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Abstract

The specific matrix used in matrix-assisted laser desorption/ionization imaging mass spectrometry
(MALDI IMS) can have an effect on the molecules ionized from a tissue sample. The sensitivity
for distinct classes of biomolecules can vary when employing different MALDI matrices. Here, we
compare the intensities of various lipid sub-classes measured by Fourier transform ion cyclotron
resonance (FT-ICR) IMS of murine liver tissue when using 9-Aminoacridine (9AA), 5-Chloro-2-
mercaptobenzothiazole (CMBT), 1,5-Diaminonaphthalene (DAN), 2,5-Dihydroxyacetophenone
(DHA), and 2,5-Dihydroxybenzoic acid (DHB). Principal component analysis and receiver
operating characteristic curve analysis revealed significant matrix effects on the relative signal
intensities observed for different lipid sub-classes and adducts. Comparison of spectral profiles
and quantitative assessment of the number and intensity of species from each lipid sub-class
showed that each matrix produces unique lipid signals. In positive ion mode, matrix application
methods played a role in the MALDI analysis for different cationic species. Comparisons of
different methods for the application of DHA showed a significant increase in the intensity of
sodiated and potassiated analytes when using an aerosol sprayer. In negative ion mode, lipid
profiles generated using DAN were significantly different than all other matrices tested. This
difference was found to be driven by modification of phosphatidylcholines during ionization that
enables them to be detected in negative ion mode. These modified phosphatidylcholines are
isomeric with common phosphatidylethanolamines confounding MALDI IMS analysis when using
DAN. These results show an experimental basis of MALDI analyses when analyzing lipids from
tissue and allow for more informed selection of MALDI matrices when performing lipid IMS
experiments.

* Corresponding Author Address reprint requests to Jeffrey M. Spraggins, V9140 MRBIII, 465 215t Ave South, Nashville, TN 37232,
(615) 343-7333, jeff.spraggins@vanderbilt.edu.
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Introduction

Matrix-assisted laser desorption/ionization (MALDI) utilizes a small, organic chemical
matrix that aids in analyte desorption and ionization [1]. In MALDI imaging mass
spectrometry (IMS), ions are generated from discrete x,y locations (pixels) across a sample
surface using laser irradiation, and a mass spectrum is recorded at each position. lon images
are visualized by plotting the relative abundance of any mass-to-charge ratio (/m/2) as a heat
map over the measurement area [2-4]. No current MALDI matrix preparation provides high
sensitivity for all classes of biomolecules within a single IMS experiment. Thus, the MALDI
matrix chosen for an IMS experiment will greatly influence the measured intensities of
various analyte classes during analysis [5].

MALDI matrices are chosen based on their ability to provide sufficient ionization efficiency
for a given analyte class (e.g. low molecular weight metabolites, lipids, proteins, polymers,
or inorganic compounds) or sub-class [6-13]. Differences in observed analyte sensitivities
can be attributed to the physical properties of a matrix such as molecular structure, pH,
proton affinity, and peak wavelength absorbance [12-18]. 2,5-Dihydroxybenzoic acid
(DHB) is the most widely employed and studied MALDI matrix offering sufficient
sensitives for many analyte classes in positive ion mode MS analysis [16, 19-23]. 9-
Aminoacridine (9AA) is often used for the analysis of low molecular weight compounds in
negative ion mode MS analysis and 1,5-Diaminonaphthalene (DAN) ionizes many sub-
classes of lipid species with high sensitivity in both polarities [12, 18]. While both 9AA and
DAN are considered sensitive matrices, energy transferred during the MALDI process can
result in analyte modification or fragmentation complicating data interpretation [19, 24, 25].
\olatility is also a consideration when selecting a MALDI matrix because the matrix layer
must remain stable for lengthy acquisition times (hours) to avoid signal loss during an
imaging experiment. Matrix sublimation becomes a concern when using instruments with
high vacuum source regions. 2,5-Dihydroxyacetophenone (DHA) is an excellent matrix for
MS analysis of multiple analyte classes, however, its high volatility limits acquisition times
of MALDI time-of-flight (TOF) experiments [13].

