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8.3. Example clusters

 

Figure S5. Classification results of cluster 𝐶28𝐻58𝑂 + 𝐴𝑔 in Dataset 4. (A) Comparison 
between the mean experimental spectra and the theoretical pattern. (B) Spatial 
distributions of the experimental cluster peaks. (C) Correlation matrix between the 
experimental ionic images of the cluster. The cluster is misclassified as silver-related 
(false positive). Further study and annotation of these peaks would be needed to assess 
if the compound is indeed present in the sample implying that this specific compound 
should not be included in the “ground truth” as a negative class. Nevertheless, the 
constant and notable mass error between experimental and theoretical peaks allows us 
to infer that the experimental pattern might be due to a different compound. Adjusting 
the mass tolerance of the algorithm would get rid of these false positives. 
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Figure S6. Classification results of cluster 𝐴𝑔6 in Dataset 12. (A) Comparison between 
the mean experimental spectra and the theoretical pattern. (B) Spatial distributions of 
the experimental cluster peaks. (C) Correlation matrix between the experimental ionic 
images of the cluster. The cluster is misclassified as not silver-related (false negative). 
Like the example in Figure 2, peaks m/z 641.43, m/z 643.43 and m/z 653.43 clearly 
suffer from overlapping. Nevertheless, due to the high homogeneity of the fingerprint 
sample, the morphological correlation between the overlapped and the non-overlapped 
ions is relatively high. The overlapping detection algorithm fails to detect the overlapped 
peaks. 
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Figure S7. Classification results of cluster 𝐴𝑔5 in Dataset 3. (A) Comparison between 
the mean experimental spectra and the theoretical pattern. (B) Spatial distributions of 
the experimental cluster peaks. (C) Correlation matrix between the experimental ionic 
images of the cluster. The cluster is correctly classified as silver-related (true positive). 
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Figure S8. Classification results of cluster 𝐶26𝐻52𝑂2 + 𝐴𝑔 in Dataset 11. (A) Comparison 
between the mean experimental spectra and the theoretical pattern. (B) Spatial 
distributions of the experimental cluster peaks. (C) Correlation matrix between the 
experimental ionic images of the cluster. The cluster is correctly classified as not silver-
related (false positive). 
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8.4. Effects of overlapping peak detection 

 

Figure S9. Similarity score S1·S2 vs. Cluster number and Precision vs. Recall curves 
with overlapping peak detection disabled or enabled. (A) & (B) Overlapping peak 
detection disabled. Multiple Ag6 clusters receive a low score and are thus misclassified 
as not Ag-related. (C) & (D) Overlapping peak detection enabled. The number of 
misclassified Ag6 clusters is considerably reduced.  Additionally, the gap between the 
positive and negative class is now bigger leading to a more robust thresholding. 
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8.5. Complete exploratory analysis using PCA  

 

 

Figure S10. Exploratory analysis with PCA before (top row) and after (bottom row) 
removing matrix-related peaks for Datasets 1-4. Red, green and blue are used to 
represent the spatial distribution of PC1, PC2 and PC3, respectively. The last column 
uses the Red Green Blue colour model (RGB) to represent the first three principal 
components in a single image.  
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Figure S11. Exploratory analysis with PCA before (top row) and after (bottom row) 
removing matrix-related peaks for Datasets 5-8. Red, green and blue are used to 
represent the spatial distribution of PC1, PC2 and PC3, respectively. The last column 
uses the Red Green Blue colour model (RGB) to represent the first three principal 
components in a single image.  
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Figure S12. Exploratory analysis with PCA before (top row) and after (bottom row) 
removing matrix-related peaks for Datasets 9-12. Red, green and blue are used to 
represent the spatial distribution of PC1, PC2 and PC3, respectively. The last column 
uses the Red Green Blue colour model (RGB) to represent the first three principal 
components in a single image.  
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Figure S13. Exploratory analysis with PCA before (top row) and after (bottom row) 
removing matrix-related peaks for Datasets 13-14. Red, green and blue are used to 
represent the spatial distribution of PC1, PC2 and PC3, respectively. The last column 
uses the Red Green Blue colour model (RGB) to represent the first three principal 
components in a single image.  

Table S2. Number of peaks, number of annotated 𝐴𝑔𝑛
+ peaks, reduction ratio and 

percentage of the Total Ion Count (TIC) accounted by 𝐴𝑔𝑛
+ peaks for all datasets. 

Dataset # Peaks # 𝐴𝑔𝑛
+ peaks Reduction ratio 

TIC % (𝐴𝑔𝑛
+ 

peaks) 

1 1164 53 4.55% 31.78% 

2 1164 51 4.38% 34.47% 

3 381 46 12.07% 50.41% 

4 621 55 8.86% 55.63% 

5 625 45 7.2% 45.59% 

6 585 41 7% 52.89% 

7 135 39 28.89% 50.65% 

8 135 39 28.89% 54.88% 

9 174 43 24.71% 57.92% 

10 174 43 24.71% 57.39% 

11 1028 51 4.96% 49.99% 

12 544 57 10.48% 32.75% 

13 693 6 0.87% 2.71% 

14 488 2 0.41% 0.07% 
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Figure S14. Mean spectra of Datasets 2 and 11. Red highlights Ag-related peaks. 

 

Figure S15. Exploratory analysis with PCA for Dataset 11. Matching the same number 
of features before and after removing matrix-related peaks. The  Red, green and blue 
are used to represent the spatial distribution of PC1, PC2 and PC3, respectively. The 
last column uses the Red Green Blue colour model (RGB) to represent the first three 
principal components in a single image. (A) After removing matrix-related peaks. 
Containing 977 features. (B) Before removing matrix-related peaks. Selecting the 977 
most intense features. (C-L) Before removing matrix-related peaks. Selecting 977 
features randomly 10 times. 
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8.6. Performace comparison to blank subtraction 

 

Figure S16. Regions Of Interest (ROI) outside of sample used to perform blank 
substraction. (A) Optical image of the brain slice used for Dataset 9. (B) Zoom-in of the 
off-sample ROI (C) Laser spots detail (D) Optical image of the brain slice used for 
Dataset 10. (E) Zoom-in of the off-sample ROI (F) Laser spots detail 
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Figure S17. Mean spectra comparison between on-sample ROI (red) and off-sample 
ROI (blue) for Dataset 9 (top) and Dataset 10 (bottom). The out-sample spectra are 
considerably less intense and it is apparent that there are signals other than Ag-related 
signals. 

 

Figure S18. Precision and recall (PR) curve for background subtraction using three 
different metrics (Fold Change, Intensity and SNR) for Datasets 9 and 10. SNR and 
intensity are better classifiers than Fold Change as they report considerably higher area 
under the curve. The highest AUC of 0.61 reported for Dataset 10 using Intensity as the 
classification metric. 
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CHAPTER 5: 

 

Stable Isotope Labeled MALDI matrix 

enables FDR-controlled discovery of 

endogenous and exogenous matrix-

containing adducts in Mass 

Spectrometry Imaging 
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Abstract 
Matrix Assisted Laser Desorption Ionization Mass Spectrometry Imaging (MALDI-MSI) 

has become a mature, widespread analytical technique to perform non-targeted spatial 

metabolomics. However, the matrix used to promote desorption and ionization causes 

spectral interferences in the low mass range that hinder downstream data processing. 

Matrix-containing adducts should be annotated and properly dealt with. Exogenous 

matrix-containing adducts should be removed to reduce non-biologically-relevant 

variables in the dataset. While matrix adducts with endogenous compounds, promise to 

shed light into the dark metabolome of MALDI-MSI. 

Current automatic tools suffer from multiple of the following pitfalls: (1) focus exclusively 

on the spatial distribution, (2) do not control the False Discovery Rate (FDR), (3) do not 

consider adducts with endogenous metabolites, and (4) rely on a predefined list of 

theoretical matrix adducts. 

Here we develop an experimental and computational workflow to discover matrix-

containing adducts using 13𝐶6-labeled 2,5-Dihydroxybenzoic acid (13𝐶6-DHB). By 

exploiting the  labeling-induced m/z shift and unique spatial distribution of matrix-

containing ions we can discover and annotate matrix-containing adducts formed with 

exogenous and endogenous  compounds. This theoretical list can be used by 

rMSIcleanup or general purpose MSI annotation software to annotate matrix-related 

signals in MSI experiments under the same experimental conditions (tissue type, matrix, 

and ionization mode). 

The computational part of the workflow is included in rMSIcleanup, an open-source R 

package to annotate and remove signals from the matrix. The results call for the 

community to incorporate matrix-related peak annotation tools such as rMSIcleanup in 

their MALDI-MSI workflows. 

Keywords: MALDI, mass spectrometry imaging, annotation, matrix, DHB, stable 

isotope labeling, metabolomics, small molecule 
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1. Introduction 
Matrix-Assisted Laser Desorption Ionization Mass Spectrometry Imaging (MALDI-MSI) 

is a booming analytical technique capable of spatially-resolving biomolecules in tissue 

samples (Rohner, Staab, and Stoeckli 2005). It has quickly become an invaluable 

technique in the analysis of complex and large biomolecules like proteins and peptides 

(Chaurand et al. 2006; Rohner, Staab, and Stoeckli 2005) and in recent years the interest 

has shifted towards metabolomics (Alexandrov 2020; Greer, Sturm, and Li 2011; Gao et 

al. 2022), the analysis of small molecules such as lipids, metabolites, and drugs. MALDI-

MSI has successfully unraveled the metabolite complexity of molecular networks in 

complex diseases such as cancer (Notarangelo et al. 2022; Coy et al. 2022; L. Wang et 

al. 2022). 

In the classical MALDI-MSI workflow, an organic compound (e.g. matrix) is deposited 

onto the sample to promote the desorption and ionization of endogenous analytes. 

Unfortunately, this low-weight exogenous compound adds several undesired MS signals 

to the MALDI-MSI spectra. Including exogenous matrix signals (adducts, multiple 

charges, and in-source fragments) and matrix adducts with endogenous biomolecules. 

These signals add an undesired layer of complexity to core MSI processing pipelines like 

untargeted statistical analyses (Baquer et al. 2020) or molecular annotation (Baquer et 

al. 2022). This is particularly worrying in metabolomics and lipidomics, as matrix-related 

signals are densely concentrated in the low m/z range. 

This problem can be mitigated at the sample preparation level through derivatization, 

doping, or specialized deposition techniques (Calvano et al. 2018). Alternatively, 

rationally-designed MALDI matrices can reduce matrix-related signal interference. Some 

examples include organic matrices like 9-Aminoacridine (9AA) (Vermillion-Salsbury and 

Hercules 2002) and 1,5-Diaminonaphthalene (DAN) (Dong et al. 2013) or inorganic 

matrices like gold (Ràfols et al. 2018)  or silver (Guan et al. 2018) sputtering, or silicon 

nanostructured substrates (Iakab et al. 2022). 

Nevertheless, the adoption of some of these methods is still far from widespread as the 

choice of a matrix influences analyte/matrix co-crystalization, laser absorption, analyte 

ionization, and minimal analyte fragmentation. For this reason, first-generation matrices 

remain widely used in MALDI-MSI. In fact, 2,5-Dihydroxybenzoic acid (DHB) and alpha-

Cyano-4-hydroxycinnamic acid (CHCA) represent 53% and 16% of all MALDI datasets 

in METASPACE (Alexandrov et al. 2019), the most widely used MSI database. 

Apart from generating non-biologically relevant ions, the matrix is known to form adducts 

with endogenous metabolites  (Janda et al. 2021). Traditionally,  this phenomenon has 

been largely overlooked by automatic annotation tools which focus on a small list of 

possible adducts (M+H, M+Na, M+K, M-H, and M+Cl).  Correctly annotating matrix-

containing endogenous adducts would shed light on the dark metabolome (MS signals 

that cannot be identified) and increase the metabolome coverage and annotation 

confidence of MSI experiments. 

