of Composition and Bonding by Aberration-Corrected Microscopy.
Science 2008, 319, 1073-1076.

230. Ifa, D. R.; Manicke, N. E.; Dill, A. L.; Cooks, R. G., Latent Fingerprint Chemical Imaging by Mass
Spectrometry. Science 2008, 321, 805-805.

231. Tselev, A.; lvanov, |. N.; Lavrik, N. V.; Belianinov, A.; Jesse, S.; Mathews, J. P.; Mitchell, G. D.;
Kalinin, S. V., Mapping Internal Structure of Coal by Confocal Micro-Raman Spectroscopy and Scanning
Microwave Microscopy. Fuel 2014, 126, 32-37.

232. levlev, A. V.; Kalinin, S. V., Data Encoding Based on the Shape of the Ferroelectric Domains
Produced by Using a Scanning Probe Microscope Tip. Nanoscale 2015, 7, 11040-11047.

233.  VanValen, D. A; Kudo, T.; Lane, K. M.; Macklin, D. N.; Quach, N. T.; DeFelice, M. M.; Maayan, |.;
Tanouchi, Y.; Ashley, E. A.; Covert, M. W., Deep Learning Automates the Quantitative Analysis of
Individual Cells in Live-Cell Imaging Experiments. PLoS Comput. Biol. 2016, 12, e1005177.

234. Kalinin, S. V.; Sumpter, B. G.; Archibald, R. K., Big—Deep—Smart Data in Imaging for Guiding
Materials Design. Nat. Mater. 2015, 14, 973.

235.  Angermueller, C.; Pdrnamaa, T.; Parts, L.; Stegle, O., Deep Learning for Computational Biology.
Mol. Syst. Biol. 2016, 12, 878.

236.  Parr, R. G.; Gadre, S. R.; Bartolotti, L. J., Local Density Functional Theory of Atoms and
Molecules. Proc. Natl. Acad. Sci. U. S. A. 1979, 76, 2522-2526.

237.  Sumpter, B. G.; Noid, D. W., On the Design, Analysis, and Characterization of Materials Using
Computational Neural Networks. Annu. Rev. Mater. Sci. 1996, 26, 223-277.

238.  Sumpter, B. G.; Getino, C.; Noid, D. W., Theory and Applications of Neural Computing in
Chemical Science. Annu. Rev. Phys. Chem. 1994, 45, 439-481.

239. Dongarra, J.; Beckman, P.; Moore, T.; Aerts, P.; Aloisio, G.; Andre, J.-C.; Barkai, D.; Berthou, J.-Y.;
Boku, T.; Braunschweig, B., The International Exascale Software Project Roadmap. IJHPCA 2011, 25, 3-
60.

240. Van de Plas, R.; Yang, J.; Spraggins, J.; Caprioli, R. M., Image Fusion of Mass Spectrometry and
Microscopy: A Multimodality Paradigm for Molecular Tissue Mapping. Nature methods 2015, 12, 366.