Biological application or technological advancement of MALDI IMS for lipid analysis has
been performed in numerous studies. Advancements include development of tissue washing
protocols, new chemical matrices, and matrix application methods [26—35]. The most
thorough studies to investigate MALDI matrices for IMS have focused on DAN,
investigating analyte sensitivity and degradation patterns [12, 36]. However, these studies
concentrated on a single matrix or utilized instrumental platforms with limited molecular
coverage, restricting the number of observed lipids.

Herein, the relative sensitivity and molecular coverage of commonly employed MALDI
matrices is compared for IMS of lipids. This systematic assessment leverages high resolving
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power Fourier transform ion cyclotron resonance (FT-ICR) IMS to evaluate lipid profiles
with exceptional molecular coverage and specificity. Comparisons of IMS datasets collected
using various MALDI matrices elucidate trends in observed lipid sub-class and adduct
formation. We note the propensity of DAN to modify phosphatidylcholine lipids during
negative ion mode IMS analysis as well as differences in adduct formation in positive ion
mode IMS analysis. Evaluation of the effective sensitivity and molecular coverage of lipid
sub-classes will enable more informed experimental design for IMS experiments.

2,5-dihydroxyacetophenone (DHA, 97%), 1,5-diaminonaphthalene (DAN, 97%), 5-
chloro-2-mercaptobenzothiazole (CMBT, 90%), 2,5-dihydroxybenzoic acid (DHB, 98%),
ammonium formate, hematoxylin, and eosin were purchased from Sigma Aldrich (St. Louis,
MO, USA). Matrices were purified by recrystallization. 9-aminoacridine free base (9AA)
was purchased from Santa Cruz Biochem (Dallas, TX, USA). Indium tin oxide (ITO) coated
slides were purchased from Delta Technologies, Limited (Loveland, CO). All solvents
(methanol, ethanol, acetonitrile, trifluoroacetic acid, xylenes, and acetone) and optimal
cutting temperature compound were purchased from Fisher Scientific (Kalamazoo, Ml,
USA).

Sample Preparation

Fresh frozen mouse liver tissue (n=1 animal) was serially sectioned at 12 pm thickness using
a Leica CM3050s cryostat (Leica Biosystems, Buffalo Grove, IL, USA) and thaw mounted
on ITO coated glass slides (Delta Technologies, Loveland, CO, USA). Sections were stored
at —80 °C until thawed under vacuum. MALDI matrix was primarily applied by a robotic
aerosol sprayer (TM Sprayer, HTX Technologies, Chapel Hill, NC, USA) using optimized
conditions: 9AA in 90% methanol: 10% ddH,0 at 85°C, CMBT in 90% acetone: 10%
ddH,0 at 30°C, DAN in 90% acetonitrile: 10% ddH,O at 85°C, DHA in 90% acetonitrile:
9.9% ddH,O: 0.1% trifluoroacetic acid at 85°C, and DHB in 70% methanol: 30% ddH,O at
85°C. The amount of matrix per unit area of sprayed matrices are as follows: 9AA at 3.1
pg/mm2, CMBT at 18.0 pg/mm?2, DAN at 3.6 pg/mm?2, DHA at 3.1 pg/mm?, and DHB at 1.3
pg/mm?2. More information on matrix application by robotic aerosol sprayer can be found in
Table S1. For matrix application comparisons, matrix was sublimed onto tissue sections
using a custom built sublimation apparatus [36]. Sublimation was performed using
approximately 300 mg of DAN at 130°C and 25 mTorr vacuum for a final coating density of
2.0 pg/mm? and approximately 300 mg of DHA at 110°C and 25 mTorr vacuum for a final
coating density of 2.0 pg/mm?2. Amount of sublimated matrix per unit area was calculated by
measuring the weight differential and coated area. Post-imaging, sections underwent a
methanol wash to remove matrix followed by hematoxylin and eosin (Fisher Scientific,
Kalamazoo, MI, USA) staining. Stained sections were scanned for visualization using a
Leica SCN 400 optical slide scanner (Leica Microsystems GmbH, Wetzlar, Germany) at
20X magnification.
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Data Acquisition