In a previous study, we demonstrated the use of rMSIcleanup to automatically annotate 

matrix-related signals in Ag-LDI-MSI (Baquer et al. 2020). We also showed that the 

removal of matrix-related signals allowed Principal Component Analysis (PCA) to better 

focus on biologically-relevant morphology.  

OffSample AI (Ovchinnikova et al. 2020) proposed several ML-based models to annotate 

ion images localized outside of the tissue (off-sample). Only half of the theoretical DHB 
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adducts detected (B. O. Keller and Li 2000) presented an off-sample spatial distribution, 

the rest were localized on-sample. Therefore, spatial distribution alone is insufficient to 

comprehensively annotate matrix-related signals. They also found that DHB-related 

signals comprise 5% of all detected ions. Nevertheless, their combinational model 

focuses on common adducts (-H,+Na,+K, and -H2O) and does not explore the 

prevalence of matrix adducts with endogenous biomolecules. 

In this regard, mass2adduct (Janda et al. 2021) found a non-negligible number of 

metabolite-matrix adducts in DHB and CHCA datasets (up to 36% of all ions in certain 

datasets). As an example, amine-containing metabolites are prone to form matrix 

adducts (e.g. [M+(DHB-H2O)+H]+)  in contrast to metabolites without nitrogen. Their 

approach exploits mass differences between all possible pairs of ions to automatically 

find metabolite-matrix adducts. The main caveats of their approach are: (1) it can only 

discover matrix adducts with endogenous metabolites already forming protonated or 

alkali adducts, (2) it does not control the False Discovery Rate (FDR), and (3) it only 

considers a limited number of matrix adducts. 

Here, we present an experimental and cheminformatic workflow to identify matrix-related 

signals using stable isotope-labeled (SIL) organic matrices. We use a DHB analog with 

a 13C-labeled aromatic ring (13𝐶6-DHB) to introduce a known m/z shift and isotopic 

pattern to all matrix-containing ions. By comparing consecutive tissue slices prepared 

with DHB and 13𝐶6-DHB, we are able to classify all ions into (1) endogenous, (2) 

exogenous matrix adduct, and (3) endogenous matrix adduct. The matrix adducts are 

then matched against a theoretical list of DHB adducts and in-source fragments and the 

Human Metabolome Database (Wishart et al. 2018) to provide a list of molecular 

annotations. Our annotations are FDR-controlled using a novel approach combining a 

decoy matrix and a decoy m/z shift distribution in a target-decoy setting (Elias and Gygi 

2007). We show that matrix-related signals represent 15% of all ions and their removal 

is beneficial in untargeted applications, as it improves metabolite annotation and 

multivariate analyses. Additionally, we found that 23% of all ions correspond to matrix 

adducts with endogenous compounds. Considering these adducts in routinary 

metabolite annotation clears out a significant portion of the dark metabolome and 

increases the coverage of untargeted MSI metabolomics. 

The experimental and computational protocol introduced can be deployed to discover 

matrix-containing adducts with other organic matrices, MALDI sources, and tissue types. 

The list can then be used as an in-house library to annotate matrix-containing adducts in 

experiments prepared with unlabeled matrices.  All protocols are freely available at 

www.protocols.io/. Additionally, an R implementation of the computational protocol is 

released as a module of rMSIcleanup, an open-source R package for the annotation of 

matrix-related signals in MSI. 

2. Results 

2.1. 13𝐶6-DHB produces high-quality MALDI-MS images  

Our method for matrix-related signal discovery uses 4 consecutive slices of the same 

mouse brain: 2 prepared with DHB and 2 with 13𝐶6-DHB (Figure 1). In all samples, the 

corpus callosum shows a higher TIC (Fig. 1A), commonly attributed to the dissimilar ion 

suppression compared to more densely packed brain tissue (Taylor, Dexter, and Bunch 

2018). At a first glance, this structure shows finer details in the DHB samples. Overall, 

UNIVERSITAT ROVIRA I VIRGILI 
COMPUTATIONAL TOOLS FOR THE ANNOTATION OF IN-SOURCE FRAGMENTS AND MATRIX-RELATED SIGNALS IN MALDI MASS 
SPECTROMETRY IMAGING 
Gerard Baquer Gómez 

https://paperpile.com/c/xwYOBf/gPkR
https://paperpile.com/c/xwYOBf/0YRI
https://paperpile.com/c/xwYOBf/TvDm
https://paperpile.com/c/xwYOBf/0k2r
https://paperpile.com/c/xwYOBf/0k2r
http://www.protocols.io/X
http://www.protocols.io/X
http://www.protocols.io/X
https://paperpile.com/c/xwYOBf/xvyh
https://paperpile.com/c/xwYOBf/xvyh


170 
 

the mean spectra of the two groups are similar, with comparable intensities and peaks 

(Fig. 1B).  In fact, the distribution of pixel TIC across groups is identical (Fig. 1E).  

We measure spatial autocorrelation (Moran’s I) (Smets et al. 2019), as a proxy for 

morphology definition in ion images. Figure 1 D shows that off-sample regions (only 

matrix) show negligible autocorrelation (spatially noisy) while the tissue regions present 

positive autocorrelation (fine definition of morphological features). Sample A1 (DHB) 

presents higher levels of autocorrelation, indicating an overall better definition of 

anatomical structures, nevertheless, this difference is not statistically significant across 

groups (pval=0.83). Optical images of the samples (Fig. 1C) reveal more sectioning 

artifacts (cracks and folds) in the 13𝐶6-DHB samples which partially explains the 

perceived lower-quality images. 

Finally, the UMAP (McInnes, Healy, and Melville 2018) projection of all pixels (Fig. 1G) 

reveals exceptionally low variability among technical replicates and clear separability 

between DHB and 13𝐶6-DHB. This reinforces the importance of matrix-related signals in 

unsupervised multivariate analyses. When mapped spatially, the first component (UMAP 

1) (Fig. 1H) is similarly expressed across groups and highlights different anatomical 

features: cerebral cortex and midbrain (red), cerebral nuclei (black), thalamus and 

hypothalamus (pink), corpus callosum (green) and medulla (blue). Additionally, UMAP 1 

also highlights the sectioning artifacts mostly affecting sample A4. On the other hand, 

the second component (UMAP 2) (Figure 1J) focuses on differences across groups (DHB 

vs 13𝐶6-DHB). These differences are expected, given the m/z shift introduced by the 

labeling, only endogenous ions are shared across groups. All matrix-related ions are 

expressed in one group and not present in the other. Interestingly, UMAP 2 also 

overlooks sectioning artifacts and brings out a fine definition of the corpus callosum in 

samples A3 and A4. 

Collectively, these results show that 13𝐶6-DHB images are of marginally lower quality. 

Probably due to lower matrix purity (95% vs 99%) and a confounding sectioning artifact. 

But these differences are not statistically significant (p>0.5) and 13𝐶6-DHB produces ion 

images of high quality that can be used to discover matrix-related signals. 

2.2. 13𝐶6-DHB enables the discovery of matrix-related 

signals 

2.2.1. List of discovered matrix-containing adducts 

Following the proposed workflow on mouse brain slices prepared with DHB and 13𝐶6-

DHB  we are able to annotate 12 matrix-containing exogenous adducts (Table 1) and 

112 matrix-containing endogenous adducts (Table 2). 

2.2.2. Workflow overview 

The main experimental and computational workflow for matrix-related signal discovery 

is summarized in Figure 2. The complete protocols are available at www.protocols.io/. 

DHB and 13𝐶6-DHB are deposited onto consecutive tissue sections. All matrix-related 

signals will be characterized by (1) a known m/z shift (e.g. +6, +12, and +18 Da), and (2) 

matching spatial distribution. Additionally, their presence in off-sample regions (only 

matrix) will discern between endogenous and exogenous adducts. We can thus classify 
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all ions into (1) endogenous, (2) exogenous matrix adducts, and (3) endogenous matrix 

adducts (Fig. 2A).  

The experimental spectra are matched against a list of theoretical matrix-related clusters, 

and annotation confidence is divided into 3 levels based on the evidence found: 

theoretical match, spatial classification, and SIL m/z shift (Fig. 2B). The top 2 levels (+++ 

and ++) correspond to hits to the theoretical DHB adducts and fragments (see Methods) 

while the bottom level (+) represent candidate adducts of DHB with endogenous 

metabolites. This level is later searched in the HMDB to find putative annotations. 

Finally, we introduce a novel target-decoy approach to estimate the FDR using CHCA 

as a decoy matrix and a bimodal distribution of decoy m/z shifts (Fig. 2C). 

2.2.3. Analysis of labeling induced m/z shifts 

The first foundation of our computational method is the detection of m/z shift associated 

with the SIL. Figure 3A shows the most abundant m/z shifts between all possible pairs 

of peaks found in the DHB and 13𝐶6-DHB samples. The three most abundant m/z shifts 

(z-score > 2𝞂) are 0, +1, and +6 Da corresponding to endogenous, M+1 isotopes and 

[13𝐶6-DHB - DHB] shifts respectively. The 2*[13𝐶6-DHB - DHB] m/z shift (+12 Da) is 

also higher expressed (z-score > 𝞂). The +6 and +12 Da disappear when comparing the 

two DHB replicates (Fig. 3B). Figure 3C shows the density distribution of ppm error from 

+6 Da. There is a clear peak around 0 ppm when comparing DHB and 13𝐶6-DHB 

(precision of 0.34). When comparing the two DHB samples, the distribution is uniform 

(precision of  0.12).  As an example of negative control, when searching for an m/z shift 

that should not be dominant such as +2 Da both comparisons yield imprecise uniform 

distributions (Supplementary Fig. 1). To minimize false discoveries we rely on precision 

(𝐴𝑈𝐶5𝑝𝑝𝑚/𝐴𝑈𝐶50𝑝𝑝𝑚) instead of 𝐴𝑈𝐶5𝑝𝑝𝑚. 

2.2.4. Ion classification based on spatial correlations 

The second foundation of our computational workflow is the classification of ions based 

on their spatial distribution. Firstly, all samples are registered to enable spatial correlation 

of each ion across samples. For each ion, we compute the following metrics: (1) spatial 

correlation across all samples (DHB and 13𝐶6-DHB), (2) spatial correlation within DHB 

samples, (3) spatial correlation within 13𝐶6-DHB, and (4) mean intensity in each matrix 

control. Figure 4 maps these metrics into a UMAP projection that captures the spatial 

similarity between all ions (Fig. 4A). The three spatial correlations designate distinct 

regions in the projection corresponding to endogenous, DHB-related, and 13𝐶6-DHB-

related (Fig. 4B, C, D). The mean ion intensity in the matrix control regions allows us to 

further split each matrix-related group into on-sample and off-sample (Fig. 4E, F). Ions 

excluded by the criteria above are considered background as they convey minimal 

spatial information and have an abnormally low SNR. 

This method relies on the use of technical replicates to compute the spatial correlation 

within each group. We highly encourage the use of technical replicates, but studies 

without replication could use spatial autocorrelation (Moran’s I) as it shows a comparable 

ion classification (Supplementary Figure 2).  

Figure 5 shows some example ions of the three main classes and their spatial 

correlations across samples. Endogenous ions m/z 203.2233 (Fig. 5A, B) and m/z 

190.0122 (Fig. 5C, D) show a high spatial correlation across all samples. DHB-related 

on-sample ions like m/z 213.9642 only show a high spatial correlation within DHB 
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samples (Fig. 5E, F). And 13𝐶6-DHB-related on-sample ions like m/z 219.9839 only 

show a high spatial correlation within 13𝐶6-DHB samples (Fig. 5G, H). These two ions 

actually correspond to the same matrix-related signal as they show a +6 Da m/z shift and 

a high spatial correlation (r=0.34, p<0.01). 

2.3. Validation in other DHB datasets 

We used the list of discovered DHB-related matrix adducts to annotate several datasets 

using rMSIcleanup.  

