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Abstract:

Matrix Assisted Laser Desorption/lonization (MALDI) mass spectrometry imaging (MSI) is
a label-free technique, producing images where pixels contain mass spectra. The
technique allows the visualization of the spatial distribution of (bio)molecules from
metabolites to proteins, on surfaces such as tissues sections or bacteria culture media.
One particularly exciting example of MALDI-MSI use rest on its potential to localize
ionized compounds produced during microbial interactions and chemical
communication, offering a molecular snapshot of metabolomes at a given time. The huge
size and the complexity of generated MSI data make the processing of the data
challenging, which requires the use of computational methods. Despite recent
advances, currently available commercial software relies mainly on statistical tools to
identify patterns, similarities, and differences within datasets. However, grouping m/z
values unique to a given dataset according to microbiological contexts, such as co-
culture experiments, still requires tedious manual analysis. Here we propose a non-
targeted method exploiting the differential signals between negative controls and tested
experimental conditions, i.e. a differential signal filtering (DSF), and a scoring of the ion
images using an image structure filtering (ISF) coupled with a fold change score between
the controls and the conditions of interest. These methods were firstly applied to co-
culture experiments involving Escherichia coli and Streptomyces coelicolor, revealing
specific MS signals during the bacterial interaction. Two case studies were also
investigated (i) the cellobiose-mediated induction for the pathogenicity of Streptomyces
scabiei, the causative agent of common scab on root and tuber crops, and (ii) the iron-

repressed production of siderophores of S. scabiei. This report proposes guidelines for



MALDI-MSI data treatment applied in the case of microbiology contexts, with enhanced
ion peak annotation in specific culture conditions. The strengths and weaknesses of the

methods are discussed.



Introduction:

Matrix Assisted Laser Desorption/lonization mass spectrometry imaging (MALDI-MSI) is
a label-free technique used to visualize the spatial distribution of molecules™3, such as
metabolites?, peptides®, lipids®, or proteins’ on various surfaces. Information obtained
from comprehensive studies based on mass spectrometry (MS) and the determination of
the spatial distributions of molecules in samples offer significant knowledge about the
molecular characterization of biological samples, ranging from tissues sections (organ
biopsies, plant slices...) to biopolymer thin films®. Over the last decades, MSI methods
have been increasingly explored in microbiology to produce images of metabolite
synthesis and distribution by various interacting microorganisms, usually grown on thin-
layer of agar based medium?®'". The molecular ‘snapshot’ of the metabolome of strains
grown under controlled experimental conditions allows inferring molecular crosstalk and
induced metabolites expression within and between microorganisms. Competition for
resources and inhibition or elimination of antagonist species would greatly benefit of in
situ and real-time monitoring, making MALDI-MSI well suited for biomarkers, chemical

communication elucidation, or new molecules discovery'.

Despite the recent advances of MSI applied on the field of microbiology, concerning the
reproducibility of sample preparation, homogeneous matrix deposition or data
acquisition', the MSI data generated have a huge memory footprint and are challenging
to process and analyze. Actually, each image file contains thousands of spectra (and
consequently thousands of pixels), each of which displaying thousands of mass m/z
signals (peaks), especially when MALDI-MSI and High-Resolution Mass Spectrometry

(HRMS) are engaged. These m/z signals can have diverse origins. In the low mass range,



they are for instance mainly due to matrix ions, adducts, and aggregates’. The mass
spectra also contain signals from salts, agar and the unconsumed nutrients (amino
acids, sugars, ...) contained in the culture media that further increase the chemical
background and may cause ion suppression effects, impairing the detection of ions
specifically implied in the investigated metabolic activities of the microorganisms. Most
of these molecules can be ionized and desorbed in positive ionization mode as
protonated species, or cationized with sodium, ammonium, and potassium adducts, and
in various oxidation states due to the ionization processes. In negative ionization mode,
the metabolites and their oxidized forms are mainly detected as deprotonated species.
Overall, the number of signals contained in each image can easily exceed several
thousands of m/z peaks, making untargeted and discovery studies by manual data
analysis unrealistic even if it could lead to the highlight of a few (sometimes arbitrarily
selected) ions of interest®. Therefore, the data generated by MSI often requires advanced
software or computational approaches to be analyzed. Computational tools can handle
the complexities of MS| datasets, such as spatial segmentation, component analysis,
hypothesis tests or statistical tools based on co-localized features. They have been
developed for identifying patterns, similarities, and differences within datasets. Spatial
segmentation appears to be an appropriate approach for assessing similarities between
spectra and grouping them into clusters. This allows differentiation of specific areas
within the sample, based on their molecular compositions'™. The so-called co-localized
value approach reveals m/z peaks that are primarily localized within a specific region of
the image, proving highly beneficial for evaluating the spatial relationship among various
molecular species in a sample™. Principal Component Analysis (PCA) remains one of the

most popular methods to determine the variance within a data set. These approaches are



typically used to reduce the complexity of the dataset by identifying patterns and
highlighting variations between different samples’. Finally, univariate statistical
hypothesis and discriminative tests such as t-test are suitable to determine whether an

m/z value can be used to confidently discriminate between two or more groups™.