All experiments were performed using a 15T FT-ICR mass spectrometer (MS) (solariX,
Bruker Daltonics, Billerica, MA, USA) equipped with an Apollo Il dual MALDI/ESI source
and an infinity cell (Bruker Daltonics, Billerica, MA, USA). The MALDI source employs a
smartbeam Il 2 kHz, frequency tripled Nd:YAG (355 nm) laser. Molecular images were
acquired with a pitch of 300 um in both the xand y directions using a ~50 um laser beam
size (250 to 1500 laser shots). Laser fluence was adjusted for each sample to achieve optimal
analyte signals. IMS data were acquired in both polarities from m/z 300 — 2000 with a
resolving power (m/Am) of ~ 330,000 at /7/z400. An X,y pitch offset of 150 um allowed
IMS data acquisition of both polarities from each prepared tissue sample. The time domain
file size was set to 2M (free induction decay: 1.15 s). The ion optics were tuned to maximize
transmission at the defined /n/zrange including the funnel RF amplitude (220 V), source
octopole (5 MHz, 310-360 V), collision cell (collision cell voltage: +/-2-3 V, cell: 2
MHz, 800-1000 Vpp), time-of-flight delay (0.7- 0.8 ms), transfer optics (4 MHz, 380 V),
and quadrupole (Q1 mass: /7/2550-700) for each matrix used. In-source collision-induced
dissociation was introduced when necessary to reduce matrix clusters. The source DC optics
were also tuned to maximize signal (capillary exit +/— 260 V, deflector plate: +/- 200 V,
plate offset: +/- 80 V, funnel 1: +/- 110-180 V, skimmer 1: +/- 15-35 V) as well as the ICR
cell parameters (transfer exit lens: +/- 15V, analyzer entrance: +/- 1.5V, side kick: 0V,
side kick offset: +/— 6-9 V, and front and back trap plates: +/- 1.0-1.5 V). lon detection was
performed using a sweep excitation power of 18%. Data were calibrated externally using red
phosphorous clusters prior to analysis and calibrated internally post-acquisition in FTMS
Processing software (Bruker Daltonics, Billerica, MA, USA) using known lipid species as
lock mass assignments. Data were acquired in triplicate for each MALDI matrix.
Hematoxylin and eosin (H&E) stained bright field images of the tissue sections were
overlaid with IMS data and imported into SCiLS Lab software (version 2016b, SCiLS
GmbH, Bruker Daltonics) for visualization and analysis.

Data Analysis

Data from lipid measurements were analyzed using SCiLS Lab 2016b (Bruker Daltonics,
Billerica, MA, USA) (Fig. S1). Unsupervised analyses consisted of spatial segmentations
and principal component analysis (PCA). Bisecting k-means spatial segmentation was
applied to all acquired data to identify off-tissue spectra containing only matrix signal in
order to remove them from consideration for analysis. Following segmentation, positive and
negative ion mode datasets were separately subjected to PCA with three components for
multivariate comparison. For supervised analyses, peak filter lists were created from m/z
values corresponding to lipid species derived from LIPID MAPS database (The LIPID
MAPS Lipidomics Gateway, http://www.lipidmaps.org/) and imported into SCILS Lab
software. Peak interval windows were created from values +/- 0.009% (~18 ppm) of each
my/z value for [M+H]*, [M+Na]*, [M+K]"*, and [M-H]" potential ion types. Percentage-
based intervals appropriately scale increasing /m/z values with decreasing instrumental mass
resolution. Peak filter lists allowed rapid molecular annotation of any intensity value (filtered
to signal-to-noise ratio > 3) present within an interval. Although the wider mass interval
windows can provide false positives for chemical annotation, the high resolving power
(>300,000 at m/z 750) and recalibrated mass accuracy (<3 ppm) of the FT-ICR MS data
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limit these occurrences [38]. However, it is noted that this approach does not account for
isomeric species. All molecular identifications are tentative and based on accurate mass
measurements. Receiver operating characteristic (ROC) analyses of the annotated intensities
from the LIPIDMAPS interval list were performed by comparing data replicates (n=3
analyses per MALDI matrix) from one matrix in a single class to replicates from all other
experimental groups. Structuring the ROC analyses in this manner isolated differences in
lipid intensities and frequencies unique to a single MALDI matrix when compared to other
matrices. Area under the ROC curve (AUC) values for each interval were exported for the
generation of heat maps using the open source /R environment or Microsoft Excel. AUC
values measure the discrimination quality of a single signal between two distributions (sets
of matrix-associated IMS pixels in this instance). A value of 1.0 or 0 would indicate perfect
discrimination between two classes. Color gradients were applied to AUC values within
each heat map. These AUC color gradients allow visualization of the corresponding
frequency and abundance of a variety of lipid species from any experimental condition. In
heat maps displaying only lipid sub-class rather than specific lipid species, AUC values were
averaged for all lipid species in a class and color gradients were assigned based on
percentiles. lon images were generated for specific 77z values highlighted by statistical
analyses to visually confirm findings. lon images provided visual context of the trends
identified by the analyses.