As a first validation, we annotated 21 datasets B1-B20 (including on-sample and off-

sample regions) of consecutive mouse brain slices prepared with different matrices: DHB 

and Au acquired in positive ion mode and 9AA, NEDC, and Norharmane acquired in 

negative ion mode (Fig. 6). The high-confidence DHB-related adducts (+++ or ++) were 

only found in the samples prepared with DHB. With exception of most potassium adducts 

and the heavy adduct [4DHB+K+Na-H2O]2+ all high-confidence adducts were found in 

the DHB samples. Adducts [2DHB+Na-2H2O]+ and [2DHB+Na]+ were only found in off-

sample regions while [M+2K-H]+ was only found on tissue (Fig 6A). Figure 6B shows the 

spatial distribution of some example DHB adducts. 

When searching for the lower-confidence annotations (+) with no theoretical formula 

assigned we detect a few of them in non-DHB datasets (Fig 6B). The most notable is 

m/z 418.3054 which is present in all Au samples hinting at an endogenous metabolite 

ionized by both matrices. Overall the coverage of these m/z’s in DHB samples is 

comprehensive. With some only present on-sample (m/z 197.4783 or  232.9446), off-

sample (m/z 269.0424, 375.0089 or 471.0412), and in both (m/z 136.5201 or 188.4930). 

As a second validation, we repeated the same annotation on datasets C1-C14 from 

METASPACE (Alexandrov et al. 2019) (Figure 7). They all are human biopsies of 

different tissues (brain, lung, kidney, and liver), prepared with DHB and acquired using 

different MS analyzers (FTICR and Orbitrap). Overall, all samples cover several DHB-

related adducts. Interestingly, the coverage in lung and kidney samples (#1-#6) was 

considerably lower than in the brain samples (#9-#13). This could be explained by the 

higher sodium levels in the brain. It is important to highlight that ion images of exogenous 

matrix-related annotations correlate with off-sample regions (Fig 7B) while endogenous 

matrix-related annotations show other morphologies (Fig 7D). 

2.4. The removal of matrix-related signals improves post-

processing 

2.4.1. Effects of matrix-related peaks removal on dimensionality reduction 

techniques 

In this section, we explore the influence of matrix-related peaks in a typical untargeted 

analysis including dimensionality reduction and small molecule annotation.  

Firstly we conduct a UMAP dimensionality reduction of all pixels in all consecutive mouse 

slices prepared with DHB and 13𝐶6-DHB. As discussed in the quality control section, 

UMAP mainly highlights the difference between the two matrices (Fig 8A left) while the 

technical replicates within each group are closely intertwined. After the removal of all 

matrix-related peaks,  the two groups are brought closer together and are almost 
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indistinguishable (Fig 8A right). These differences are better understood when 

contextualized in the spatial context (Fig 8B). When using all peaks in the samples both 

UMAP projections highlight differences between groups and convey few morphological 

features. After removing matrix-related signals both projections highlight different 

anatomical features with high contrast. In fact, both UMAP projections are almost 

indistinguishable irrespective of DHB labeling. The only apparent difference is the 

definition of the cortex in UMAP 2. These findings indicate correct and comprehensive 

annotation of matrix-related signals. 

Similarly, when only analyzing Sample #1 (DHB), UMAP is able to better capture 

morphological features after the removal of matrix-related signals (Fig 8C). DBSCAN 

clustering (Schubert et al. 2017) of the projection with matrix-related peaks is only 

capable to identify 3 major clusters (Fig. 8C left) (background, cerebellum, and 

cerebrum+brain stem). When exclusively using endogenous ions, the same clustering 

identifies at least 5 major regions (background, cerebellum, cortex+interbrain, 

nuclei+midbrain, and hindbrain), (Fig. 8C right). 

2.4.2. Effects of matrix-related peaks removal on metabolite annotation 

As the second part of our untargeted analysis, we perform metabolite annotation 

(METASPACE + HMDB) (Alexandrov et al. 2019; Wishart et al. 2018) on Sample #1 

before and after the removal of matrix-related signals (Fig 8D). When retaining all 

signals, METASPACE returns 97 annotations, with only 7 highly-reliable annotations 

(FDR<5%). When removing all matrix-related signals, the number of annotations 

increases to 126 with 10 highly-reliable annotations (FDR<5%). When comparing the 

annotated molecular formulas, the endogenous dataset retains 86% of annotations and 

100% of reliable annotations (FDR<20%) found using the complete dataset. The results 

are clear, by removing matrix-related signals we reduce decoy hits while preserving 

target hits which ultimately leads to lower FDR values and more confident annotation. 

Collectively, these results emphasize the importance of complete matrix-related 

annotation and removal, as it improves statistical analyses and small molecule 

annotation. 

3. Discussion and Conclusion 
We presented a novel experimental and computational workflow to discover matrix-

related signals using SIL-MALDI-MSI based on the synthesis of a new DHB matrix, in 

which all the carbons of the aromatic ring have been replaced by 13C. The only previous 

work with a labeled matrix used a deuterated CHCAI matrix to uncover endogenous 

metabolites previously selected using a targeted approach  (Shariatgorji et al. 2012).  

 

We demonstrate that focusing on spatial (Ovchinnikova et al. 2020) or spectral 

information (Strohalm et al. 2010) alone is not enough to gain a comprehensive picture 

of the prevalence of matrix-related signals. The matrix forms adducts with both 

exogenous and endogenous compounds and it is thus present on and off-sample and 

lacks distinct matrix-like spatial distribution. This issue is further amplified by ion 

suppression effects as different molecular environments and tissue types can lead to 

diverse spatial patterns. Focusing on spectral information is not enough either as this 

can potentially add false positives with isomeric endogenous formulas. The spatial 

distribution helps us discern between endogenous and matrix related. Thus, the 
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annotation of matrix-related signals requires the integration of spatial and spectral 

information. 

In consonance with previous studies (Janda et al. 2021) we found the number of matrix 

adducts with endogenous metabolites to be non-negligible. In this regard, to ensure 

confident annotation we introduce a novel FDR estimation paradigm based on decoy 

matrices and m/z shifts. This is a critical part of our workflow that enables us to work with 

higher levels of confidence and control the FDR. 

A key finding of this work is the realization that matrix-related signals worsen the 

performance of typical untargeted. We found that the removal of matrix-related signals 

helps dimensionality reduction algorithms like UMAP (McInnes, Healy, and Melville 

2018) better focus on biologically and anatomically relevant structures. Additionally, the 

removal of matrix-related signals also helps with the annotation of small molecules using 

automated tools like METASPACE (Alexandrov et al. 2019). Excluding matrix-related 

signals leads to an overall higher number of annotations with higher confidence (lower 

FDR). Echoing and expanding on previous studies (Baquer et al. 2020; Janda et al. 

2021) we find that the removal of matrix-related signals improves the performance of 

untargeted MALDI-MSI efforts. 

Finally, we provide a complete and validated database of DHB adducts with exogenous 

and endogenous compounds. This list can be used with rMSIcleanup to reliably and 

quickly annotate matrix-related signals in any dataset. It is worth noting that this new 

release leads to a considerable performance increase with respect to the initial release. 

The new release also includes an FDR estimation using a decoy library. Given a known 

list of adducts, rMSIcleanup can be used to confidently annotate matrix-related signals 

in any matrix. 

This study opens a few different avenues for future work. Firstly, this methodology could 

be used to discover adducts in other commonly used matrices such as CHCA, DAN, or 

9AA. In that regard, the main bottleneck is the limited availability of labeled MALDI matrix 

analog. Some aspects to be considered to be able to mass produce SIL-MALDI matrices 

include. 

On the computational side, a really interesting avenue to explore would be modeling the 

MALDI matrix adduct from a molecular structure point of view. In a first exploration we 

could build a probabilistic model of the prevalence of different matrix-related adducts 

under different matrices, tissue types, and mass analyzers. What sort of adducts does a 

specific matrix generate? In this regard, the more than 7000 openly-available datasets 

in METASPACE would be really valuable.  In a second and deeper iteration, we could 

aim to link that information to specific aspects of the molecular structure of the matrix 

and the adducts. Why does a specific matrix promote a certain type of adduct? 

 

Abbreviations 
2,5-Dihydroxybenzoic acid (DHB), 2,5-Dihydroxybenzoic acid with 13C-labeled aromatic 

ring (13𝐶6-DHB), alpha-Cyano-4-hydroxycinnamic acid (CHCA), 9-Aminoacridine (9AA), 

1,5-Diaminonaphthalene (DAN), N-(1-naphthyl) ethylenediamine dihydrochloride 

(NEDC), Machine Learning (ML), Artificial Intelligence (AI), Human Metabolome 

Database (HMDB), Standard Isotope Labeled (SIL), False Discovery Rate (FDR), 

Nuclear Magnetic Resonance (NMR), Matrix Assister Laser Desorption Ionization 
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(MALDI), Mass Spectrometry Imaging (MSI), Total Ion Current (TIC), Uniform Manifold 

Approximation and Projection (UMAP ), Competitive Fragmentation Modeling for 

Metabolite Identification (CFM-ID), Fourier-transform ion cyclotron resonance (FTICR), 

Time Of Flight (TOF), Density-Based Spatial Clustering of Applications with Noise 

(DBSCAN), Indium tin oxide (ITO), Area Under the Curve (AUC) 

Acknowledgments 
We acknowledge Denis Abu Sammour (HS Mannheim), Elisa Ruhland (IBMP), Brittney 

Gorman (PNNL), and Jessica Lukowski (PNNL) and respective colleagues as the original 

contributors of the METASPACE datasets used for validation. 

Authors contributions 
GB, MB, MG, OB, XC, and PR developed the concept for the study. MB and OB 

designed, performed, and validated the synthesis of 13𝐶6-DHB. RZ, BH, and CB 

designed and performed mass spectrometry imaging experiments. GB developed the 

computational workflow in collaboration with LS, MG, XC, and PR. GB and MB wrote the 

original manuscript with substantial edits and contributions from all authors. BH, OB, and 

XC provided supervision, project administration, and funding. 

Funding 
The authors acknowledge the financial support of the Spanish Ministry of Economy and 

Competitivity through project  RTI2018096061-B-100. GB acknowledges the financial 

support of the European Union’s Horizon 2020 research and innovation program under 

the Marie Skłodowska-Curie grant agreement No. 713679 and the Universitat Rovira i 

Virgili (URV). LS acknowledges the financial support of Universitat Rovira i Virgili through 

the pre-doctoral grant 2017PMF-PIPF-60. MGA acknowledges the financial support from 

the Agency for Management of University and Research Grants of the Generalitat de 

Catalunya (AGAUR) through the postdoctoral grant 2018 BP 00188. 

Availability of data and materials 
The platform-independent R package rMSIcleanup presented in this publication is freely 

available under the terms of the GNU General Public License v3.0 at 

https://github.com/gbaquer/rMSIcleanup. The datasets supporting the conclusions of this 

article are available in the Mendeley Data repository. Datasets C1-C15 are available at 

https://metaspace2020.eu/ (References provided in Table S1).  

UNIVERSITAT ROVIRA I VIRGILI 
COMPUTATIONAL TOOLS FOR THE ANNOTATION OF IN-SOURCE FRAGMENTS AND MATRIX-RELATED SIGNALS IN MALDI MASS 
SPECTROMETRY IMAGING 
Gerard Baquer Gómez 

https://metaspace2020.eu/


176 
 

4. Methods 

4.1. MSI data processing 

All samples were visualized and exported to .imzML using SCiLS (Bruker). The .imzML 

files were processed and exported to a centroid-mode peak matrix using rMSI2 (Ràfols 

et al. 2020). The default processing parameters were used. The Signal-to-Noise Ratio 

(SNR) threshold was set to 5 and the Savitzky– Golay smoothing had a kernel size of 7. 