However, none of the currently available software, including both academic and
commercial codes used for analyzing MSI data, provide satisfactory data processing and
still requires tedious efforts to refine the processed data by hand, especially for features
which are unique to a peculiar dataset. This is though pertinent across various fields,
including microbiology, and of greatimportance when studying secondary metabolism of
bacteria. By modifying the culture conditions, it is possible to trigger global changes in
the regulation of the metabolic pathways but also to induce the expression of cryptic
genes responsible for the synthesis of unknown metabolites'®2'. The development of our
own in-house computational and statistical tools was proposed not only for improving
data treatmentin the context of microbiology-based studies, but also for speeding up the
MSI data analysis while enhancing the quality of the results. Similarly, the development
of in-house software by other laboratories has already been demonstrated significant to
improve analytical capabilities, showcasing the broad applicability and potential of

custom solutions in scientific research??24,

Here we propose a complete workflow based on 2 algorithms used separately or in
combination to filter and extract a maximum of ions of interest with a great confidence.
The first one is exploiting the differential signals detected between two or more datasets,
the differential signal filtering (DSF). The second is a scoring of the ion image structure

(i.e. evaluation of the degree of coherence concerning the repartition of the ion image in



the whole image) using an image structure filtering (ISF) coupled with a fold change score

(i.e. how much the score changed between controls and the condition of interest).

We challenged our method using three case studies to demonstrate its robustness and
the increased speed of the data analysis. In the first case study, we propose guidelines
on how MSI data treatment should be performed in the frame of MALDI-MSI applied to
metabolomic response of bacterial co-culture in interaction between Escherichia coli
and Streptomyces coelicolor to improve the detection and the identification of ions. The
strengths and weaknesses of DSF and ISF methods - applied individually or in
combination — is also critically discussed, especially in regards of a tedious manual
analysis. Finally, two other case studies were applied using our proposed methods: (i) the
cellobiose-mediated induction of the pathogenicity of Streptomyces scabiei, the
causative agent of common scab on root and tuber crops, and (ii) the iron-repressed

production of siderophores of Streptomyces scabiei.



Methods

Chemicals. a-cyano-4-hydroxycinnamic acid (HCCA), 9-aminoacridine (9-AA), and
formic acid (FA) were purchased from Sigma-Aldrich (Belgium). Acetonitrile were LC-MS

grade solvents obtained from Biosolve (Belgium).

Bacterial Strains, Medium, and Culture Conditions. The bacterial strains used in this
study are Streptomyces coelicolor M145, Streptomyces scabiei 87-22, and Escherichia
coli DH5a. Cultivation media were prepared as follows (for 1 liter): International
Streptomyces Project number 2 (ISP2) medium (Yeast extract (VWR™) 4 g, Bacto™ Malt
Extract (Gibco™) 10 g, D(+)-Glucose monohydrate (Carl Roth®) 4 g, and Bacto Agar (BD
Difco™) 20 g) ; Peptone Yeast Malt (PYM, Yeast extract (VWR™) 3 g, Bacto™ Malt Extract
(Gibco™) 3 g, D(+)-Glucose monohydrate (Carl Roth®) 10 g, Bacteriological Peptone
(Condalab) 5 g, and Bacto Agar (BD Difco™) 20 g); Thaxtomin Defined Medium (TDM,
(NH4).S0O, 2 g, MgSO, = 7H,0 0.6 g, K;:HPO, 2.6 g, sucrose 1,71 g, 1 ml of minor elements
solution (FeSO4 = 7H,0 1 g, ZnSO, = 7H,O0 1 g, MnCl, * 4H,0 1 g, CaCl. 1 g, in 1 liter, and
Bacto Agar (BD Difco™) 20 g). Co-culture experiments were carried out by inoculating 30
pl of spores (107 CFU/pl) of S. coelicolor M145 in line on a thin layer on ISP2 medium’®.
After 24h of incubation at 28°C, 5 ul of an overnight culture of E. coli DH5a (ODgoonm S€t tO
0.1) was spotted in contact with S. coelicolor and incubated at 28°C for 2 days. Induction
of the virulome of S. scabiei 87-22 was monitored on TDM medium supplemented with
sucrose (5 mM), and with either glucose (2.5 mM) or cellobiose (2.5 mM) as additional
carbon sources. Finally, the effect of iron (FeCl; 10 uM) on the production of siderophores

produced by S. scabiei 87-22 was monitored on Peptone Yeast Malt (PYM) agar medium.



Sample preparation for Mass Spectrometry imaging. Microbial cultures grown on the
solid medium were excised directly from the agar plate and transferred to a microscope
slide (VWR, USA), previously covered with a double-sided conductive copper tape (3M,
Reference no. 1182/25). The slides were air-dried in an oven at 40°C for 2 h. For MALDI
MSI experiments using positive ion mode, a HCCA matrix solution was prepared at 5
mg/mL in 80/20 ACN/water doped with 0.1% FA. 10 layers of matrix were sprayed onto
the slides with the SunCollectinstrument (SunChrom, Friedrichsdorf, Germany). The first
layer was sprayed at a flow rate of 10 pL/min. The flow rate was increased by steps of 10
pL/min after each layer untilit reached 60 pL/min. The 4-last layers of sprayed matrix was
done using our maximum flow rate of 60 yL/min. The procedure of matrix deposition was
repeated once again, which means that a total of 20 layers of matrix were sprayed per

slides.

FT-ICR Mass Spectrometry. MSI data were acquired on dual source ESI/MALDI Solarix
XR 9.4T (Bruker Daltonics, Bremen, Germany) using a mass range of 200-1600 m/z in
amplitude mode and a file size of 2M (FWMH % 300,000 @ 400m/z). This solariXxR 9.4T is
an FT-ICR fitted with a high field supraconductive magnet, dynamically harmonized ICR
cell (“paracell”), and 1w detection capable of extreme mass resolving power (FWMH of 1
million and better at m/z 400) and mass accuracy better than 0.5 ppm. For each mass
spectrum (pixel) of the image, the beam focus was set to “small” to reach a lateral
resolution of the pixel’s image around 100pm. 20 laser shots was performed at a
repetition rate of 200 Hz. The laser power was tuned to produce a stable ion current
between pixel as described elsewhere®. In this work, the laser power was set to 14%.
Before imaging the sample, the mass spectrometer was externally mass calibrated from

200 m/z to 1600 m/z before each analysis using red phosphorus suspension in pure



acetone and spotted directly onto the slides covered with the conductive tape. The laser
power was adapted to produce a similar amount of ions (total ion current) than those
obtained from the sample. Fleximaging v5 (Bruker Daltonics, Bremen, Germany) software
was used to design the imaged areas for MALDI-MSI acquisition, using a pixel step size
for the surface raster set to 200 um. For supplementary sets of parameters of the FT-ICR

used for performing MSI, see supplementary data (see Figure S1).