Results & Discussion

Matrix Effects on Positive lon Mode Lipid Analysis

Visual comparison of IMS averaged spectra show differences in spectral profiles for each
matrix tested (Fig. 1a). In the lower m/z range (/m/z 300 — 550), higher intensity signals
resulting from matrix clusters can be observed in the DAN averaged spectrum relative to
other matrices. CMBT, uniquely, produced matrix-lipid adducts that can be observed from
m/z1,000- 1,100 (fragmentation data not shown). Signals from m/z 1,500 — 1,650, observed
in all cases, were determined to be lipid dimer species based on mass accuracy
measurements. Although dimer signals visually appear less intense with CMBT matrix, this
is an effect of scaling due to high intensity signals from /21,000 — 1,100. Lipid sub-
classes, compared as a percent composition of the total number of lipids for protonated,
sodiated, and potassiated ion types, generally show similar profiles for the matrices tested.
(Fig. 1b — 1d). However, several trends were elucidated for each of the common cation
adducts. For [M+H]* ion types (Fig. 1b), the highest percentage of phosphatidylglycerols
(purple) was detected using DHA. Additionally, DAN resulted in a higher relative
percentage of glycophospholipids (light green), whereas the highest percentage of
phosphatidylserines was detected using 9AA (dark purple). The highest percentage of
sodiated sulfatides (dark orange) was detected using DAN, and the highest percentage of
sodiated phosphatidylethanolamines (dark blue) was detected using DHA (Fig. 1c). Finally,
the relative percentage of potassiated cardiolipins (yellow) and potassiated
glycerophospholipids (green) were higher for all matrices compared to protonated and
sodiated ion types (Fig. 1d). To compare sensitivity and propensity for adduct formation, the
total number of lipids was compared for each ion type (Fig. 1e). While the largest number of
lipids were detected with DHA, many were [M+Na]* ion types. Although DAN is highly
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sensitive it does not provide the molecular coverage of 9AA, CMBT, and DHA. These
comparisons show broad differences in observed intensities when employing various
matrices for IMS of lipids. However, specific trends in positive ion mode data can be further
isolated using statistical tools such as PCA and ROC analysis.

PCA of positive ion mode IMS data differentiated each of the five MALDI matrices tested.
(Fig. 2). The scores plot from component 1 and component 2 account for 83.0% of the total
variance of the dataset. Qualitatively, most of the differentiation between the spectral
profiles of the MALDI matrices is captured in the first principal component. CMBT, DHA,
and DHB positive ion mode data have the most similar spectral profiles, while data acquired
using 9AA and DAN have overlapping profiles that are clearly distinguishable from the
other matrices (Fig. 2a). The loadings plot from these data highlights ions that are primary
contributors of variation across datasets and can be used to further probe specific molecular
differences. Fig. 2b shows many data points corresponding to specific ions, distant from the
central data cluster. lons located outside of the 95% confidence interval were identified as
predominately phosphatidylcholines. Most phosphatidylcholines to the left of the central
cluster are cationized by potassium, while most phosphatidylcholines right of the central
data cluster are protonated. This insight suggests that there is a large difference in the
adducts formed during ionization for each MALDI matrix.

Heat maps allow visualization of data from binary, supervised ROC analyses based on
intensity and frequency for specific lipid sub-classes and allow for interpretation of
sensitivity differences within these complex datasets (Fig. 3). ROC analyses were structured
to isolate differences in annotated lipid intensities and frequencies unique to a single

MALDI matrix when compared to other matrices. Data acquired using 9AA have higher
sensitivity for protonated and sodiated phosphatidylserines relative to other matrices. CMBT,
DHA and DHB show similar relative lipid sub-class sensitivities for protonated species
including higher sensitivity for phosphatidylglycerols and sulfatides. CMBT, DHA and DHB
matrices also displayed lower sensitivity for protonated phosphatidylserines and
phosphatidylcholines, and higher sensitivity for sodiated phosphatidylcholines. Data
acquired using 9AA and DAN have a higher sensitivity for protonated phosphatidylcholines.
Finally, DHA resulted in higher sensitivity for potassiated signals of all lipid classes when
compared to other matrices.