Peaks appearing in less than 5% of the pixels were filtered out. Peaks within a window 

of 6 data points or scans were binned together as the same mass peak. No intensity 

normalization was performed. 

Image registration of Datasets X-Y was performed using rMSIworkflows. Manually 

specified fiducial markers were used to calculate and apply a rigid transformation 

(rotation, translation, and scaling). 

4.2. Statistical methods 

All statistical group comparisons were performed at a pixel level using the linear mixed 

effects model in the nlme R package (Pinheiro 2009). We considered sample ID as a 

random effect and adjusted the p-values using FDR correction (Benjamini and Hochberg 

1995).  

Autocorrelation of ion images was computed using Moran’s I test available in the 

moranfast R package (https://github.com/mcooper/moranfast). The spatial correlation of 

ion images was computed using Pearson’s method. All correlation and autocorrelation 

p-values were FDR-corrected and considered significant if the p-val<0.05. After plotting 

all ranked significant correlation values we manually defined a minimum correlation 

threshold of 0.065. 

All UMAP (McInnes, Healy, and Melville 2018) projections were computed using the 

instantiation in uwot R package (Melville, Lun, and Djekidel 2020). Segmentation of 

UMAP projections was conducted in the dbscan R package (Hahsler, Piekenbrock, and 

Doran 2019) (𝛆=0.3). METASPACE (Alexandrov et al. 2019) was used for metabolite 

annotation against the Human Metabolome Database (Wishart et al. 2018) (10 ppm) 

considering all adducts available (M+, M+H, M+Na, M+K, M+NH4).  

4.3. Discovery of matrix-related signals 

Using the DHB and 13𝐶6-DHB consecutive mouse brain slices (Datasets X-Y) we 

compile a list of matrix-related adducts and m/z in three main steps: matrix-related 

signal discovery, exogenous-matrix adduct annotation, and endogenous-matrix adduct 

annotation. 

In the matrix-related signal discovery, all ion signals are classified into endogenous, on-

sample matrix-related, and off-sample matrix-related. This classification combines 

spatial and spectral information. The presence of all ions in each sample group (DHB on 

and off-sample, and 13𝐶6-DHB on and off sample) is determined using spatial correlation 

and absolute mean intensity. This classification was visually validated by mapping it in a 

2D UMAP projection of the spatial similarity between ions. We also compute the m/z shift 

between all possible pairs of DHB and 13𝐶6-DHB m/z values (only when the 13𝐶6 m/z 
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is higher). All pairs of ions spatially classified as not endogenous with an m/z shift 

matching the isotopic labeling (+6Da, +12Da, +18Da) (5 ppm) are considered matrix-

related. This discovery is FDR-controlled using a bimodal decoy distribution 

(𝛍=N±N/2,σ=0.1). Where N corresponds to the shift used in the target search (+6Da, 

+12Da, +18Da). 

To annotate exogenous-matrix adducts all discovered matrix-related peaks were 

matched against a database of theoretical DHB adducts (B. O. Keller and Li 2000; 

Bourcier, Bouchonnet, and Hoppilliard 2001; Wallace, Arnould, and Knochenmuss 2005; 

Petković et al. 2009), generic positive ion mode adducts (Strohalm et al. 2010; Loos et 

al. 2015; Huang et al. 1999; Bernd O. Keller et al. 2008) and DHB in-silico fragments 

predicted with CFM-ID (F. Wang et al. 2021). This search was FDR-controlled using the 

decoy matrix CHCA. 

Finally, to annotate endogenous-matrix adducts we matched the unannotated matrix-

related peaks against HMDB (Wishart et al. 2018) considering all exogenous-matrix 

adducts found. Exact mass searches were conducted using the R package  MS2ID 

(https://github.com/jmbadia/MS2ID) and isotopic pattern matching was conducted using 

the annotation engine in rMSIcleanup (Baquer et al. 2020). This search was FDR-

controlled using the decoy matrix CHCA. 

4.4. Annotation of matrix-related signals 
rMSIcleanup (Baquer et al. 2020) was used to annotate matrix-related signals in 

Datasets C1-C14. rMSIcleanup uses the R package enviPat (Loos et al. 2015) to 

generate the theoretical isotopic patterns of all candidate matrix-related adducts and 

fragments. Each candidate is matched against the experimental data and given a 

similarity score (S). S is the product of 3 scores: isotopic pattern similarity (S1, cosine 

similarity), isotopic spatial correlation (S2, weighted Pearson’s correlation), and 

monoisotopic ion autocorrelation (S3, Moran’s I).   

The False Discovery Rate (FDR) of all annotations is estimated following a target-decoy 

approach (Palmer et al. 2017) using a decoy MALDI matrix. In this study, we used CHCA 

as a decoy matrix given its similar monoisotopic weight and structure to DHB. 

rMSIcleanup uses a binary search algorithm instantiated in Rfast (Papadakis et al., n.d.) 

to perform efficient searches in large datasets. 
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5. Tables and Figures 
Table 1. List of discovered exogenous matrix adducts. 

Experimental m/z Adduct FDR 
Confidence 

level 

159.0053 DHB+Na-H2O 8.33% +++ 

177.0159 DHB+Na 8.33% +++ 

192.9901 DHB+K 8.33% +++ 

198.9980 DHB+2Na-H 8.33% +++ 

230.9462 DHB+2K-H 8.33% +++ 

273.0406 2DHB-2H2O+H 8.33% +++ 

809.0944 5DHB+K 8.33% +++ 

174.9791 DHB+K-H2O 11.11% ++ 

295.0232 2DHB+Na-2H2O 11.11% ++ 

313.0342 2DHB+Na-H2O 11.11% ++ 

331.0452 2DHB+Na 11.11% ++ 

351.9936 [4DHB+K+Na-H2O]2+ 11.11% ++ 
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Table 2. List of discovered endogenous matrix adducts. 

Experimental m/z Adduct FDR 
Confidence 

level 

136.5201 DHB+X 13.85% + 

147.5110 DHB+X 13.85% + 

155.0087 DHB+X 13.85% + 

[…] 53 more DHB+X ions  

199.0923 2DHB+X 12.20% + 

245.0451 2DHB+X 12.20% + 

259.9850 2DHB+X 12.20% + 

[…] 33 more 2DHB+X ions  

272.1270 3DHB+X 28.13% + 

313.0148 3DHB+X 28.13% + 

330.0120 3DHB+X 28.13% + 

[…] 20 more 3DHB+X ions  

 

UNIVERSITAT ROVIRA I VIRGILI 
COMPUTATIONAL TOOLS FOR THE ANNOTATION OF IN-SOURCE FRAGMENTS AND MATRIX-RELATED SIGNALS IN MALDI MASS 
SPECTROMETRY IMAGING 
Gerard Baquer Gómez 



180 
 

 

Figure 1 DHB vs 13𝐶6-DHB MALDI-MSI quality comparison (A) TIC spatial distribution 

(B) Mean spectra (C) Optical images of the DHB (left) and 13𝐶6-DHB (right) (D) 

Moran´s I autocorrelation test (E) Median intensity per MS feature (F) List of possible 

impurities (G) UMAP projection of all pixels in the MALDI-MSI run (H) UMAP 1 spatial 

distribution (J) UMAP 2 spatial distribution 
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Figure 2 General workflow of matrix-related adducts discovery using SIL-matrix. (A) 

Experimental and computational foundations (B) Definition of confidence levels (C) 

FDR estimation based on a decoy matrix and a decoy distribution of m/z shifts 

 

 

Figure 3 Exploration of m/z shifts (A) Precision of m/z shifts in DHB vs 13𝐶6-DHB (B) 

Precision of m/z shifts in DHB vs DHB (C) Density distribution of ppm error of +6 DA 

m/z shift. (D) Density distribution of ppm error of +2 DA m/z shift.  
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Figure 4. Classification of ion images based on their spatial distribution. (A) 

Classification of each ion image. (B) Spatial correlation across all samples, (C) 13𝐶6-

DHB samples, and (D) DHB samples. (E) Mean ion intensity in DHB off-sample region 

and (F) 13𝐶6-DHB off-sample region. 
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Figure 5. Examples of ion classification. Rank order plot of spatial correlation and ion 

images for (A-B) m/z 203.2233, (C-D) m/z 190.0122, (E-F) m/z 213.9642, and (G-H) 

m/z 219.9839 
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Figure 6. Annotation of mouse brain samples prepared with different matrices. (A) 

Exogenous matrix-related annotations (+++ and ++). The color indicates the S score (see 

Methods) and the size indicates the intensity normalized to the maximum peak in the 

mean spectrum. (B) Example ion images.  (C) Endogenous matrix-related annotations 

(+), and (D) example images. 
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Figure 7. Annotation of human biopsies of different organs prepared with DHB 

(METASPACE). (A) Exogenous matrix-related annotations (+++ and ++). The color 

indicates the S score and the size indicates the intensity normalized to the maximum 

peak in the mean spectrum. (B) Example ion images.  Gray images indicate the given 

ion is not present in the sample. (C) Endogenous matrix-related annotations (+), and (D) 

example ion images. 
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Figure 9. Influence of matrix-related signals in untargeted workflows DHB samples. (A) 

UMAP pixel projection before (left) and after (right) matrix removal (B) Spatial UMAP 

mapping before (top) and after (bottom) matrix removal (C) UMAP pixel projection and 

DBSCAN clustering before (left) and (after) matrix removal (D) Number of METASPACE 

annotations before and after matrix removal. 

 

  

UNIVERSITAT ROVIRA I VIRGILI 
COMPUTATIONAL TOOLS FOR THE ANNOTATION OF IN-SOURCE FRAGMENTS AND MATRIX-RELATED SIGNALS IN MALDI MASS 
SPECTROMETRY IMAGING 
Gerard Baquer Gómez 



187 
 

6. References 

Alexandrov, Theodore. 2020. “Spatial Metabolomics and Imaging Mass Spectrometry 
in the Age of Artificial Intelligence.” Annual Review of Biomedical Data Science 3 
(July): 61–87. 

Alexandrov, Theodore, Katja Ovchinnikova, Andrew Palmer, Vitaly Kovalev, Artem 
Tarasov, Lachlan Stuart, Renat Nigmetzianov, Dominik Fay, and Key Metaspace 
Contributors. 2019. “METASPACE: A Community-Populated Knowledge Base of 
Spatial Metabolomes in Health and Disease.” bioRxiv. 
https://doi.org/10.1101/539478. 

Baquer, Gerard, Lluc Sementé, María García-Altares, Young Jin Lee, Pierre Chaurand, 
Xavier Correig, and Pere Ràfols. 2020. “rMSIcleanup: An Open-Source Tool for 
Matrix-Related Peak Annotation in Mass Spectrometry Imaging and Its Application 
to Silver-Assisted Laser Desorption/ionization.” Journal of Cheminformatics 12 (1): 
45. 

Baquer, Gerard, Lluc Sementé, Toufik Mahamdi, Xavier Correig, Pere Ràfols, and 
María García-Altares. 2022. “What Are We Imaging? Software Tools and 
Experimental Strategies for Annotation and Identification of Small Molecules in 
Mass Spectrometry Imaging.” Mass Spectrometry Reviews, July, e21794. 

Benjamini, Yoav, and Yosef Hochberg. 1995. “Controlling the False Discovery Rate: A 
Practical and Powerful Approach to Multiple Testing.” Journal of the Royal 
Statistical Society 57 (1): 289–300. 

Bourcier, Sophie, Stéphane Bouchonnet, and Yannik Hoppilliard. 2001. “Ionization of 
2,5-Dihydroxybenzoic Acid (DHB) Matrix-Assisted Laser Desorption Ionization 
Experiments and Theoretical Study.” International Journal of Mass Spectrometry. 
https://doi.org/10.1016/s1387-3806(01)00446-8. 