Data pre-processing and filtering. The data were first exported into the imzML files?® of
each image with Fleximaging 5.0 (Bruker). Each continuum mass spectrum was then
individually (i.e., each pixel) converted to centroid mass spectrum. The mass spectra of
one image of reference, were recalibrated using the m/z of HCCA clusters and then the
average spectrum of the reference image is generated and the m/z of the peaks in this
spectrum are used to recalibrate all the other images using algorithm published by La
Rocca et al?’. The MS images have been separately analyzed by the different filtration
algorithms differential signal filtering (DSF) and image structure filtering (ISF) methods
(discussed below). All images reported in this work were generated using SciLs™ 2016b
(Bruker Daltonics, Bremen, Germany). All figures reported in this work will adhere to the
SMART reporting standards to enhance the transparency and reproducibility of the

experiments?,.

The differential signal filtering (DSF) method. DSF algorithm has been integrated in
Mass Spectrometry Kendrick Filter (MSKF), an in-house Python3 software suite allowing
the filtration of mass spectrometry data based on the Kendrick mass defect®®. MSKF
software reprocesses the imzML data into ICK files. Briefly the .ICK files are Python object

files that contained a DataFrame of all signals detected in the MSI data conserving the



pixel localization (i.e., X- and Y-position), the mass-to-charge m/z, and the signal
intensity. All the MSI data in the imzML format were recalibrated using the software from
La Rocca and coworkers? before the conversion into to .ICK files, as described
elsewhere®-32, A noise reduction, based on a minimum intensity threshold, was applied
to remove the background noise in each MS spectrum (each pixel). This intensity
threshold was set high enough to remove the residual MS noise, but without suppressing
the potential weakest sighals intensity of the species of interest. After manually reviewing
randomly selected pixels on a few images, a minimum intensity of 10*° counts per scan
(cps) was retained (maximum signal intensity in a pixel was around 5.10*” cps). The MSKF
differential signals filtering tool was used to extract differential signals between a set of
.ICK files (e.g. condition A vs condition B, ...) and generated a new filtered .ICK file. This
algorithm is based on a signal (m/z peaks) subtraction between data sets (e.g., condition
A - condition B — condition C), retaining only the m/z peaks detected in the first data
(unique signal in condition A in regards of condition B and condition C) disregarding their
intensity values. The software requests an additional user-defined m/z tolerance window
to consider the possible mass shift events and decide if the peaks corresponded to the
same ions or not. Additionally, the filtering could also impose an additional parameter
defined by a minimum number of pixels that the signal has to occur on the whole image
(e.g. the m/z peak need to be detected in more than 100 pixels), minimizing the risk of

considering chemical noise due to e.g. single-pixel hot spot.

The image structure filtering (ISF) method. ISF algorithm is an in-house software
combining a python 3 script and R script. From the imzML recalibrated MSI dataset, the
mean spectra of the MSl experiments for each case studied were computed. Peak picking

was performed within contiguous mass window of atleast 0.01 m/z. In the case of several



m/z peaks are found in this window, only the most intense one is conserved. A list of m/z
containing the 10" most intense m/z peaks detected in the mean spectrum is generated.
Anionimage is generated foreach of these peaks and foreach MS image to be compared.
This is performed by iterating through each pixel and reporting the maximum intensity
value detected within the +/- 0.01 m/z window around the m/z from the peak list. Once all
the MSI pixels have been parsed, a list of intensity values that can be re-arranged into an
ion image from the MSI pixel coordinates (X- and Y-positions) is obtained. The images
generated are scored between 0 and 1 to assess the topological coherence of the signal,
also described as structure, using an algorithm that evaluates the level of structure of the
ion image. A score of 0 corresponds to a complete absence of structure and a totally
random distribution of pixel intensities across the analyzed space, while a score closed
to 1 corresponds to a structured image, where large regions of pixels have very close
intensity values (see examples in Figure 4). The current approach to compute the level of
structure is highly based on the measure of spatial chaos algorithm, developed by A.
Palmer and coworkers®, which was initially inspired by the concept of persistent
homology**. The score can be exploited to evaluate the variation of spatial distribution
between 2 ion images by computing the fold change of structure scores (score of the
tested condition divided by the score of the control condition).

To provide context to the processing time of the resulting data, the algorithm was run on
a single processor workstation containing an Intel(R) Core(TM) i9-9920X CPU @ 3.50GHz.
For one imzML file, it takes less than 40 minutes to complete the processing. The
algorithm runs independently without requiring supervision, allowing time to focus on
other tasks.

Code Availability



Software to perform the image structure filtering are implemented in an R package. The
software and installation instructions are available on GitHub at

https://github.com/LaRoccaRaphael/ISF.