To determine the effect of sample preparation on the ion type observed in IMS, matrix spray
coating was compared to sublimation with and without a washing protocol to remove
endogenous salts from the tissue. Heat maps for protonated, sodiated, and potassiated lipid
annotations are shown for robotically sprayed and sublimated matrix application methods
(with and without washing with 1 mM ammonium formate, Fig. 4) [13, 26]. DHA shows a
higher propensity to form potassiated and sodiated ion types when applied using a robotic
aerosol sprayer, presumably due to salts being introduced during the spraying process. When
matrix is applied by sublimation, potassiated and sodiated adducts are reduced. When tissues
are washed with an ammonium formate buffer followed by sublimation of the matrix,
protonated lipid ion types dominate the spectra. This is consistent with previous work
showing matrix application and tissue washing methods having an effect on adduct
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formation due to the presence of nonvolatile salts, either endogenous to tissue or introduced
by robotic aerosol sprayer matrix application [26, 39].

Lipid images of liver tissues collected as part of the statistical analyses highlighted above are
depicted in Fig. 5. Liver tissue was selected for IMS analysis due to its homogenous
morphology. Three protonated phosphatidylcholines for each matrix are shown in Fig. 5a.
These ion images display higher abundances in the 9AA and DAN datasets. Three
phosphatidylcholines with potassium adducts are shown in Fig. 5b. These ion images display
higher intensities in the CMBT, DHA, and DHB datasets. The images visually confirm
findings from the positive ion mode AUC heat maps, showing differential formation of
protonated, sodiated, or potassiated adducts based on the selected MALDI matrix.

Matrix Effects on Negative lon Mode Lipid Analysis

Negative ion mode IMS lipid analysis predominately results in deprotonated ion types [38].
Similar analytical strategies as those used for positive ion mode analysis were used to assess
negative ion mode lipid IMS data. Visual comparison of averaged IMS spectra (Fig. 6a)
show significant differences in spectral profiles. A grouping of high intensity signals can be
observed from /2 700-800 when using DAN. Annotation of these lipids based on accurate
mass measurements alone suggests that phosphatidylethanolamines are detected with greater
sensitivity using DAN relative to other MALDI matrices. Additionally, the propensity of
each matrix to produce chemical noise (/.e. matrix clusters) in the low m/zrange (m/z values
< 500) varies dramatically. For example, matrix-related peaks are far more intense than lipid
signals when using DHB in negative ion mode. The number of lipid annotations from each
sub-class was compared as a percentage of the total number of annotated lipid species for
deprotonated ion types (Fig. 6b). DHB produced the fewest number of total annotated lipids
(Fig. 6¢) predominately comprised of cardiolipins (yellow), glycosphingolipids (green),
phosphatidylinositols (pink), and phosphatidylserines (dark purple). Similar species were
observed for all other matrices tested. However, DAN showed a significant increase in the
number of annotated phosphatidylethanolamines relative to the other lipid sub-classes.
Overall, DAN and 9AA produced the largest number of deprotonated lipid ions detected in
negative ion mode. This increased efficiency in negative ion mode by 9AA and DAN is
attributed to the gas phase basicity or proton affinity inherent to the matrices. To further
dissect trends within negative ion mode data, PCA and ROC analysis were employed.

PCA of the negative ion mode data provides a global view of the molecular variance
between the MALDI matrices. The scores plot for principal components 1 and 2, accounting
for 65.2% of the total variance of the dataset, shows that DHB and DAN datasets lie partially
outside of the 95% confidence interval and distant from data acquired using 9AA, CMBT,
and DHA (Fig. 7a). The negative ion mode loadings plot (Fig. 7b) separates the ions into
three areas outside of the 95% confidence interval ellipse. In addition to matrix clusters,
there are many annotated phosphatidylethanolamines distant from the 95% confidence
interval ellipse suggesting these ions play a large role in the observed variance between the
examined matrices. This observation was confirmed when analyzing the heat maps for
specific lipid sub-classes (Fig. 8). A high AUC value can be observed for
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phosphatidylethanolamines within the DAN matrix dataset compared to other negative ion
mode data acquired using other matrices.