Calvano, Cosima Damiana, Antonio Monopoli, Tommaso R. I. Cataldi, and Francesco 
Palmisano. 2018. “MALDI Matrices for Low Molecular Weight Compounds: An 
Endless Story?” Analytical and Bioanalytical Chemistry 410 (17): 4015–38. 

Chaurand, Pierre, Jeremy L. Norris, D. Shannon Cornett, James A. Mobley, and 
Richard M. Caprioli. 2006. “New Developments in Profiling and Imaging of Proteins 
from Tissue Sections by MALDI Mass Spectrometry.” Journal of Proteome 
Research 5 (11): 2889–2900. 

Coy, Shannon, Shu Wang, Sylwia A. Stopka, Jia-Ren Lin, Clarence Yapp, Cecily C. 
Ritch, Lisa Salhi, et al. 2022. “Single Cell Spatial Analysis Reveals the Topology of 
Immunomodulatory Purinergic Signaling in Glioblastoma.” Nature Communications 
13 (1): 4814. 

Dong, Wei, Qing Shen, Joewel T. Baibado, Yimin Liang, Ping Wang, Yeqing Huang, 
Zhifeng Zhang, Yixuan Wang, and Hon-Yeung Cheung. 2013. “Phospholipid 
Analyses by MALDI-TOF/TOF Mass Spectrometry Using 1,5-Diaminonaphthalene 
as Matrix.” International Journal of Mass Spectrometry 343-344 (June): 15–22. 

Elias, Joshua E., and Steven P. Gygi. 2007. “Target-Decoy Search Strategy for 
Increased Confidence in Large-Scale Protein Identifications by Mass 
Spectrometry.” Nature Methods 4 (3): 207–14. 

Gao, Si-Qi, Jin-Hui Zhao, Yue Guan, Ying-Shu Tang, Ying Li, and Li-Yan Liu. 2022. 
“Mass Spectrometry Imaging Technology in Metabolomics: A Systematic Review.” 
Biomedical Chromatography: BMC, August, e5494. 

UNIVERSITAT ROVIRA I VIRGILI 
COMPUTATIONAL TOOLS FOR THE ANNOTATION OF IN-SOURCE FRAGMENTS AND MATRIX-RELATED SIGNALS IN MALDI MASS 
SPECTROMETRY IMAGING 
Gerard Baquer Gómez 

http://paperpile.com/b/xwYOBf/ECcA
http://paperpile.com/b/xwYOBf/ECcA
http://paperpile.com/b/xwYOBf/ECcA
http://paperpile.com/b/xwYOBf/ECcA
http://paperpile.com/b/xwYOBf/ECcA
http://paperpile.com/b/xwYOBf/4RJW
http://paperpile.com/b/xwYOBf/4RJW
http://paperpile.com/b/xwYOBf/4RJW
http://paperpile.com/b/xwYOBf/4RJW
http://paperpile.com/b/xwYOBf/4RJW
http://paperpile.com/b/xwYOBf/4RJW
http://paperpile.com/b/xwYOBf/4RJW
http://dx.doi.org/10.1101/539478
http://paperpile.com/b/xwYOBf/4RJW
http://paperpile.com/b/xwYOBf/cwHy
http://paperpile.com/b/xwYOBf/cwHy
http://paperpile.com/b/xwYOBf/cwHy
http://paperpile.com/b/xwYOBf/cwHy
http://paperpile.com/b/xwYOBf/cwHy
http://paperpile.com/b/xwYOBf/cwHy
http://paperpile.com/b/xwYOBf/cwHy
http://paperpile.com/b/xwYOBf/1n88
http://paperpile.com/b/xwYOBf/1n88
http://paperpile.com/b/xwYOBf/1n88
http://paperpile.com/b/xwYOBf/1n88
http://paperpile.com/b/xwYOBf/1n88
http://paperpile.com/b/xwYOBf/1n88
http://paperpile.com/b/xwYOBf/OrRb
http://paperpile.com/b/xwYOBf/OrRb
http://paperpile.com/b/xwYOBf/OrRb
http://paperpile.com/b/xwYOBf/OrRb
http://paperpile.com/b/xwYOBf/OrRb
http://paperpile.com/b/xwYOBf/QkO7
http://paperpile.com/b/xwYOBf/QkO7
http://paperpile.com/b/xwYOBf/QkO7
http://paperpile.com/b/xwYOBf/QkO7
http://paperpile.com/b/xwYOBf/QkO7
http://paperpile.com/b/xwYOBf/QkO7
http://dx.doi.org/10.1016/s1387-3806(01)00446-8
http://paperpile.com/b/xwYOBf/QkO7
http://paperpile.com/b/xwYOBf/PKd0
http://paperpile.com/b/xwYOBf/PKd0
http://paperpile.com/b/xwYOBf/PKd0
http://paperpile.com/b/xwYOBf/PKd0
http://paperpile.com/b/xwYOBf/PKd0
http://paperpile.com/b/xwYOBf/zvZu
http://paperpile.com/b/xwYOBf/zvZu
http://paperpile.com/b/xwYOBf/zvZu
http://paperpile.com/b/xwYOBf/zvZu
http://paperpile.com/b/xwYOBf/zvZu
http://paperpile.com/b/xwYOBf/zvZu
http://paperpile.com/b/xwYOBf/uRxt
http://paperpile.com/b/xwYOBf/uRxt
http://paperpile.com/b/xwYOBf/uRxt
http://paperpile.com/b/xwYOBf/uRxt
http://paperpile.com/b/xwYOBf/uRxt
http://paperpile.com/b/xwYOBf/uRxt
http://paperpile.com/b/xwYOBf/ROXu
http://paperpile.com/b/xwYOBf/ROXu
http://paperpile.com/b/xwYOBf/ROXu
http://paperpile.com/b/xwYOBf/ROXu
http://paperpile.com/b/xwYOBf/ROXu
http://paperpile.com/b/xwYOBf/ROXu
http://paperpile.com/b/xwYOBf/0k2r
http://paperpile.com/b/xwYOBf/0k2r
http://paperpile.com/b/xwYOBf/0k2r
http://paperpile.com/b/xwYOBf/0k2r
http://paperpile.com/b/xwYOBf/0k2r
http://paperpile.com/b/xwYOBf/vpkH
http://paperpile.com/b/xwYOBf/vpkH
http://paperpile.com/b/xwYOBf/vpkH
http://paperpile.com/b/xwYOBf/vpkH


188 
 

Greer, Tyler, Robert Sturm, and Lingjun Li. 2011. “Mass Spectrometry Imaging for 
Drugs and Metabolites.” Journal of Proteomics 74 (12): 2617–31. 

Guan, Ming, Zhen Zhang, Shilei Li, Jian ’an Liu, Lu Liu, Hui Yang, Yangyang Zhang, 
Tie Wang, and Zhenwen Zhao. 2018. “Silver Nanoparticles as Matrix for MALDI 
FTICR MS Profiling and Imaging of Diverse Lipids in Brain.” Talanta 179: 624–31. 

Hahsler, Michael, Matthew Piekenbrock, and Derek Doran. 2019. “Dbscan: Fast 
Density-Based Clustering with R.” Journal of Statistical Software 91: 1–30. 

Huang, Nelson, Marshall M. Siegel, Gary H. Kruppa, and Frank H. Laukien. 1999. 
“Automation of a Fourier Transform Ion Cyclotron Resonance Mass Spectrometer 
for Acquisition, Analysis, and E-Mailing of High-Resolution Exact-Mass 
Electrospray Ionization Mass Spectral Data.” Journal of the American Society for 
Mass Spectrometry. https://doi.org/10.1016/s1044-0305(99)00089-6. 

Iakab, Stefania-Alexandra, Gerard Baquer, Marta Lafuente, Maria Pilar Pina, José Luis 
Ramírez, Pere Ràfols, Xavier Correig-Blanchar, and María García-Altares. 2022. 
“SALDI-MS and SERS Multimodal Imaging: One Nanostructured Substrate to Rule 
Them Both.” Analytical Chemistry 94 (6): 2785–93. 

Janda, Moritz, Brandon K. B. Seah, Dennis Jakob, Janine Beckmann, Benedikt Geier, 
and Manuel Liebeke. 2021. “Determination of Abundant Metabolite Matrix Adducts 
Illuminates the Dark Metabolome of MALDI-Mass Spectrometry Imaging 
Datasets.” Analytical Chemistry 93 (24): 8399–8407. 

Keller, Bernd O., Jie Sui, Alex B. Young, and Randy M. Whittal. 2008. “Interferences 
and Contaminants Encountered in Modern Mass Spectrometry.” Analytica Chimica 
Acta 627 (1): 71–81. 

Keller, B. O., and L. Li. 2000. “Discerning Matrix-Cluster Peaks in Matrix-Assisted 
Laser Desorption/ionization Time-of-Flight Mass Spectra of Dilute Peptide 
Mixtures.” Journal of the American Society for Mass Spectrometry 11 (1): 88–93. 

Loos, Martin, Christian Gerber, Francesco Corona, Juliane Hollender, and Heinz 
Singer. 2015. “Accelerated Isotope Fine Structure Calculation Using Pruned 
Transition Trees.” Analytical Chemistry 87 (11): 5738–44. 

McInnes, Leland, John Healy, and James Melville. 2018. “UMAP: Uniform Manifold 
Approximation and Projection for Dimension Reduction.” arXiv [stat.ML]. arXiv. 
http://arxiv.org/abs/1802.03426. 

Melville, J., A. Lun, and M. Djekidel. 2020. “Uwot: The Uniform Manifold Approximation 
and Projection (UMAP) Method for Dimensionality Reduction. R Package Version 
0.1. 8.” 

Notarangelo, Giulia, Jessica B. Spinelli, Elizabeth M. Perez, Gregory J. Baker, Kiran 
Kurmi, Ilaria Elia, Sylwia A. Stopka, et al. 2022. “Oncometabolite D-2HG Alters T 
Cell Metabolism to Impair CD8+ T Cell Function.” Science 377 (6614): 1519–29. 

Ovchinnikova, Katja, Vitaly Kovalev, Lachlan Stuart, and Theodore Alexandrov. 2020. 
“OffsampleAI: Artificial Intelligence Approach to Recognize off-Sample Mass 
Spectrometry Images.” BMC Bioinformatics 21 (1): 129. 

Palmer, Andrew, Prasad Phapale, Ilya Chernyavsky, Regis Lavigne, Dominik Fay, 
Artem Tarasov, Vitaly Kovalev, et al. 2017. “FDR-Controlled Metabolite Annotation 
for High-Resolution Imaging Mass Spectrometry.” Nature Methods 14 (1): 57–60. 

Papadakis, M., M. Tsagris, M. Dimitriadis, and S. Fafalios. n.d. “Rfast: A Collection of 
Efficient and Extremely Fast R Functions.” R Package Version. 

UNIVERSITAT ROVIRA I VIRGILI 
COMPUTATIONAL TOOLS FOR THE ANNOTATION OF IN-SOURCE FRAGMENTS AND MATRIX-RELATED SIGNALS IN MALDI MASS 
SPECTROMETRY IMAGING 
Gerard Baquer Gómez 

http://paperpile.com/b/xwYOBf/8RuQ
http://paperpile.com/b/xwYOBf/8RuQ
http://paperpile.com/b/xwYOBf/8RuQ
http://paperpile.com/b/xwYOBf/8RuQ
http://paperpile.com/b/xwYOBf/Bl0Q
http://paperpile.com/b/xwYOBf/Bl0Q
http://paperpile.com/b/xwYOBf/Bl0Q
http://paperpile.com/b/xwYOBf/Bl0Q
http://paperpile.com/b/xwYOBf/Bl0Q
http://paperpile.com/b/xwYOBf/BQ1H
http://paperpile.com/b/xwYOBf/BQ1H
http://paperpile.com/b/xwYOBf/BQ1H
http://paperpile.com/b/xwYOBf/BQ1H
http://paperpile.com/b/xwYOBf/2gJm
http://paperpile.com/b/xwYOBf/2gJm
http://paperpile.com/b/xwYOBf/2gJm
http://paperpile.com/b/xwYOBf/2gJm
http://paperpile.com/b/xwYOBf/2gJm
http://paperpile.com/b/xwYOBf/2gJm
http://paperpile.com/b/xwYOBf/2gJm
http://dx.doi.org/10.1016/s1044-0305(99)00089-6
http://paperpile.com/b/xwYOBf/2gJm
http://paperpile.com/b/xwYOBf/gnfj
http://paperpile.com/b/xwYOBf/gnfj
http://paperpile.com/b/xwYOBf/gnfj
http://paperpile.com/b/xwYOBf/gnfj
http://paperpile.com/b/xwYOBf/gnfj
http://paperpile.com/b/xwYOBf/gnfj
http://paperpile.com/b/xwYOBf/0YRI
http://paperpile.com/b/xwYOBf/0YRI
http://paperpile.com/b/xwYOBf/0YRI
http://paperpile.com/b/xwYOBf/0YRI
http://paperpile.com/b/xwYOBf/0YRI
http://paperpile.com/b/xwYOBf/0YRI
http://paperpile.com/b/xwYOBf/EfLv
http://paperpile.com/b/xwYOBf/EfLv
http://paperpile.com/b/xwYOBf/EfLv
http://paperpile.com/b/xwYOBf/EfLv
http://paperpile.com/b/xwYOBf/EfLv
http://paperpile.com/b/xwYOBf/gPkR
http://paperpile.com/b/xwYOBf/gPkR
http://paperpile.com/b/xwYOBf/gPkR
http://paperpile.com/b/xwYOBf/gPkR
http://paperpile.com/b/xwYOBf/gPkR
http://paperpile.com/b/xwYOBf/NHY1
http://paperpile.com/b/xwYOBf/NHY1
http://paperpile.com/b/xwYOBf/NHY1
http://paperpile.com/b/xwYOBf/NHY1
http://paperpile.com/b/xwYOBf/NHY1
http://paperpile.com/b/xwYOBf/x07e
http://paperpile.com/b/xwYOBf/x07e
http://paperpile.com/b/xwYOBf/x07e
http://paperpile.com/b/xwYOBf/x07e
http://paperpile.com/b/xwYOBf/x07e
http://arxiv.org/abs/1802.03426
http://paperpile.com/b/xwYOBf/x07e
http://paperpile.com/b/xwYOBf/yZEu
http://paperpile.com/b/xwYOBf/yZEu
http://paperpile.com/b/xwYOBf/yZEu
http://paperpile.com/b/xwYOBf/zkqd
http://paperpile.com/b/xwYOBf/zkqd
http://paperpile.com/b/xwYOBf/zkqd
http://paperpile.com/b/xwYOBf/zkqd
http://paperpile.com/b/xwYOBf/zkqd
http://paperpile.com/b/xwYOBf/N5HU
http://paperpile.com/b/xwYOBf/N5HU
http://paperpile.com/b/xwYOBf/N5HU
http://paperpile.com/b/xwYOBf/N5HU
http://paperpile.com/b/xwYOBf/N5HU
http://paperpile.com/b/xwYOBf/RWW2
http://paperpile.com/b/xwYOBf/RWW2
http://paperpile.com/b/xwYOBf/RWW2
http://paperpile.com/b/xwYOBf/RWW2
http://paperpile.com/b/xwYOBf/RWW2
http://paperpile.com/b/xwYOBf/csF6
http://paperpile.com/b/xwYOBf/csF6
http://paperpile.com/b/xwYOBf/csF6
http://paperpile.com/b/xwYOBf/csF6


189 
 

Petković, Marijana, Jürgen Schiller, Matthias Müller, Rosmarie Süß, Klaus Arnold, and 
Jürgen Arnhold. 2009. “Detection of Adducts with Matrix Clusters in the Positive 
and Negative Ion Mode MALDI-TOF Mass Spectra of Phospholipids.” Zeitschrift 
Für Naturforschung B 64 (3): 331–34. 

Pinheiro, J. 2009. “Nlme : Linear and Nonlinear Mixed Effects Models. R Package 
Version 3.1-96.” Http://cran.r-Project.org/web/packages/nlme/. 
https://ci.nii.ac.jp/naid/10029283579/. 

Ràfols, Pere, Bram Heijs, Esteban Del Castillo, Oscar Yanes, Liam A. McDonnell, 
Jesús Brezmes, Iara Pérez-Taboada, Mario Vallejo, María García-Altares, and 
Xavier Correig. 2020. “RMSIproc: An R Package for Mass Spectrometry Imaging 
Data Processing.” Bioinformatics  36 (11): 3618–19. 

Ràfols, Pere, Dídac Vilalta, Sònia Torres, Raul Calavia, Bram Heijs, Liam A. 
McDonnell, Jesús Brezmes, et al. 2018. “Assessing the Potential of Sputtered 
Gold Nanolayers in Mass Spectrometry Imaging for Metabolomics Applications.” 
PloS One 13 (12): e0208908. 

Rohner, Tatiana C., Dieter Staab, and Markus Stoeckli. 2005. “MALDI Mass 
Spectrometric Imaging of Biological Tissue Sections.” Mechanisms of Ageing and 
Development 126 (1): 177–85. 

Schubert, Erich, Jörg Sander, Martin Ester, Hans Peter Kriegel, and Xiaowei Xu. 2017. 
“DBSCAN Revisited, Revisited: Why and How You Should (Still) Use DBSCAN.” 
ACM Trans. Database Syst., 19, 42 (3): 1–21. 

Shariatgorji, Mohammadreza, Anna Nilsson, Richard J. A. Goodwin, Per 
Svenningsson, Nicoletta Schintu, Zoltan Banka, Laszlo Kladni, Tibor Hasko, 
Andras Szabo, and Per E. Andren. 2012. “Deuterated Matrix-Assisted Laser 
Desorption Ionization Matrix Uncovers Masked Mass Spectrometry Imaging 
Signals of Small Molecules.” Analytical Chemistry 84 (16): 7152–57. 

Smets, Tina, Nico Verbeeck, Marc Claesen, Arndt Asperger, Gerard Griffioen, Thomas 
Tousseyn, Wim Waelput, Etienne Waelkens, and Bart De Moor. 2019. “Evaluation 
of Distance Metrics and Spatial Autocorrelation in Uniform Manifold Approximation 
and Projection Applied to Mass Spectrometry Imaging Data.” Analytical Chemistry 
91 (9): 5706–14. 

Strohalm, Martin, Daniel Kavan, Petr Novák, Michael Volný, and Vladimír Havlícek. 
2010. “mMass 3: A Cross-Platform Software Environment for Precise Analysis of 
Mass Spectrometric Data.” Analytical Chemistry 82 (11): 4648–51. 

Taylor, Adam J., Alex Dexter, and Josephine Bunch. 2018. “Exploring Ion Suppression 
in Mass Spectrometry Imaging of a Heterogeneous Tissue.” Analytical Chemistry 
90 (9): 5637–45. 

Vermillion-Salsbury, Rachal L., and David M. Hercules. 2002. “9-Aminoacridine as a 
Matrix for Negative Mode Matrix-Assisted Laser Desorption/ionization.” Rapid 
Communications in Mass Spectrometry: RCM 16 (16): 1575–81. 

Wallace, W. E., M. A. Arnould, and R. Knochenmuss. 2005. “2,5-Dihydroxybenzoic 
Acid: Laser Desorption/ionisation as a Function of Elevated Temperature.” 
International Journal of Mass Spectrometry. 
https://doi.org/10.1016/j.ijms.2004.11.011. 

Wang, Fei, Jaanus Liigand, Siyang Tian, David Arndt, Russell Greiner, and David S. 
Wishart. 2021. “CFM-ID 4.0: More Accurate ESI-MS/MS Spectral Prediction and 
Compound Identification.” Analytical Chemistry 93 (34): 11692–700. 

UNIVERSITAT ROVIRA I VIRGILI 
COMPUTATIONAL TOOLS FOR THE ANNOTATION OF IN-SOURCE FRAGMENTS AND MATRIX-RELATED SIGNALS IN MALDI MASS 
SPECTROMETRY IMAGING 
Gerard Baquer Gómez 

http://paperpile.com/b/xwYOBf/VmU1
http://paperpile.com/b/xwYOBf/VmU1
http://paperpile.com/b/xwYOBf/VmU1
http://paperpile.com/b/xwYOBf/VmU1
http://paperpile.com/b/xwYOBf/VmU1
http://paperpile.com/b/xwYOBf/VmU1
http://paperpile.com/b/xwYOBf/HFIR
http://paperpile.com/b/xwYOBf/HFIR
http://paperpile.com/b/xwYOBf/HFIR
http://paperpile.com/b/xwYOBf/HFIR
http://paperpile.com/b/xwYOBf/HFIR
https://ci.nii.ac.jp/naid/10029283579/
http://paperpile.com/b/xwYOBf/HFIR
http://paperpile.com/b/xwYOBf/xcNs
http://paperpile.com/b/xwYOBf/xcNs
http://paperpile.com/b/xwYOBf/xcNs
http://paperpile.com/b/xwYOBf/xcNs
http://paperpile.com/b/xwYOBf/xcNs
http://paperpile.com/b/xwYOBf/xcNs
http://paperpile.com/b/xwYOBf/XkDB
http://paperpile.com/b/xwYOBf/XkDB
http://paperpile.com/b/xwYOBf/XkDB
http://paperpile.com/b/xwYOBf/XkDB
http://paperpile.com/b/xwYOBf/XkDB
http://paperpile.com/b/xwYOBf/XkDB
http://paperpile.com/b/xwYOBf/iejF
http://paperpile.com/b/xwYOBf/iejF
http://paperpile.com/b/xwYOBf/iejF
http://paperpile.com/b/xwYOBf/iejF
http://paperpile.com/b/xwYOBf/iejF
http://paperpile.com/b/xwYOBf/xoz7
http://paperpile.com/b/xwYOBf/xoz7
http://paperpile.com/b/xwYOBf/xoz7
http://paperpile.com/b/xwYOBf/xoz7
http://paperpile.com/b/xwYOBf/4dfx
http://paperpile.com/b/xwYOBf/4dfx
http://paperpile.com/b/xwYOBf/4dfx
http://paperpile.com/b/xwYOBf/4dfx
http://paperpile.com/b/xwYOBf/4dfx
http://paperpile.com/b/xwYOBf/4dfx
http://paperpile.com/b/xwYOBf/4dfx
http://paperpile.com/b/xwYOBf/Gze9
http://paperpile.com/b/xwYOBf/Gze9
http://paperpile.com/b/xwYOBf/Gze9
http://paperpile.com/b/xwYOBf/Gze9
http://paperpile.com/b/xwYOBf/Gze9
http://paperpile.com/b/xwYOBf/Gze9
http://paperpile.com/b/xwYOBf/Gze9
http://paperpile.com/b/xwYOBf/5lCl
http://paperpile.com/b/xwYOBf/5lCl
http://paperpile.com/b/xwYOBf/5lCl
http://paperpile.com/b/xwYOBf/5lCl
http://paperpile.com/b/xwYOBf/5lCl
http://paperpile.com/b/xwYOBf/xvyh
http://paperpile.com/b/xwYOBf/xvyh
http://paperpile.com/b/xwYOBf/xvyh
http://paperpile.com/b/xwYOBf/xvyh
http://paperpile.com/b/xwYOBf/xvyh
http://paperpile.com/b/xwYOBf/4NmJ
http://paperpile.com/b/xwYOBf/4NmJ
http://paperpile.com/b/xwYOBf/4NmJ
http://paperpile.com/b/xwYOBf/4NmJ
http://paperpile.com/b/xwYOBf/4NmJ
http://paperpile.com/b/xwYOBf/Oz5P
http://paperpile.com/b/xwYOBf/Oz5P
http://paperpile.com/b/xwYOBf/Oz5P
http://paperpile.com/b/xwYOBf/Oz5P
http://paperpile.com/b/xwYOBf/Oz5P
http://dx.doi.org/10.1016/j.ijms.2004.11.011
http://paperpile.com/b/xwYOBf/Oz5P
http://paperpile.com/b/xwYOBf/8QyR
http://paperpile.com/b/xwYOBf/8QyR
http://paperpile.com/b/xwYOBf/8QyR
http://paperpile.com/b/xwYOBf/8QyR
http://paperpile.com/b/xwYOBf/8QyR


190 
 

Wang, Lin, Dan Wang, Olmo Sonzogni, Shizhong Ke, Qi Wang, Abhishek Thavamani, 
Felipe Batalini, et al. 2022. “PARP-Inhibition Reprograms Macrophages toward an 
Anti-Tumor Phenotype.” Cell Reports 41 (2): 111462. 

Wishart, David S., Yannick Djoumbou Feunang, Ana Marcu, An Chi Guo, Kevin Liang, 
Rosa Vázquez-Fresno, Tanvir Sajed, et al. 2018. “HMDB 4.0: The Human 
Metabolome Database for 2018.” Nucleic Acids Research 46 (D1): D608–17. 

  

UNIVERSITAT ROVIRA I VIRGILI 
COMPUTATIONAL TOOLS FOR THE ANNOTATION OF IN-SOURCE FRAGMENTS AND MATRIX-RELATED SIGNALS IN MALDI MASS 
SPECTROMETRY IMAGING 
Gerard Baquer Gómez 

http://paperpile.com/b/xwYOBf/nG5J
http://paperpile.com/b/xwYOBf/nG5J
http://paperpile.com/b/xwYOBf/nG5J
http://paperpile.com/b/xwYOBf/nG5J
http://paperpile.com/b/xwYOBf/nG5J
http://paperpile.com/b/xwYOBf/TvDm
http://paperpile.com/b/xwYOBf/TvDm
http://paperpile.com/b/xwYOBf/TvDm
http://paperpile.com/b/xwYOBf/TvDm
http://paperpile.com/b/xwYOBf/TvDm


191 
 

7. Supplementary Materials 

 

Supplementary Figure 1. Density distribution of ppm error of +2 DA m/z shift. 

 

Supplementary Figure 2. Comparison between autocorrelation of a single sample and 

spatial correlation between all samples within one group. 
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Supplementary Figure 3. Example molecular and anatomical annotations for Dataset 

D1
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Supplementary Table 1. List of the 25  MALDI MSI datasets used for method development and validation. Sample type, sample preparation, 

and MALDI-MSI acquisition parameters. 

No. Species Tissue type Matrix deposition Lateral 

Res. (um) 

m/z range Mass spectrometer Acq. Mode 

A1-A2 Mus musculus Brain DHB, TM sprayer 25 μm 100-1000 9.4T Solarix FTICR (Bruker) Positive/Profile 

A3-A4 Mus musculus Brain 

13𝐶6-DHB, TM sprayer 

25 μm 100-1000 9.4T Solarix FTICR (Bruker) Positive/Profile 

B1-B2 Mus musculus Brain 9AA, TM sprayer 25 μm 100-1000 9.4T Solarix FTICR (Bruker) Negative/Profile 

B3-B4 - Matrix control 9AA, TM sprayer 25 μm 100-1000 9.4T Solarix FTICR (Bruker) Negative/Profile 

B5-B6 Mus musculus Brain NEDC, TM sprayer 25 μm 100-1000 9.4T Solarix FTICR (Bruker) Negative/Profile 

B7-B8 - Matrix control NEDC, TM sprayer 25 μm 100-1000 9.4T Solarix FTICR (Bruker) Negative/Profile 
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B9-B10 Mus musculus Brain NOR, TM sprayer 25 μm 100-1000 9.4T Solarix FTICR (Bruker) Negative/Profile 

B11-B12 - Matrix control NOR, TM sprayer 25 μm 100-1000 9.4T Solarix FTICR (Bruker) Negative/Profile 

B13-B14 Mus musculus Brain Au, TM sprayer 25 μm 100-1000 9.4T Solarix FTICR (Bruker) Positive/Profile 

B15-B16 - Matrix control Au, TM sprayer 25 μm 100-1000 9.4T Solarix FTICR (Bruker) Positive/Profile 

B17-B18 Mus musculus Brain DHB, TM sprayer 25 μm 100-1000 9.4T Solarix FTICR (Bruker) Positive/Profile 

B19-B20 - Matrix control DHB, TM sprayer 25 μm 100-1000 9.4T Solarix FTICR (Bruker) Positive/Profile 

D1 Mus musculus Kidney (20 

μm) 

DHB, sublimated and re-

cristallized 

25 μm 100-1000 Spectroglyph, modified (7.5 torr)/ 

Orbitrap Q Exactive Plus 

Positive/Profile 
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Supplementary Table 2. List of the 14 METASPACE (Alexandrov et al. 2019)  MALDI MSI datasets used for validation. Sample type, sample 

preparation, and MALDI-MSI acquisition parameters. 

No. Species Tissue type Matrix deposition Lateral 

Res. 

(um) 

m/z range Mass 

spectrometer 

Acq. Mode Contributor 

C1-C4 Homo Sapiens Liver DHB, TM sprayer N/A 300-2000 TOF Positive/Centroid Denis Abu 

Sammour (HS 

Mannheim) 

C5-C6 Homo Sapiens Liver DHB, TM sprayer N/A 150-1850 FTICR Positive/Centroid Denis Abu 

Sammour (HS 

Mannheim) 

C7-C8 Homo Sapiens Brain DHB, TM sprayer N/A 100-1150 FTICR Positive/Centroid Elisa Ruhland 

(IBMP) 

C9-C11 Homo Sapiens Lung DHB, HTX M5 

Sprayer 

35 μm 200-1200 FTICR Positive/Centroid Brittney Gorman 

(PNNL) 

C12-C14 Homo Sapiens Kidney DHB, TM sprayer 35 μm 200-1300 FTICR Positive/Centroid Jessica 

Lukowski(PNNL) 
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CHAPTER 6: 

 

Final discussion and conclusions 
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This thesis has revolved around the study and annotation of two types of MS signals 

traditionally underestimated and overlooked in MALDI-MSI: in-source ion fragments and 

MALDI matrix-adducts ions. To address these issues we have presented two automatic 

annotation tools: rMSIfragment and rMSIcleanup, that are intended to identify and 

annotate these ions, respectively. We have also developed a full experimental and 

computational workflow based on SIL-MALDI matrices to discover de-novo matrix-

related adducts. This method allows the complete characterization of MALDI matrix 

adducts under different matrices, tissue types, ion sources, and MS analyzers. 

In general, we have found that the correct annotation and handling of in-source 

fragments and matrix-related signals should be prioritized. These signals negatively 

affect common computational approaches like dimensionality reduction (PCA, UMAP), 

and the annotation of endogenous metabolites and lipids and produces erroneous 

compound identifications. 

As a derived result of the annotation methods developed, we also made significant 

contributions to the broader field of software tools for MALDI-MSI in several ways. First, 

we proposed a novel iterative biclustering algorithm capable of detecting overlapped MS 

features (Baquer et al. 2020). This is of particular interest in TOF and other MS analyzers 

with moderate resolving power and a higher prevalence of overlapped MS features. We 

next introduced several new target-decoy strategies to estimate annotation confidence 

and performance using highly unlikely compounds, in-source fragmentation pathways, 

MALDI matrices, and m/z shifts. We also developed computational methods to register 

and fuse MSI with complementary imaging modalities such as Raman Imaging (Iakab et 

al. 2022), multiplexed tissue immunofluorescence (Notarangelo et al. 2022; Coy et al. 

2022), and immunohistochemistry (L. Wang et al. 2022). Finally, we made contributions 

at an MSI community level by proposing two new standards (Baquer et al. 2022). We 

proposed an adaptation of the metabolomics levels of confidence (Schymanski et al. 

2014) to MALDI-MSI and we also drafted an integration of the mzTab-M (Hoffmann et 

al. 2019) format with .imZML (Schramm et al. 2012) in an attempt to standardize the 

output of different annotation software. 

1. Annotation of lipid in-source fragments 

with rMSIfragment 
We have demonstrated the performance of rMSIfragment on 15 human nevi datasets 

with two orthogonal approaches: (1) matching its annotations to HPLC and (2) using a 

target-decoy approach. Both approaches yield similar performance estimations (0.7 AUC 

and 0.6 AUC for the samples acquired in negative and positive mode respectively). 

As a next step, we deployed rMSIfragment to annotate lipids and their fragments in 12 

publicly available samples covering a wide combination of samples and experimental 

setups. The performances obtained are comparable and often better than the ones 

obtained on the human nevi datasets. Additionally, rMSIcleanup shows a high lipidome 

coverage overlap when compared to available annotation tools like METASPACE 

(Alexandrov et al. 2019). Collectively, these results indicate that rMSIfragment is capable 

of reliably annotating lipids and their in-source fragments across multiple experimental 

conditions 
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One key highlight of our study is the importance of considering in-source fragmentation 

pathways when performing molecular annotation. We have found that overlooking ISD 

pathways, can lead to up to 75% of the reported lipid annotations to be overlapped with 

at least one in-source fragment. rMSIfragment mitigates this issue through two 

mechanisms: (1) unlikely lipids with low occurrences (number of adducts and in-source 

fragments) and poor spatial correlation are filtered out, and (2) the user is aware of the 

overlap, allowing them to be cautious with their interpretation of the automated 

annotations. 

We envision three new avenues to further improve the automatic annotation of lipids and 

their in-source fragments: (1) exploiting known ion suppression effects between different 

lipid classes, (2) exploiting MS/MS libraries, and (3) compiling MALDI-ISD or MALDI-

MS/MS libraries. 

Ion suppression effects strongly favor certain classes of lipids, difficulting the analysis of 

suppressed species (Boskamp and Soltwisch 2020). In positive mode, for instance, 

phosphatidylcholines (PC) display a strong signal in detriment to lower signals of 

phosphatidylethanolamines (PE) or phosphatidylserines (PS), phosphatidylglycerol (PG) 

or phosphatidylinositol (PI). In negative mode the effect is reversed, PC species show 

lower signals in samples containing other lipid species in favor of other lipid species. 

These interactions have been characterized in the past (Boskamp and Soltwisch 2020) 

and could be considered to define a new ranking score to filter out unlikely lipid 

annotations with intensity values that contradict them. 

Initially, we approached the annotation of MALDI-MSI in-source fragmentation by 

modeling and exploiting similarities of MALDI-MSI spectra to publicly available MS/MS 

libraries. These approaches were inspired by recent advancements in the LC-MS 

community (Xue et al. 2020), where the in-source fragmentation in an ESI source is 

enhanced to yield fragmentation patterns similar to those present in METLIN to aid the 

quick identification of metabolites. We compared individual MALDI-MSI spectra to 

MS/MS fragmentation spectra available in MS2ID (https://github.com/jmbadia/MS2ID) 

and in-silico fragmentation algorithms  such as MetFrag (Ruttkies et al. 2016), CFM-ID 

(F. Wang et al. 2021) and Sirius (Dührkop et al. 2019). The preliminary results suggested 

that the use of MS/MS fragmentation spectra available in databases and in-silico tools 

was not sufficient to annotate in-source fragmentation in MALDI-MSI confidently. The 

two main limitations are (1) the different ion sources used (MALDI vs ESI) and (2) the 

underrepresentation of common MALDI adducts such as M+Na and M+K (< 10%) in 

MS/MS libraries. This is of particular interest given that different adducts can yield 

different fragmentation patterns  (Fuchs et al. 2007). 

To overcome these limitations, one interesting avenue would be the compilation of 

MALDI-ISD libraries. This community-wide effort would help better characterize MALDI-

ISD in a wide range of biomolecules. A MALDI-MS/MS library, perhaps a more pressing 

interest of the MALDI community, could already provide a lot of information due to the 

common ionization mechanisms.  These two libraries would be invaluable tools to foster 

the development of the next generation of ISD annotation algorithms in MALDI-MSI. 

In conclusion, neglecting in-source fragmentation leads to  an increased number of false 

lipid annotations. rMSIfragment mitigates this effect by prioritizing annotations of lipids 

found forming multiple adducts and in-source fragments. 
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2. Annotation of Ag-related signals with 

rMSIcleanup 
The goal of this study was to develop, optimize and validate a new algorithm to annotate 

signals attributed to the LDI promoting material in MSI. The developed algorithm is 

packaged and released as rMSIcleanup, an open-source R package freely available for 

the scientific community and fully integrated with rMSIproc [20], a stand-alone package 

for the visualization, pre-processing and analysis of MSI datasets. 

As demonstrated, the widely used “blank subtraction” approach is outperformed by 

rMSIcleanup in the annotation Ag-related signals. In comparison to the top-performing 

alternatives for matrix-related peak annotation which are based on machine and deep 

learning [11], rMSIcleanup has the main advantage of using two intuitive scores 

(accounting for the isotopic ratios of clusters and the spatial distribution of their ions) and 

providing a visual justification of each annotation. This is a key contribution as it helps 

overcome the black-box problem, increases the user’s confidence in the annotation and 

can help researchers optimize experimental workflows (for instance, choosing LDI 

promoters that minimize interferences in the m/z range of interest). Another merit of our 

work is that, to our knowledge, it is the first matrix signal annotation algorithm to explicitly 

detect and deal with overlapping MS signals, which successfully prevents overlapped 

peaks from being misclassified. Given that we follow a targeted analytical approach, our 

classification is focused only on matrix-related signals while the algorithms presented by 

Ovchinnikova et al. [11]  have a broader scope and also classify as off-sample other 

exogenous compounds. In the era of big data, these two apparently opposite approaches 

(namely our analytical approach based on chemical similarity scores and their untargeted 

approach based on machine learning) must not only coexist but also complement each 

other following the trend already initiated in other fields [36]. This reality urges the MSI 

community to develop annotation algorithms capable of, not only exploiting the 

knowledge in the increasingly large amounts of MSI datasets available, but also 

incorporating metrics that take into account the chemical context of the sample to aid 

transparent justification. 

AgLDI MSI was chosen to validate the algorithm, due to the well-understood ionization 

of silver. A “validation list” was compiled from the literature, which included silver clusters 

that should be present in all samples and silver adducts or compounds that should not 

be present in any of them. Given the heterogeneity of the samples used in this study, the 

described validation list was adapted to each dataset. For each dataset, those clusters 

in the validation list for which the experimental data contained none of their theoretical 

masses were excluded. These adjustments in the validation list prevented an 

overestimation of the performance of the algorithm attributed to a high number of 

correctly classified “negative class” clusters (i.e. true negatives) located in mass ranges 

with no signal. We propose this validation strategy as a novel alternative to more 

common validation approaches such as chemical standards [6] or expert annotation [11, 

32]. This study adds to previous work [6, 14, 17, 29, 37] and further demonstrates the 

potentiality of AgLDI MS imaging, a thriving technology known for its reduced 

background signals in spatial metabolomics that is strongly complemented by our 

annotation algorithm as it further removes the influence of the matrix. 

In agreement with previous work on the effects of MSI data reduction [35], we have 

demonstrated that the annotation and removal of signals related to the LDI promoting 

material used can further enhance post-processing, due to the elimination of variables 
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attributed to exogenous compounds that do not reflect the morphology nor chemical 

composition of the sample. These results highlight the need to include software 

annotation tools such as rMSIcleanup in MSI workflows before exploring the datasets 

with classical data analysis techniques used in metabolomics. Here we would like to 

emphasize the need for a standardized quantitative metric to assess the quality of MSI 

images and we acknowledge the relevance of standardization initiatives such as the 

MALDISTAR project (www.maldistar.org). 

We envision two main applications for rMSIcleanup. On the one hand, it can be used in 

a purely exploratory fashion to better understand ionization and adduct cluster formation 

in new matrices, tissues and applications. In this case, the user is advised to add a long 

list of potential adducts or neutral losses to assess their formation. The validation 

approach followed in this paper is a clear example of this exploratory application of 

rMSIcleanup. A second application is the automated peak annotation of well-known 

matrices and tissues. In this case, only the clusters that are known to be formed need to 

be given to the software. This curated selection increases the data-processing speed. 

The set of matrix-related annotated peaks can then be eliminated from the dataset prior 

to performing post-processing workflows such as multivariate statistical analysis. In any 

case, the choice of adducts and neutral losses to consider (or matrix adducts with 

endogenous compounds, e.g. fatty acids + Ag) is application dependent and is therefore 

left to the user. This list must be manually specified as an input parameter to 

rMSIcleanup. 

Finally, the promising results obtained in the annotation of 𝐴𝑔𝑛
+-related peaks in AgLDI 

MSI open the door to the extension of this methodology to more widely used matrices 

such as 2,5-Dihydroxybenzoic acid (DHB), 1,5-Diaminonaphthalene (DAN), and 9-

Aminoacridine (9AA) among others. These organic matrices pose greater challenges. 

Firstly, they lead to increased matrix background due to their greater fragmentation and 

adduct formation [38–40] and the higher quantities in which they are added [39]. 

Moreover, they present the problem of “hot spot” formation given their less homogeneous 

application process [41]. These issues highlight not only the benefits of AgLDI MSI but 

also that matrix-related peak annotation can benefit data post-processing even further in 

applications using organic matrices. 

3. Discovery and annotation of matrix-

related signals with SIL-MALDI matrix 
We presented a novel experimental and computational workflow to discover matrix-

related signals using SIL-MALDI-MSI based on the synthesis of a new DHB matrix, in 

which all the carbons of the aromatic ring have been replaced by 13C. The only previous 

work with a labeled matrix used a deuterated CHCAI matrix to uncover endogenous 

metabolites previously selected using a targeted approach  (Shariatgorji et al. 2012).  

We demonstrate that focusing on spatial (Ovchinnikova et al. 2020) or spectral 

information (Strohalm et al. 2010) alone is not enough to gain a comprehensive picture 

of the prevalence of matrix-related signals. The matrix forms adducts with both 

exogenous and endogenous compounds and it is thus present on and off-sample and 

lacks distinct matrix-like spatial distribution. This issue is further amplified by ion 

suppression effects as different molecular environments and tissue types can lead to 

diverse spatial patterns. Focusing on spectral information is not enough either as this 

can potentially add false positives with isomeric endogenous formulas. The spatial 
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distribution helps us discern between endogenous and matrix related. Thus, the 

annotation of matrix-related signals requires the integration of spatial and spectral 

information. 

In consonance with previous studies (Janda et al. 2021) we found the number of matrix 

adducts with endogenous metabolites to be non-negligible. In this regard, to ensure 

confident annotation we introduce a novel FDR estimation paradigm based on decoy 

matrices and m/z shifts. This is a critical part of our workflow that enables us to work with 

higher levels of confidence and control the FDR. 

A key finding of this work is the realization that matrix-related signals worsen the 

performance of typical untargeted. We found that the removal of matrix-related signals 

helps dimensionality reduction algorithms like UMAP (McInnes, Healy, and Melville 

2018) better focus on biologically and anatomically relevant structures. Additionally, the 

removal of matrix-related signals also helps with the annotation of small molecules using 

automated tools like METASPACE (Alexandrov et al. 2019). Excluding matrix-related 

signals leads to an overall higher number of annotations with higher confidence (lower 

FDR). Echoing and expanding on previous studies (Baquer et al. 2020; Janda et al. 

2021) we find that the removal of matrix-related signals improves the performance of 

untargeted MALDI-MSI efforts. 

Finally, we provide a complete and validated database of DHB adducts with exogenous 

and endogenous compounds. This list can be used with rMSIcleanup to reliably and 

quickly annotate matrix-related signals in any dataset. It is worth noting that this new 

release leads to a considerable performance increase with respect to the initial release. 

The new release also includes an FDR estimation using a decoy library. Given a known 

list of adducts, rMSIcleanup can be used to confidently annotate matrix-related signals 

in any matrix. 

This study opens a few different avenues for future work. Firstly, this methodology could 

be used to discover adducts in other commonly used matrices such as CHCA, DAN, or 

9AA. In that regard, the main bottleneck is the limited availability of labeled MALDI matrix 

analog. 

On the computational side, an interesting avenue to explore would be modeling the 

MALDI matrix adduct from a molecular structure point of view. In a first exploration we 

could build a probabilistic model of the prevalence of different matrix-related adducts 

under different matrices, tissue types, and mass analyzers. What sort of adducts does a 

specific matrix generate? In this regard, the more than 7000 openly-available datasets 

in METASPACE would be really valuable.  In a second and deeper iteration, we could 

aim to link that information to specific aspects of the molecular structure of the matrix 

and the adducts. Why does a specific matrix promote a certain type of adduct? 
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4. Conclusions 
Conclusion 1:  rMSIfragment can annotate in-source fragments in lipids 

In completion of Objective 1 of this thesis, we developed rMSIfragment, a computational 

tool to annotate lipid in-source fragments. We found that, if not properly annotated, in-

source fragments of lipids can be overlapped with up to 50% of lipid parental annotations. 

rMSIfragment mitigates this issue by two mechanisms (1) the user is made aware of the 

overlap so they can be cautious with the interpretation of the results and (2) highly 

unlikely parental or fragment ions are deprioritized with a low-ranking score thus 

effectively reducing the number of overlaps. 

Conclusion 2:  rMSIcleanup can confidently annotate matrix-related signals 

Objective 2 of this thesis was the development of an automated annotation tool for 

matrix-related signals. rMSIcleanup was developed to fulfil this objective. Apart from the 

main functionality of the package, rMSIcleanup is capable detect overlapped peaks. This 

is of special relevance when processing TOF data with lower mass resolving power. We 

initially demonstrated its use on Ag-LDI-MSI given the well characterized ionization and 

adduct formation of silver, as well as its distinct isotopic pattern. Given the successful 

results we moved on to the annotation of DHB, the most widely used MALDI matrix. 

Conclusion 3: The combination of labeled and unlabelled MALDI matrix analogs 

in the same experimental setup allows for de-novo discovery of matrix-related signals. 

The main limitation of rMSIcleanup is that it requires a known list of matrix-related 

adducts to search for. To further complete Objective 3 we proposed a novel experimental 

and computational pipeline to discover matrix-containing signals. By using a Stable 

Isotopically Labeled MALDI matrix we are able to shift all m/z related to the matrix. We 

compare technical replicates prepared with the labelled and unlabeled matrix to 

distinguish between (1) endogenous ions, (2) exogenous matrix-containing adducts, and 

(3) endogenous matrix containing adducts. This is the first time this methodology is 

introduced and it could be deployed to explore different matrices and experimental 

conditions. 

Conclusion 4: The correct annotation of matrix-related signals and in-source 

fragments improves the performance of MSI untargeted metabolomics workflows 

Finally, to complete Objective 3 we quantified the prevalence of in-source 

fragments and matrix-related signals, and we also studied their effect on MSI post 

processing. We found that in the study of lipids, more than 50% of the annotated lipids 

were isobaric to possible insource fragments. We also found that the prevalence of 

matrix-related exogenous ions is around 15% while the presence of matrix adducts 

formed with endogenous compounds reaches the 23%. In both cases, we demonstrate 

that the removal and proper handling of these overlooked signals improves both 

dimensionality reduction algorithms and metabolite annotation pipelines. Overall, we 

conclude that automatic annotation tools in MSI need to start considering and properly 

annotating in-source fragments and matrix-related adducts. 
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