Results and Discussion

The currently available software, including both academic and commercial codes,
mainly focuses on processing the MS image data through targeted mode, untargeted
mode based on statistical analyses of the data (multivariate analysis, data clustering,
ROI, etc.), or employs brute force peak annotation (requiring an existing and compatible
database). None of these approaches provide satisfactory data processing when applied
to the field of chemical communication and chemical interaction between bacteria,
fungi, and even plants, particularly in the context of studies to discover new compounds.
Indeed, these solutions are not specifically designed for identifying m/z signals that are
uniquely present in one dataset compared to control samples. This specific capability is
essential for accurately distinguishing the unique chemical signals emerging from
interactions within these biological systems. Scientists have to then use the basic
features of the MSI software such as data visualization, data segmentation, and peak list
generation, that need to be manually reviewed and processed. These are tedious and
time-consuming tasks where human errors can likely occur due to, among other things,
the large (thousands of m/z peaks) peak list to handle, significant chemical background
noise, disparity of the cations adducts, orion suppression effects. Here, the ideais based
on the fact that unique chemical signals are emitted exclusively during interaction
between two bacterial (or other) species and not in monocultures. So, to isolate these
interaction-specific signals, the list of m/z features identified under monoculture
conditions (serving as a negative control) is compared from the list obtained under co-
culture conditions. This makes it possible to distinguish only the differential signals

specific to the interaction. Moreover, one of the strengths of MSI lies in its ability to



discern between compounds and the random chemical background, leveraging the
principle that compounds produced during interactions are not scattered randomly but
are organized into structured ionic images. This structured nature of the compounds
ionic images serves as a foundational concept for isolating signals specific to
interactions, thereby enhancing the accuracy of the identified chemical signatures

unique to molecular crosstalk.

Methodology. Co-culture experiments between Escherichia coli and Streptomyces
coelicolor, two well-known bacterial species, were carried out in 5 replicates. Both
species have been extensively studied and therefore benefit from well-established
metabolomic databases®**’. Furthermore, preliminary assays have revealed that
specific compounds were generated as a consequence of the interaction between these

two-model species.

The differential signal filtering (DSF) and image structure filtering (ISF) methods were
challenged for identifying specific signals in comparison to the manual reviewing of the
dataset of MS images. A detailed and methodical process is described in Figure 1. The
initial step involves an exhaustive manualreviewing of allions presentin the images using
SciLs™. This manual analysis generates one reference lists that contains all the m/z
features corresponding to all ions detected in one specific condition, the interactions
between the two bacterial strains. The m/z features, grouped in the list A, are retained
only if the m/z peaks were detected in at least 4 out of the 5 replicates. These manual
analyses were conducted for benchmarking purposes, providing a reference to compare
and validate the performance of the two methods. The comprehensive nature of manual

analysis ensures that we have a robust dataset against which to measure the



effectiveness of our automated approaches. Thus, the automated workflows described
in our study are designed to streamline the process, offering a more scalable solution by
reducing the time and effort required for analyzing MS images. We plan next to apply
these methods in the two next study cases, allowing us to further validate their

effectiveness and demonstrate their practicality in various experimental contexts.

Comparison of List A with List C

) ) Evaluation of the ISF method
Comparison of List A with List B

Evaluation of the DSF methed |

Manual Analysis Differential signals filtering (DSF) Image structure filtering (I1SF)
7000 peaks @ - Intensity threshold : 100000 - Image structure : 0.6 =2 1.0
Time consuming ‘ Mass tolerance : 0.01 Da - Image Fold Change : 1.5 = =3.25
Laborious (Days) |||I|| 1 |l| |, Rapid (hour) - Rapid (hour)

> ion of specific signal ref li - ) - ‘H
creation of specific signal reference lists .||J|]Il]]] l.. . ]J]ll J] &

Total specific signal list (List A) L, 0.93 0.9
= Creation of differential signal list (List B) =» Creation of image structure difference
list (List C)

| Combination of List B and List C - List D I

Comparison of List A with List D

Evaluation of the complementarity of DSF and ISF method

Figure 1: Methodology for filtering and comparing specific sighals depending on the filtration method (DSF and
ISF). Manual analysis generates the List A (blue), which serves as reference lists for methods evaluation.
Differential signals filtering (DSF) and image structure filtering (ISF) generates respectively List B and C, allowing
the comparison to be made. Finally, list D is created by combining List B and C to evaluate the complementarity
of the methods to identify specific signals.

Manual analysis of the interaction between Streptomyces coelicolor and

Escherichia coli:

In a first phase of the study, we identified in the MS images all (or at least considered as
such) the signal (i.e. m/z peaks) specifically induced during the bacterial interaction. To
do so, the MS images obtained from the three controls (non-inoculated ISP2 medium,
and ISP2 inoculated either with S. coelicolor or with E. coli alone) and from the tested
condition (co-culture of S. coelicolor and E. coli on ISP2 medium) were first processed
with SciLs™ software. The average spectrum corresponding to the co-culture condition

was then investigated to look for signals specifically induced by the interaction between



bacteria with high confidence level. For this purpose, the following criteria were required

to postulate about the specificity of a signal implied during the interaction:

- The ion must be exclusively present in the mass spectra of the tested condition
(interaction).

- The resulting ion image had to be recorded in a minimum of 4 out of 5 biological
replicates, the topological coherence of the ion image structures was visually
assessed by the operator.

MSl is generally speaking not a quantitative method, especially considering the label-free
techniques, despite substantial efforts have been done on tissue sections during the last
years®¥4, |In the absence of quantitative method that could operate directly on agar
media, we decided to retain the signals detected only during the interaction between the
bacteria. Consequently, we omitted the signals variation linked to the overexpression or
repression of the compounds, initiated by the co-culture conditions, but in return, we

preserved our data from biases and ambiguities.

Figure 2A shows the opticalimages obtained for five biological replicates of samples from
control (ISP2 medium), from monocultures (E. coli and S. coelicolor grown alone), and
from the interaction between the two bacteria. The colonies are delimited using dashed
lines for convenience. Figure 2B and 2C show the ionic images of two ions, m/z 588.263
and m/z 609.329, which are present in the interaction samples but not in the control
conditions. These ions are part of list A (the peak list of all detected ions in the interaction
samples but not in the controls). The signal detected at m/z 588.263, secreted by S.
coelicolor, and m/z 609.329, produced by E. coli, were exclusively detected when the two

bacteria are co-cultured.



A. Optical image 1 2 3 4 5

ISP2

E.coli

S.coelicolor

Interaction

B. m/z 588.263

C. m/z 609.329

Figure 2: study of the interaction between S. coelicolor and E. coli by MALDI mass spectrometry imaging. A.
Optical images obtained for the five biological replicates. Colonies are delimited using dashed lines for
convenience B. m/z 588.263 and C. m/z 609.329, representing two of the ions preserved after manual filtration.
Scale bar (grey and white) represent the real size of the images. The color bar is coding the relative ion intensity
(from blue as 0% to red as 100%) of the extracted ions for each pixel of the ionic images. Bacteria colony limits
are represented by dotted blue lines for E.coli and black lines for S.coelicolor

About 7,000 peaks were present in the average spectrum of the MS images generated in
SciLs™. 205 m/z signals were specific to the tested condition when compared against
controls (medium and mono-culture), and these were compiled into List A which
represents about only 3% of all signals manually filtered. It is important to emphasize
that, within this list of signals, a large proportion present highly structured ionic images,

offering notable consistency in relation to the samples analyzed. This consistency



reflects the specificity of chemical interactions within the cultures studied, but also
underlines the reliability of the selection of signals for List A. However, itis also crucial to
recognize that some signals within this list are less structured, generally characterized by
lower intensity. All the images are present in the supplementary files (Supplementary
file_2). Thus, the manually processed data leading to List A constitutes the reference set
allowing the benchmarking of our proposed filtering bioinformatics tools in terms of

performance and accuracy.

Evaluation of the differential signals filtering (DSF) method. The DSF method, which
drastically speedup the data filtering, was initially used to extract the ions of interest,
appearing in the context of the bacterial interaction between E. coliand S. coelicolor. The
MSI data corresponding to this interaction were filtered with successive subtractions of
the MSI data of the blank (non-inoculated ISP2 culture medium) and negative controls
(monocultures). For example, the signals of the MALDI matrix, present in all data sets,
were automatically removed during the filtering steps. Figure 3 illustrates the signal
subtraction processes on a restricted mass range (m/z from 390 to 400) for clarity. After
the subtractions of the m/z peaks from the three controls (hon-inoculated medium and
the two monocultures, Figure 3B, 3D, and 3F), only signals corresponding to the m/z
peaks specific to the interaction between both microorganisms remain (Figure 3G). Each
of these peaks resulting from the co-culture can then be extracted and their
corresponding images reconstructed in SCiLs™. The metabolite detected at m/z 394.286
is illustrated as example (Figure 3H), demonstrating the capacity of the filtering method

to highlight interaction-specific signals.
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Figure 3: Overview of the differential signal filtering method processing. A. Zoom of the MSI average mass
spectrum between m/z 390 to 400 of the interaction between S. coelicolor and E. coli. B., D., F. panels present
the mass spectra of the control (no bacterial interactions) conditions i.e., the non-inoculated ISP2 culture
medium, the monoculture of E. coli on ISP2, and the monoculture of S. coelicolor on ISP2, respectively. C., E., G.
panels present the processed mass spectra after successive subtraction of controls presented in panels B, D,
and F, respectively. Signals (m/z peaks) are colored based as their function of origins: blue, culture medium ISP2;
Green, E. coli monoculture; Red, S. coelicolor monoculture; Black, signal specific to bacterial co-culture
(interaction). H. MSI image of a specific signal (394.286 m/z) obtained after filtration where relative intensity of

the signal is color coded from blue (0%) to red (100%).

Each of the five biological replicates generates so its own mass lists, containing

exclusively the compounds produced during the bacterial interaction for a given replica.



To maintain consistency with the manual analysis approach, the same criteria of
selection was kept and only the m/z signals retrieved in a minimum of four replicas were
retained for further data analysis. This method resulted in the selection of 107 signals,
constituting the List B (Figure 1) (Supplementary file_1). From these 107 m/z peaks, 87

are also among the 205 signals of List A (total specific signal list).

Remember that the DSF method applied an intensity signal threshold and a mass shift
tolerance during the filtration of the MSI data (see Material and Methods), the less intense
ions could be lost due to the applied threshold, and closely related m/z values from 2
different MS| dataset to be subtracted could be considered as a unique and same feature
by the algorithm included in the home-made MSKF software, depending on the user
settings. The introduction of false negatives and false positives can be avoided using a
better evaluation of the signal threshold in regards of the background noise in the MSI
data and the reduction of the applied mass tolerance. The range of the mass tolerance
window has to be considered in regards of the MS instrumentation, MS methods, and MS
performance during the acquisition of the MSI data. The mass tolerance can be greatly
reduced but it requires a high quality of data such as delivered by MALDI-Orbitrap and
MALDI FT-ICR instruments fitted with high field supraconductive magnet, dynamically
harmonized ICR cell (“paracell”), and 1w or 2w detection, which limited the mass shift
and provide sub ppm or better mass accuracy (sub ppm mass accuracy ensures 6
significant digits of the floating-point m/z value). However, it is noteworthy that data
realignment or recalibration serves as an effective strategy to minimize the mass shift
effect and improve the mass accuracy, respectively*t. The evaluation of the spectrum

noise background is evaluated by manual evaluation of the average noise around



dominant m/z peaks observed in some ion image pixels randomly selected from the MS

image.

Evaluation of the image structure filtering method (ISF). The second filtration method
adopted is based on an approach particularly well adapted to MSI dataset. This method,
based on the topological coherence of the image (also defined as structure of the image),
assigns a score to the structure of each feature (i.e. an extracted m/z value from the ionic
image). See in the material and methods for details. Briefly the score tends to 0 in the
absence of structure and reaches a maximum of 1 for a very structured ion image. For
illustrating this, Figure 4 shows the structure scores of three different m/z values in a
biological replica. These scores are then used to calculate a new parameter, called the
"fold change structure", representing the ratio of the highest score of the interaction to
the highest score obtained in the controls. This calculation is performed on the 10** most
intense features, generating a table including all masses (m/z peaks) according to two

criteria: the image structure of the interaction and the fold change (FC).

Score of the feature (S)
0 > 1
Unstructured Highly-structured
ion image jon image
m/z Interaction S. coelicolor E. coli ISP2 FC
998.0516 0.66
S:0.5898 S:0.8964 S$:0.2140
S$:0.9265 $:0:4213 S$:0.1801
1070.3434 3.00
S:0.7547 S$:0.2444 S$:0.2512




Figure 4: Overview of the image structure filtering method. The legend ranging from 0 to 1 show that scores close
to 0 correspond to unstructured ion image and 1, highly structured ion image. To illustrate this, three m/z were
picked (m/z 998.052, 954.506 and 1070.343) and the images and scores (below the image) of every condition
(Interaction, S. coelicolor, E. coli and ISP2) for one biological replicate are shown. Finally, Fold Change score (FC)
is computed by comparing scores of the interaction over the scores of the highest control condition.

Figure 4 additionally shows the ionic images of selected m/z values to illustrate the
varying fold changes that can be obtained by comparing their structural scores. Indeed,
for the first m/z 998.052, a fold change (FC) of 0.66 is calculated. As this score is below 1,
the image structure is better in at least one of the negative controls, here Streptomyces
coelicolor, compared to that of the interaction (co-culture). This suggests that the
metabolite is potentially less abundant in the co-culture condition compared to the
monoculture (bacterium grown separately). Indeed, the intensity usually reflects the
abundance of the metabolites and can contribute to higher image structure, as it often
affects the topological coherence of the signal. For m/z 954.506, a FC 1.03 is calculated,
which indicates no significant change in the abundance of this metabolite between the
sample resulting from the interaction experiment and the bacterial monoculture. Indeed,
the associated images do not show a notable difference, confirming that the interaction
does not affect significantly the relative intensity of the detected ion corresponding to this
metabolite. For the m/z 1070.343 an FC value of 3.00 is reached, suggesting an induced
production of this compound during the co-culture, which is indeed validated by the

visual evaluation of the images.

The underlying hypothesis of this filtering method is that if a signal is specific to a
condition under test, it will have a high structure score, and the ratio of fold change (FC)
will indicate to which condition the improvement of the structure score is associated. In
evaluating these 10,000 features, we can retain only signals with a structure score for the

condition tested of our interest in regard of to their fold change.



Thus, Figure 5 shows the results obtained using the ISF filtering method, conserving the
images with structure score higher than 0.6, 0.7, 0.8, and 0.9 only. The blue line indicates
the number of peaks classified into the reference Lists A, representing thus the target to
achieve. Considering a structure score greater or equalthan 0.9 and afold change greater
or equal than 1.5, only 29 significant signals remain, all of them initially included in the
List A. This drastic structure fold change scores exemplifies how the methodology can
automatically identify peaks exclusively specific to the interaction condition. By tuning
the structure and fold change parameters (for instance signals with a structure score
greater than 0.7 and a fold change greater than 1.5), the number of signals obviously
increases. For these new arbitrarily selected parameters, 160 significant signals are
identified (List C, see Supplementary file_1) amongwhich 115 were already presentin the
List A (list of specific signals determined with a manual analysis). These signals account
for 56% of all candidate ions characterized by a production response unique to the
bacterialinteraction. This filtration method is therefore of great interest not only because
it automatically extracts most of the significant signals from the huge amount of data, but
also because it allows the parameters to be modulated by the operator, offering a flexible

and efficient approach to the analysis process.
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Figure 5: Histograms Comparing the total specific m/z depending on the image structure in function
of the fold change. The blue line represents the number of signals in the List A. The histograms show
the number of signals (# of m/z) retained as a function of the parameters applied (fold change of
structure). The blue part of each histogram indicates the signals thus the m/z present in the List A,
while the gray parts show the signals considered as false positives.

Obviously, when the Fold Change exceeds 1, the number of ions specific to the bacterial
interaction increases, suggesting that a higher FC effectively filters out false positives. In
the examples shown in Figure 5, a FC score of below than 2.25 makes false positives
signals appear (signals in grey in Figure 5). Furthermore, when the base score of the
structure is high (0.8 and 0.9), the total humber of ions specific to the co-culture is of
course lower but strongly relevant. Here is now the tradeoff for the users: Choosing higher
structure scores ensures reliable results but could lead to the exclusion of relevant ions
that would have been selected at lower thresholds. Conversely, lower structure scores
can identify a larger number of ions, but this also includes a higher likelihood of detecting

false positives, thus necessitating careful evaluation of the MSI data.



The ISF method exhibits thus certain limitations, particularly regarding false negatives
and false positives, due mainly to too selective signal criteria. On one hand, false
negatives can be highlighted for two primary reasons. First, the calculation of the
Structural Fold Change, a critical parameter for distinguishing significant m/z, relies on
comparing the highest structural score of the interactions among the 5 replicas against
the highest score of all the control experiments. If a structural score in a control is
abnormally high, it can lead to false negatives. Secondly, the ISF method was designed
to retain the 10,000 most intense signals. This constraint could induce biases by ignoring
minor m/z peaks in the MS data. On the other hand, several factors also explain the
occurrence of false positives. In contrast to false negatives, if the structure scores in the
controls are too low, the ratio between the structure scores can lead to false positives.
Moreover, the current ISF method does not consider our last criteria which is an ion
having a structure should appear on 4 of our 5 replicates. For example, the compounds
detected at m/z 600.3204 was computed with descent ISF and FC scores but was
detected in only 3 of our 5 biological replicates (see Figure S2) This compound was

assigned as false positive, maybe wrongly.

Synergy between the Differential Signal Filtering and the Image Structure Filtering

methods.

Ultimately, our aim was to analyze whether these two filtering methods were
complementary and led to a more efficient filtering of the detected features in the MSI
dataset. The 107 m/z signals obtained by the differential subtraction filtration (DSF) were
merged with the 160 masses obtained by the image structure filtration (ISF) by applying a

threshold structure parameter greater than 0.7 and a Fold-change greater than 1.5. This



combination resulted in a total of 204 m/z signals, referred to as List D. Among these 204
m/z signals in List D, 139 were also found in List A (specific signal list, manual filtering)

(Supplementary file_1).

Moreover, more of these specific signals occurred if isotopologues were also considered.
The disparity in signal intensity between the ion at the monoisotopic mass and the
respective isotopologues typically results in a lower percentage of covering of the list A
by the different filtering method. Indeed, isotopologues have a greater chance to exhibit
lower structural score in ISF method or are most likely to be excluded by the threshold
applied in DSF method than the corresponding monoisotopic ion. It is important to note
that the DSF-ISF combined approach filtered and retrieved within a three to four hours,
79.0 % of the signals specific to the case study, whereas the manual data filtering
required days of continuous workdays. Among these identified ions through the filtering
process, this mainly corresponds to signals presenting a certain intensity with ionic
images possessing notable characteristics, such as a relative abundance around or
inside the colonies, and diffusion from the colonies. The ions missing from this filtration
comparedto the reference list A, primarily, correspond to signals of low intensities, which
typically have a weaker structure and are generally less visually interpretable highlighting
the efficiency and precision of the DSF-ISF approach in prioritizing signals with significant

biological relevance.

The Figure 6 proposes a Venn diagram illustrating the synergic effect of both filtering
method. Combined DSF-ISF filtering shares 63 common features with List A, while
additionally providing their own masses. The 24 and 52 signals unique to the DSF and ISF

lists, respectively, are not false positives, asthey are presentin List A. These signals could



only be detected by one of the filtering methods, highlighting the need for orthogonal
methods to extract the maximum information from the complex data obtained from mass
spectrometry images. While the filtering methods have proven efficient in reducing the
datafrom severalthousand featuresto only a couple of hundred m/z, they are not perfect.
Some unique features might be lost due to parameters such as the intensity threshold
applied in the DSF method or the fold change threshold chosen in the ISF method. It
doesn'tfeel like there is a specific trend in the unique features found by the two methods.
This underscores the importance of using complementary approaches to ensure

comprehensive data analysis.

However, the 20 and 45 m/z signals that are fully unique to the DSF and ISF lists,
respectively, are indeed considered false positives. This can be explained by several
aspects of the filtering methods. For the DSF method, the false positives can arise from
the signal threshold applied during filtration. While, on the other hand, in the ISF method,
false positives may result from a too low structure score in the control samples or failing
to meet one of the criteria, which requires that an ion with a structure should appearin 4

out of our 5 replicates (see Figure S2).

List A

Manual: all signals

DSF
(107)

ISF
(160)




Figure 6: Venn diagrams compile the two new methods (DSF an ISF) of filtration in comparison of
manual data analysis (all signal from the averaged mass spectrum in the MSI data).

Challenging the methodology with well-described case studies. A major challenge in
modern microbiology is to identify the environmental elicitors and nutrients that
modulate the expression of genes associated with the secondary/specialized
metabolism of bacteria and fungi. Finding these elicitors and the characterization of the
metabolomic response could also lead to the identification of novel molecules
associated with the numerous cryptic biosynthetic gene clusters (BGCs). In that context,
we challenged the DFS and ISF methods on two well-described culture conditions known
for either activating or repressing the production of specialized metabolites. The
production of these molecules is a costly process that requires tight expression control
of biosynthetic gene cluster (BGCs) which transcription is activated or repressed upon
sensing specific environmental signals. The two chosen on/off models are: (i) the
cellobiose-mediated induction of the pathogenic lifestyle of Streptomyces scabiei, the
causative agent of common scab on root and tuber crops, and (ii) the iron-repressed

production of siderophores of S. scabiei.

(i) First case study: Cellobiose-mediated induction of S. scabiei’s pathogenicity.
Thaxtomin phytotoxins are the main virulence determinants of Streptomyces scabiei.
Their production is mandatory for pathogenicity and is induced by the transport of the
cellulose byproducts: cellobiose and cellotriose***¢. Deflandre and coworkers* recently
studied the composition of the virulome of S. scabieiin response to cellobiose. This study
revealed by RNA sequencing that, in addition to the BGC responsible for producing

thaxtomins, the expression of nine cryptic BGCs was activated by cellobiose.



We applied both DSF and ISF approaches to evaluate how they facilitate the identification
of thaxtomins and to possibly discover candidate ions of new metabolites of cryptic BGCs

which production would also be under control of cellobiose.

S. scabieiwas grown on agar medium to permit the bacteria colonizing the entire surface
of the plate. The production of BGCs was induced by diffusion of cellobiose from a
soaked square-shaped piece made of paper deposited directed on the surface of the agar
medium. Finally, water- and glucose-soaked papers were used as negative controls
(Figure 8 A). The combined DSF-ISF method allowed to retain 393 ions from a total of more
than 4,000 ions. Most of them was identified to be specific to the cellobiose condition
(Figure 7 and Supplementary file_3-4). Among these signals, various ionization adducts
of thaxtomins A and B were easily identified (Figure 7 B-C.) which confirmed that our
filtering method allowed to retain ions of molecules regarded as positive control for

cellobiose-induced metabolites.

This synergistic data filtering also revealed specific signals that could not be attributed to
any known metabolite produced by S. scabiei upon cellobiose-mediated induction, such
as the metabolite detected at m/z 934.220 ([M+Na]*) and m/z 950.194 ([M+K]*) (Figure
7D). These metabolites could actually be a combination of cellobiose and HCCA matrix,
with some sodium/potassium adducts indicating a complex interplay of molecular

interactions and ionization processes to the conditions under study.
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Figure 7: A. Optical image of Streptomyces scabiei grown on minimal agar medium, covering the entire, with a
piece of paper soaked with water, saccharose or cellobiose. B. 477.117 m/z corresponding to [Thaxtomin A + K]+
C. 461.122 m/z corresponding to [Thaxtomin B + K]+ and D. 950.19 m/z. corresponding to an unknown ion
appearing preserved after filtration.

(ii) Second case study: The iron-mediated repression production of siderophores of
S. scabiei. Our second case study consisted of examining how iron regulates
metabolism with S. scabiei, specifically looking at siderophore production in relation to

iron presence in the medium. Although many siderophores of S. scabiei have already



been identified (desferrioxamines, pyochelin, scabichelin/turgichelin), others, not yet
described as siderophores, have been predicted through genome mining®’. Indeed,
siderophore production is classically controlled by the availability of iron. Indeed, iron
depleted environment triggers their biosynthesis while iron overload represses their
production®. In this context, we evaluated the combined DSF-ISF approach by MALDI
mass spectrometry imaging (Figure 8) for screening the presence of features associated
with siderophores productions by S. scabiei, cultivated under conditions either triggering
or repressing the production of iron chelating molecules. The strain was cultivated on
peptone - yeast — malt extracts (PYM) medium without or with iron (FeCl3 10 uM).
Applying the DSF-ISF filtering method led to a total of 749 selected signals (out of more
than 6,000 features) that disappear in the presence of iron. A majority of these signals
display the expected contrasted production pattern, i.e. no signalin the presence of iron
(Supplementary file_5-6). Among them, ions corresponding to S. scabiei siderophores
desferrioxamine B (Fig. 8B), desferrioxamine E (Fig. 8C), and scabichelin (Fig. 8D) were

easily detected.

Moreover, we observe ions such as m/z498.266 (Fig. 8E) and m/z514.240 corresponding,
respectively, to a not yet identified compound with a sodium and potassium adduct,
which both display iron-repressed production patterns similar to the siderophore
produce by S. scabiei but cannot be related to any known siderophore of this strain when
looking in database such as NPatlas* or StreptomeDB?®**. The distinctive ion signatures
and their iron-repressed production patterns, similar to known siderophores yet
unidentifiable in current databases, suggest these compounds could represent novel
siderophores synthesized by S. scabiei. This possibility underlines the importance of

further investigation into these compounds.
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Figure 8: A. Opticalimage of Streptomyces scabiei cultivated on peptone - yeast - malt extracts (PYM)
supplemented without (top) and with 10uM of FeCl3 (down) B. m/z 583.344 corresponding to
[Desferrioxamine B + Na]+ ion C. m/z 639.312 corresponding to [Desferrioxamine E + K]+ ion D. m/z



670.351 corresponding to [Scabichelin + Na]+ ion and E. m/z 498.266 corresponding potentially to an
unknown siderophore with a sodium adduct.



Conclusions and perspectives:

In this study, two computational methods for filtering mass spectrometry imaging (MSI)
data were introduced and evaluated, with a particular focus on untargeted
microbiological applications. The differential signal filtering (DSF) and image structure
filtering (ISF) methods were meticulously assessed through co-culture experiments and
the appropriate negatives controls, revealing their significant potential in streamlining the
data analysis process of MSI, especially in the context of molecule discovery and
microbiological applications. Our method was evaluated in regards of a set of data
manually filtered, which could itself includes biases due to human errors. Additionally,
we used “only” one manually filtered dataset as a reference dataset to benchmark our
method. Confronting the method to a larger set of trusted reference data would be
desirable. If we could use more dataset with high confidence level of the annotated
compounds, we are envisioning a better refinement of the user-defined parameters used
by our algorithms and limit as much as possible the presence of false positives and false

negatives.

The efficiency of these filtration methods has been demonstrated, particularly when used
concomitantly, which allowed notably rapid screening and delineation of specific sighals
in atypical biological samples for mass spectrometry imaging. The time-saving aspect
and easy operation to process these MSI data in regards of the manual processing or
other multivariate statistical or data clustering tools (see Figure S3) included in other
software suite is therefore most welcome. In the absence of quantitative in situ method
by MALDI MSI applied for such agar-based culture medium, no induction or repression

factor is yet accessible. This work offers new insights and perspectives in the study of



microbiological samples, such as the secondary metabolisms of bacteria and data
filtration of complex data can be particularly helpful for the adduct deconvolution of
sighals to identify metabolites, with an example of metabolite identification such as lyso-

phosphatidylethanolamine 16:0 (see Figure S4-6).

We aim to further enhance the capabilities of these computational methods. The
development pipeline includes the implementation of isotope deconvolution, a feature
that will further assist the users during the metabolite identification process. This
addition is anticipated to offer an even deeper understanding of the complex data

generated by MSI, potentially broadening the scope of potential applications.
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Exploiting Differential Signal Filtering (DSF) and Image Structure Filtering (ISF) methods
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The graphic illustrates the process of filtering mass spectrometry imaging (MSI) data
using differential signal filtering (DSF) and image structure filtering (ISF) methods to
find unique features in a dataset. The left panel shows the full spectrum of m/z (mass-
to-charge ratio) values with numerous peaks. By applying these filtering methods, we
obtain a filtered spectrum, indicating the retention of specific m/z values. Finally, the

red arrow highlight the identification of unique features specific to bacterial interaction.
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