A significant driver of this apparent sensitivity for phosphatidylethanolamines is due to lipid
modifications induced by DAN during the desorption/ionization process [19]. Typically,
phosphatidylcholines are not observed in negative mode analysis due to the fixed positive
charge on the choline head group. However, when performing negative ion mode MALDI
MS analysis of lipids using DAN, a methyl group is lost from the head group of
phosphatidylcholines. This loss enables efficient ionization in negative ion mode (Supp. Fig.
9). It is hypothesized that an amide group from the DAN matrix molecule interacts with a
choline head group during the MALDI process, resulting in the creation of a 2-methyl amino
head group (2MeN). The m/zvalues corresponding to phosphatidylcholines modified in this
way are isomeric with phosphatidylethanolamines comprised of two additional carbons in
the fatty acyl chains. These modified lipids are often misidentified and introduce
experimental bias when employing DAN as a MALDI matrix to analyze complex lipid
mixtures in negative ion mode.

lon images generated from signals highlighted by negative ion mode statistical analyses are
shown in Fig. 9. lon images shown in Fig. 9a correspond to molecular species less abundant
in DAN data matrix. Alternatively, Fig. 9b shows ion images for a phosphatidylinositol,
P1(38:4), detected using all matrices and two examples of phosphatidylcholines that have
been modified during MALDI with DAN (2MeN-PE(36:4) and 2MeN-PE(36:6)).

Conclusions

The sensitivity of commonly employed MALDI matrices for the analysis of lipids was
compared using IMS. A global view of similarities and differences was achieved through
both qualitative and quantitative approaches. Visual comparison of spectral data offered
insight into the most abundant ions for each matrix (lipids, matrix clusters, or matrix-lipid
adducts). The total number of lipids detected and differences between the relative number of
species associated with each lipid sub-class were compared. PCA and ROC analyses enabled
examination of intensity-related trends within the data. These analyses uncovered
dissimilarity in the relative sensitivity for lipid sub-classes and propensity to generate
sodiated and potassiated lipid cations. Of note, DAN and 9AA showed a higher propensity
for producing protonated ions whereas other matricies tested (DHB, DHA and CMBT) were
more highly sensitive for sodiated and potassiated lipid cations. In negative ion mode, a
major finding was that DAN produced lipid profiles that were significantly different than the
other matrices tested. This was found to result from modification of the head group of
phosphatidylcholines during desorption/ionization. An assessment of common lipid matrices
uncovered chemical phenomena attributed to the method of sample preparation, adduct
formation, or analyte modification that should be considered when performing MALDI IMS
of lipids. The depth of analysis provided by this study allowed for insight into data trends
that can indicate potential experimental biases. Furthermore, the data analysis workflow
highlighted here can serve as a general strategy for efficiently processing any IMS
experiment where it is helpful to identify trends in global lipid measurements.
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Figure 1: Comparisons of positiveion mode lipid analyses using several MALDI matricesreveal
differencesin global spectral profiles, the relative abundances of lipid sub-classes, and the lipid
ion types.

a) The average spectra from the IMS analysis for 9AA, CMBT, DAN, DHA, and DHB

matrices show differences in global spectral profiles. b-d) Lipids were aggregated into the
appropriate lipid sub-classes and displayed as a percentage of the total number of lipids for
the [M+H]*, [M+Na]*, and [M+K]" ion types. €) The total number of lipids was tabulated
for each matrix and ion type to compare molecular coverage. The potential of a single lipid
species forming multiple ion types was not accounted for.
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Figure 2: PCA ducidates qualitative differences among positive ion mode data.
a) A positive ion mode PCA scores plot with a 95% confidence ellipse reveals the variance

of the data. b) A positive ion mode loadings plot with a 95% confidence ellipse highlights
lipids that are separated from the central cluster, identified as protonated or potassiated
phosphatidylcholines lipid species.

J Mass Spectrom. Author manuscript; available in PMC 2021 April 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Perry et al.

Sulfatides
Ceramides

Lipid Class, [M+H]* 9AA CMBT DAN DHA DHB

Cardiolipins

Glycerophospholipids

Glycosphingolipids

Oxidized phospholipids
Phosphatidylcholines
Phosphatidylethanolamines:
Phosphatidylglyerols
Phosphatidylinositols

Phosphosphingolipids
Phosphatidylserines

Lipid Class, [M+Na] * 9AA CMBT DAN
Sulfatides '

Ceramides

DHA DHB

Cardiolipins
Glycerophospholipids
Glycosphingolipids

Oxidized phospholipids

Phosphatidylcholines
Phosphatidylethanolamines
Phosphatidylglyerols
Phosphatidylinositols
Phosphosphingolipids

Phosphatidylserines

Sulfatides |
Ceramides
Cardiolipins
Glycerophospholipids
Glycosphingolipids

Lipid Class, [M+K] * 9AA CMBT DAN DHA DHB

Oxidized phospholipids
Phosphatidylcholines
Phosphatidylethanolamines
Phosphatidylglyerols
Phosphatidylinositols
Phosphosphingolipids
Phosphatidylserines

AUC Percentiles

10% 0% 90%

Figure 3: Positiveion mode heat mapsfor each lipid subclass allow for

visualization of
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differencesin sensitivity and are shown as a function of theion type [M+H]*, [M+Na]*, and [M

+K]*.

Blue represents low abundance of a lipid sub-class and red represents a high abundance.
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Figure 4: Heat mapsfor each lipid subclass allow for visualization of differencesin sensitivity
across [M+H]*, [M+Na]*, and [M+K]* ion types based on the DHA matrix application method.

Blue represents low abundance of a lipid sub-class and red is a high abundance.
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CMBT, DHA, and DHB compared to 9AA and DAN.

PC(38:6)
- ——

J Mass Spectrom. Author manuscript; available in PMC 2021 April 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnuely Joyiny

Perry et al.

9AA (-)

|l ..lm\|

|

Lo

Page 17

CMBT (-)

Llllu.m

1l

DAN (-)

1 |

i

bl

1 DHA

A

L b

PHB ()

|

l

s

I

ny

ll.! L

hLu L

W

b Percent Lipid Class Composition,[M-H]"
x

£ 9AA
SCMBT
a DAN
DHA
DHB

MAL!

0%

400

600

(0]
o
o

MALDI Matrix ¢

Percent of Total Lipids

100%

9AA
CMBT
DAN

DHA
DHB

1000

1200

Number of Lipids,[-]

‘m/z

0

100 200
Number of Total Lipids

== Ceramides =m Sulfatides =3 Cardiolipins == Glycerophospholipids =a Glycosphingolipids
=2 Oxidized phospholipids == Phosphotidylcholines =m Phosphatidylethanolamines
mm Phsophotidylglycerols == Phosphotidylinositols == Phosphosphingolipids == Phosphatidylserines

Figure 6: Comparisons of negativeion mode lipid analyses using several MAL DI matrices reveal
differencesin global spectral profilesand therelative abundances of lipid sub-classes.

a) Averaged spectra from the IMS analyses for 9AA, CMBT, DAN, DHA, and DHB

matrices show differences global spectral profiles. b) Lipids were aggregated into the

appropriate lipid sub-classes, and displayed as a percentage of the total number of identified
lipids. ¢) The total number of lipids was tabulated for each matrix to compare molecular

coverage.
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Figure 7: PCA ducidate differences among negative ion mode data.
a) A negative ion mode PCA scores plot with a 951" confidence ellipse reveals the variance

of the data. b) A negative ion mode loadings plot with a 95" confidence ellipse highlights
lipids that are separated from the central data cluster.
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Figure 8: Negativeion mode heat maps for each lipid subclass allow for visualization of

differencesin sensitivity.

Blue represents low abundance of a lipid sub-class and red represents a high abundance.
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Figure 9: Individual lipid images generated from negative mode data provide visual context to
trends.
(a) Many lipid sub-classes were found to be less abundant with DAN compared to the other

four matrices. (b) However, multiple PE and PI lipids were found to be more abundant with
DAN compared to the other four matrices.

J Mass Spectrom. Author manuscript; available in PMC 2021 April 01.



	Abstract
	Introduction
	Methods
	Materials
	Sample Preparation
	Data Acquisition
	Data Analysis

	Results & Discussion
	Matrix Effects on Positive Ion Mode Lipid Analysis
	Matrix Effects on Negative Ion Mode Lipid Analysis

	Conclusions
	References
	Figure 1:
	Figure 2:
	Figure 3:
	Figure 4:
	Figure 5:
	Figure 6:
	Figure 7:
	Figure 8:
	Figure 9:



