Holistic characterisation of a Salmonella Typhimurium infection model using integrated molecular imaging
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Abstract 
A more complete and holistic view on drug penetration and host-microbe interactions are needed to understand the physiological and cellular barriers that affect the efficacy of the drugs and allow discovery and development of new therapeutics. Here, histopathology is combined with mass spectrometry imaging (MSI) and imaging mass cytometry (IMC) to study the effects of Salmonella Typhimurium infection in the liver of a mouse model using the S. Typhimurium strains SL3261 and SL1344. This multimodal approach enables correlation of tissue morphology with molecular images of drug distribution and tissue metabolism. IMC revealed a marked increase in immune cell markers and localisation in immune aggregates in infected tissues and those cell types were identified which contained S. Typhimurium. A correlative computational method (network analysis) was deployed to find metabolic features associated with infection and revealed metabolic clusters of acetyl carnitines, as well as phosphatidylcholine and phosphatidylethanolamine plasmalogen species which could be associated with pro-inflammatory immune cell types. 

Introduction 
Bacterial infections are one of the major causes of mortality globally, responsible for around 6 million deaths annually.1 Salmonella enterica lead to systemic diseases such as invasive non-typhoidal salmonellosis (iNTS), gastroenteritis and septicaemia in humans and animals.2 iNTS leads to sepsis, which can be fatal, and can cause relapsed infections in children, immune-compromised adults, and patients with malaria and HIV.3-6 Serovars generally associated with iNTS are S. Typhimurium, S. Enteriditis, and S. Dublin.7, 8 It has been recently estimated that the global burden of iNTS infections is around 3.4 million globally reported cases and 681,316 deaths per year, of which almost 60% are young children.6 Even after antimicrobial treatment a proportion of bacterial cells often survive within the host tissues. These surviving bacterial populations however are usually susceptible to antimicrobials when tested in vitro.9-12 The lack of clearance of these drug susceptible bacterial cells is of high medical importance and can lead to chronic infections, disease reservoirs, prolonged transmission, within-host bacterial evolution, and ultimately development of antimicrobial resistance.13, 14 The fact that the immune system can cause contradictory results during an infection is underappreciated despite the fact that it has crucial consequences for those intervention strategies that are based on modulation of the host.7-9, 15
Metabolic markers can be an indication of inflammation, cell death, and host-pathogen interactions.16, 17 Mass spectrometry imaging (MSI)18, 19 of thin tissue sections is a powerful technique to study endogenous molecular species such as small metabolites, proteins, or glycans as well as xenobiotics in a variety of disease settings ranging from neurological disorders to cancer and infectious diseases.20-22 MSI can play a key role in the identification and classification of bacterial species and studying metabolic changes during host-pathogen interactions.23, 24 MSI has been used to identify Lipid A virulence factor in F. novicida and also identify host inflammatory phospholipids during infection.16, 17 The metabolic molecule palmitoyl carnitine was identified in Salmonella infection and has been found responsible for killing T cell subsets during infection.25 MSI can additionally be used to visualise drug distribution and is a widely used tool both in academic research as well as pharmaceutical R&D to study drug disposition, delivery and pharmacological effects.26, 27 
Imaging mass cytometry (IMC) is a targeted highly multiplexed immunohistochemistry analysis in which antibodies are labelled with lanthanide metals used for MS detection following desorption and ionisation by laser ablation inductively-coupled plasma ionisation mass spectrometry (LA-ICP-MS).28 This technology enables the simultaneous identification and characterisation of a wide variety of cell types such as architectural and immune cell types as well as signalling markers in a single tissue section, enabling deep phenotyping of the tissue environment.29 The application of IMC in infectious disease settings is still novel and to this point was mainly used to study immune cell responses in viral infections such as Zika virus30 and COVID-19 infections.31, 32
To advance our understanding of host-pathogen interactions and the efficacy of antimicrobial treatments, it is key to get more holistic and systemic insights of how the immune cells interact with the bacteria in vivo and the metabolic state of immune cells during infections. In the present study, we demonstrate a method to detect metabolic changes in infected tissue and correlation of these changes with the presence of certain cell populations by using a combination of mass spectrometry imaging (MSI) and imaging mass cytometry (IMC). 




Materials and Methods
Animal experiments 
C57BL/6 female mice were purchased from Charles River, UK and used at the age of over 8 weeks. The mice were housed in a pathogen-free containment facility and were provided with food and water ad libitum. An inoculum of 106 CFU Salmonella Typhimurium SL1344 or SL326 (see SI for bacterial culture) was injected intravenously (i.v.) into the lateral tail vein of the mice. Three days post-infection mice were injected i.v. with 0.2 mL of ciprofloxacin hydrochloride dissolved in endotoxin-free water at 20 mg/kg, 50 mg/kg, and 100 mg/kg. Mice were terminated by cervical dislocation after 1 h of administering the antibiotic. The livers were flash frozen in isopentane with dry ice and stored at -80 °C before further processing.

Sample preparation
Samples were embedded into a hydrogel of 7.5 w% hydroxypropyl methylcellulose (HPMC) and 2.5 w% polyvinylpyrrolidone (PVP) as described elsewhere33 and cryosectioned using a Leica CM3050 cryomicrotome to 10 µm thickness onto Superfrost glass slides. Sections were dried under a nitrogen stream and vacuum packed followed by storage at -80 °C. Before MSI analysis, slides were thawed to room temperature before being unpacked to avoid condensation on the chilled slide surface. Two slides were used for analysis: #1 H&E, #2 DESI-MSI in positive mode followed by imaging mass cytometry.

Mass Spectrometry Imaging
DESI-MSI was performed on an automated 2D DESI stage (Prosolia Inc, Indianapolis, IN, USA) mounted to a Q-Exactive Plus instrument (Thermo Scientific, Bremen, Germany). Analysis was performed in positive ion mode using a mass range of m/z 125-900, a flow rate of 1.0 µL/min, spray voltage of +4.5 kV, nebulising gas pressure of 6.5 bar (Nitrogen N4.8) and spatial resolution of 50 µm. Horizontal line scans were converted into centroided .mzML format using MSConvert from the ProteoWizard toolkit v.3.0.404334 and then into centroided .imzML format using imzMLConverter v1.3.35 More details on MSI analysis can be found in the Supplementary Material. Data is publicly accessible on the Metaspace repository.36

Network analysis
Prior to performing the network analysis, the raw DESI-MSI data were analysed for peak identification and background signal filtering to predict the labels of the out-of-sample pixels, generating the tissue-related ROI. m/z values were re-calibrated using a penalized cubic spline regression model.37 Peaks associated with background pixels were filtered by SPUTNIK.38 The remaining re-calibrated peaks from only ROI pixels were used for the following analysis. Ion co-localisation networks were determined using weighted co-expression networks analysis (WGCNA).39  Analysis was performed on the MSI dataset as a whole. Only positive Pearson’s correlations were used as a similarity metric between all pairs of ion images. To extract the modules, the dynamicTreeCut algorithm was applied to the clustering tree, setting the smallest size of modules equal to 5.40 Module eigenvectors (ME), defined as the first principal component scores of the MSI data, calculated using the only module ions, were extracted from all modules. Modules with ME that correlated higher than 0.8 were considered identical and merged into a single module. More details on this workflow can be found in the Supplementary Methods section.
Network modules described in this manuscript were manually de-isotoped based on examination of the raw data and remaining m/z values tentatively identified using the Metlin Scripps,41 HMDB42 and Metaspace36 annotation tools and exact mass only (generally mass deviation below 3ppm). In ambiguous instances, annotations with larger ppm deviations are given. 

Imaging Mass Cytometry
Following DESI-MSI, the same slide was stained with antibody panel in Table 1. IMC was performed using the Hyperion Imaging System (Fluidigm Corporation, San Francisco, CA, USA). Imaged area was 3.5x2 mm for all infected tissues and 2x2 mm for the control tissue. IMC regions were selected to contain dense distribution of infection foci as defined by hotspots of metabolic markers such as palmitoyl carnitine (see Figure S1 for IMC ROIs overlaid onto MSI). ROI were subsequently imaged using a laser power sufficient to ablate the tissue completely without etching the glass slide (6db at 200Hz repetition rate).
CD3 and CD11c had to be excluded, thus a second smaller dataset with shorter IMC marker panel (see Supplementary Table S2) was recorded with one region for control, SL1344 and SL3261 infected tissue sections each to assess (global) T cell and dendritic cell/macrophage composition in more detail. Results for these phenotypes can be found in Table S4. 

Table 1. Antibody panel used for IMC analysis. Dilution and host species can be found in Table S1.
	Target
	Category
	Clone
	Metal tag

	αSMA*
	Fibroblasts
	1a4
	141Pr

	B220
	B cells
	RA3-6B2
	144Nd

	CD68*
	Macrophages
	FA-11
	145Nd

	NKp46*
	NK cells
	Polyclonal
	147Sm

	Ly6G
	Neutrophils
	1A8
	151Eu

	CD11c*
	Dendritic cells
	D1V9Y
	153Eu

	CD11b
	Macrophage subset
	M1/70
	154Sm

	F4/80*
	Macrophages
	CI:A3-1
	155Gd

	CD163*
	M2 Macrophages
	TNKUPJ
	156Gd

	E Cadherin*
	Epithelial cells
	24E10
	158Gd

	LPS*
	Salmonella
	1E6
	159Tb

	INOS
	M1 Macrophages
	CXFNT
	161Dy

	CD31
	Endothelial cells
	390
	165Ho

	EpCam (CD326)
	Epithelial cells
	G8.8
	166Er

	CD8
	T cells (CD8+)
	53-6.7
	168Er

	CD206
	M2 Macrophages
	CD68C2
	169Tm

	CD3*
	T cells
	CD3-12
	171Yb

	CD4
	T cells (CD4+)
	RM4-5
	172Yb

	MHC II (I-A/I-E)
	Immune cells
	M5/114.15.2
	174Yb

	CD45
	Myeloid Cells
	30-F11
	175Lu

	Granzyme B*
	Activated T cells
	Polyclonal
	176Yb

	DNA
	Nuclear staining
	
	191Ir/193Ir

	ATPase*
	Membrane
	EP1845Y
	89Y

	*Custom antibodies were labelled according to the manufacturer's instruction, short description of methods and stock concentrations can be found in Table S3.



Cell segmentation
IMC data was exported as 32-bit ome.tiff using MCDViewer and imported into Halo v3.0.311.346 for performing cell segmentation (Indica Labs Inc, Albuquerque, NM, USA). Cell segmentation was performed using the HighPlex FL v3.1.0 module. DNA intercalator at 191Ir was used to detect nuclei (size window of 8-572µm2), nuclear holes were not filled. Cells were assumed to be concentric around the nucleus expanding a maximum of 3.5µm. Tissue types were classified using a random forest classifier into normal liver, immune clusters and off-tissue areas using all applied tissue stains and default settings. Immune cell markers were grouped into phenotypes to represent different immune cell populations.43 Number of %positive cells over the entire ROI, healthy liver and immune clusters only was exported as .csv and used to study effects on immune cell populations over tissue subcompartments. Bar charts in Figure 3 were created from this data using ggplot2 in R.44 Object based data for all cells was exported as .csv to investigate the nature of Salmonella positive cells and to export cell positions for correlation analysis. 

Correlation of cell phenotypes and single IMC markers with metabolites
MSI data was imported as centroided .imzML. Peak detection was performed on the mean spectrum (generated using ppm rebinning with 1 ppm window) to generate a peak list, which was used to save a reduced datacube to .imzML using SpectralAnalysis.45 IMC and MSI data were registered to determine an affine transformation to transform coordinates in one modality to the other.46 Coordinates for each cell, determined from the IMC object data (as described above, see cell segmentation), were then transformed to the MSI space. The number of cells with a given phenotype were then counted per corresponding MSI pixel and Pearson's correlation was computed for all phenotypes from the IMC data and peaks from the MSI data.
Results
Analysis of tissue histology 
It was previously reported that in the liver, Salmonella infection causes the disruption of the hepatocyte plates which leads to the infiltration of phagocytes into the tissue. The infection foci mainly constitute polymorphonuclear cells which at a later stage of infection are joined by mononuclear cells and lead to the formation of granulomas with central necrosis.47-49 Examination of liver sections in Figure 1a (zooms into all tissues can be found in Figure S3) using H&E shows small clusters of lymphoid cells of 50-300 µm in diameter in the infected tissues. 
Figure 1b shows the corresponding area of the adjacent tissue section following IMC analysis. The ROI were classified into normal liver and immune clusters. While immune clusters are largely absent from the control tissue section, a significant increase can be seen in the infected tissues. 

Analysis of immune cell composition during Salmonella infection and treatment
In the control tissue section, the highest percentage of immune cell markers belonged to T helper cells (CD45+ CD4+) at 15%, closely followed by B cell markers (CD45+ B220+ MHCII+) at 6.7% and macrophage markers (CD45+ CD11b+ F4/80+ MHCII+) at 5% (Figure 3).
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Figure 1. a) H&E stained image, adjacent tissue sections to b-e), b) corresponding IMC images classified into off-tissue areas, normal liver and immune clusters using a random forest classifier in Halo (overlaid half transparently over CD45 in white), c) DESI-MSI image of palmitoyl carnitine at 50µm spatial resolution, d+e) cell type distribution for CD45+ CD11b+ F4/80- MHCII+ iNOS+ and CD45+ CD11b+ F4/80+ MHCII+ iNOS+, cell distribution images were upscaled to match lateral resolution of the MSI experiment for correlation analysis (R values given in bottom right corner for correlation with distribution of AC(16:0) shown in c). Neither cell type was detected in the control tissue section.
In the immune clusters studied from tissues infected with SL3261 and dosed with ciprofloxacin at 20 mg/kg and 100 mg/kg (Figure 3A), the immune cell markers associated with B cells were 4.8% in the infected and 7.1% in the infected dosed at 100 mg/kg. T helper cells were 1.6% in infected tissue and 2.3% in dosed tissues at 100 mg/kg and cytotoxic T cells (CD45+ CD8+) were present at 3.1% and 2.2% in infected and dosed tissue, respectively. It was observed that the percentages of immune cell markers for T helper cells and neutrophils (CD45+ CD11b+ Ly6G+) in infected and dosed tissue sections were low. Along with this the macrophage markers in infected and dosed tissues were high with 41.9% in the infected tissue section and 49.0% in the dosed (100 mg/kg) infected tissue section. Further combinations of cell markers were investigated to identify specific subsets of these cells and observed that the cell types positive for iNOS were predominant with 41.0% in the dosed tissue at 20 mg/kg (Figure 3B). iNOS is a known immune response against Salmonella pathogenesis in hosts to generate a bacteriostatic response. In addition, the presence of M2 type macrophages (CD163+ CD206+ CD68+ F4/80+ CD11b+) was lower with 9.0% in infected tissues and 5.6% (Figure 3B) in the ciprofloxacin treated tissues (at 100 mg/kg). This could be ascribed to disruption of M2 macrophages housing Salmonella cells or to increased adaptive immune response observed with the increase in B cells and T cells. No  significant changes in the CD45+ CD11b- NKp46+ markers for the natural killer (NK) cell populations were observed. 
In tissues infected with SL1344 and dosed with ciprofloxacin at 50 mg/kg, the immune cell markers associated with B cells, T helper cells, and cytotoxic T cells were present at less than 5% for all the cell types. However the percentage of mononuclear and macrophage cell markers observed were higher at 15.9% and 19.9% in infected and drug dosed tissues sections, respectively (Figure 3A). The cell markers for neutrophils and B cells were very low and maybe associated with the necrosis observed in the H&E. Furthermore, higher percentages of cell markers iNOS and M2 macrophage phenotypes presented in tissue sections infected with SL1344 which contained 32.7% and 3.9% and SL1344 ciprofloxacin dosed which had 41.6% and 8.5%, respectively (Figure 3B). From a separate IMC dataset on an adjacent tissue section, detailed immune cell compositions for T cells revealed there was a high proportion of CD45+ CD3+ CD4- CD8- T cells, in both tissue sections infected with SL3261 and SL1344 strains (14.0% and 11.0% of the immune cluster population, respectively). These double negative (DN) T cells have been implicated in playing an important role in intracellular pathogenic infections by controlling the infection and acquiring a memory T cell phenotype allowing for an adaptive immune response.50 As can be seen from the IMC analysis, the immune clusters are predominantly made up of CD45+ CD68+ F4/80+ MHCii+ iNOS+ cells, this group of cells include M1 macrophages and DCs. A more detailed analysis on a neighbouring tissue section leads us to believe that up to 75% of CD45+ CD11b+ F4/80+ cells in SL1344 and 92% in SL3261 immune cell clusters are additionally CD11c+, so possibly dendritic cells rather than macrophages (see Table S4). iNOS producing DCs have been shown to mediate the innate immune defence in bacterial infections.50  However, in this study no differentiation has been made between high and low expression of IMC markers; previously using flow cytometry, we have differentiated CD11chigh to be DCs versus CD11clow to be macrophages.15 A similar distinction could lead to a reduction of the percentage of DCs observed in this study.
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Figure 3. Bar graphs representing percentages of immune cell populations in immune cell clusters studied for tissue sections from livers of mice that were uninfected (control); infected with S. Typhimurium SL3261 (SL3261), infected with S. Typhimurium SL3261 and dosed with ciprofloxacin at 20 mg/kg (SL3261+20mpk) or 100 mg/kg (SL3261+100mpk); infected with S. Typhimurium SL1344 (SL1344), infected with SL1344 and dosed with ciprofloxacin at 50mg/kg (SL1344+50mpk). A Immune cell populations categorised as B cells (B220+ MHCII+), T helper cells (CD4+), T cytotoxic cells (CD8+), Neutrophils (CD11b+ Ly6G+), and NK (NKp46+) cells for individual tissue sections. B Immune cell populations of subtypes of the immune cells mentioned in A,B which are characteristic during S. Typhimurium infection for the individual tissue sections.

Over all infected tissue sections, 250 cells were found Salmonella+ (0 were found positive in the control tissue section). Table 2 lists all cell populations that were found to be Salmonella+.  The largest groups, 106 and 72 of the 250 cells, were found to be of the type CD45+ CD11b+ F4/80+ MHCII+ iNOS+ and CD45+ CD11b+ F4/80- MHCII+ iNOS+, respectively. Figure S4 shows representative Salmonella+ cells as well as different immune cell types in a small and large immune cluster, respectively.

Table 2. Summary of Salmonella+ phenotypes in all tissue ROIs.
	Immune cell phenotypes
	Salmonella + cells

	CD45+ CD11b+ Ly6G- F4.80+ MHCII+
	32

	CD45+ B220+ MHCII+
	7

	CD45+ CD11b+ Ly6G+ F4.80- MHCII-
	20

	CD45+ CD11b- CD4+ (Th cells)
	1

	CD45+ CD11b- CD8+ (cytotoxic T cells)
	0

	CD45+ CD11b+ F4.80+ MHCII+ iNOS+
	106

	CD45+ CD163+ CD206+ CD68+ F4.80+ CD11b+ 
	10

	CD45+ CD11b+ F4.80- MHCII+ iNOS+
	72

	CD45+ NKp46+ CD11b- F4.80- CD8- CD4- MHCII-
	0

	CD45+ NKp46+ CD11b- F4.80- CD8- CD4- MHCII+
	2



Metabolites in liver during Salmonella infection and treatment
To mine the MSI data for infection related metabolic changes, a network algorithm37 led to the discovery of a total of 69 network modules in positive ion mode. Of these, three modules #34+, 43+, and 49+ (see Figure 4) were associated with the observed immune clusters while the remaining network modules were related to other tissue features. Some not infection-related network modules are shown in Figure S5.
Molecular constituents in module #49+ and module #43+ are chemically closely related. Network module #49+ is dominated by phosphatidylcholine-plasmalogen species (PC-Ps) with 32-34 carbon number as [M+K]+ adducts while module #43+ contains both PE- and PC-plasmalogens of on average slightly longer chain length than module #49+ as [M+Na]+ species.  Three of the PC-Ps can be seen in both modules but as different adducts ([M+K]+ in module #49+ versus [M+Na]+ in module #43+). Module #34+ consists of several saturated and unsaturated long chain acyl carnitines (LCACs) ranging in length from C14-C18 and oxidised acylcarnitines (+16 Da corresponding to an additional oxygen). In the ME representations, an additional systemic (hepatocyte-related) increase can be observed in the non-control tissues, which differentiates this network module from module #49+ and #43+. Figure 1c shows the distribution of the most spectrally abundant acylcarnitine (AC) in cluster #34+, palmitoyl carnitine over control, SL3261 and SL1344 infected tissue sections, clearly following the distribution of immune clusters visible in Figure 1b. 
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Figure 4. Cluster modules observed in positive ion mode for a) module #34+, b) module #43+ and c) module #49+. Top row: spatial visualisation of the immune aggregate related module eigenvectors (ME). Bottom row: graphical representation of the corresponding network modules. Darker colours and increasing line thickness indicate stronger correlations. Corresponding exact masses can be found in Table S6.

We next correlated the IMC data with the DESI-MSI data to identify whether any metabolic features associate with specific immune markers or immune cell subtypes. Strongest correlations in SL3261 infected tissues between all IMC markers and phenotypes and the MSI data was between CD11b and m/z 784.5576 (PC-P(34:0), R=0.66) and AC(16:0), R=0.63, followed by more ACs and plasmalogen species largely associated with network module #34+ and #49+, respectively. iNOS also showed correlations with AC(16:0) (R=0.78), AC(18:1) (R=0.78) and AC(18:0) (R=0.77) as well as with several plasmalogen species observed in cluster #49+ as well as m/z 214.0579 (tentatively identified as citrulline as [M+K]+, R=0.60) and m/z 175.1183 (identified as arginine as [M+H]+, R=0.56), see Figure S6. In SL3261 infected tissues, AC(16:0) correlated strongest with CD11b (R=0.56). Correlations of iNOS with citrulline and arginine were absent in the SL3261 infected tissues (R=0.18 and R=0,31, respectively, see Figure S6). 
AC(16:0) and PC-P(34:0) show good spatial correlations with CD45+ CD11b+ F4/80- MHCII+ iNOS+ (R=0.73, R+0.68) in SL1344 and slightly less good correlation with CD45+ CD11b+ F4/80+ MHCII+ iNOS+ (R=0.57, R=0.57). In SL3261, correlations are of similar size for CD45+ CD11b+ F4/80+ MHCII+ iNOS+ cells (R=0.55, R=0.55), however, absent for CD45+ CD11b+ F4/80- MHCII+ iNOS+ cells (R=0.26, R=0.32), which contained far less of this cell type (see Figure 1d+e for corresponding cell type distributions, Figure 3B for bar charts). CD45+ CD11b+ F4/80+ MHCII+ iNOS+ cells correlate near perfectly with iNOS in SL3261 (R=0.99) while this correlation is significantly reduced for CD45+ CD11b+ F4/80- MHCII+ iNOS+ cells (R=0.43). In SL1344, correlation coefficients with iNOS are of similar magnitude at R=0.86 and R=0.83 for CD45+ CD11b+ F4/80+ MHCII+ iNOS+ and CD45+ CD11b+ F4/80- MHCII+ iNOS+, respectively. 
A 70-kDa peroxisomal membrane protein (PMP70) stain was performed to gain more information on the origin of AC and plasmalogen species, as both compound classes can be highly abundant in peroxisomes. PMP70, an ATP binding cassette transporter, is one of major components of peroxisomal membranes.51 In mammalian cells, peroxisomes are exclusively performing plasmalogen synthesis and FAO of very long chain fatty acids (VLCFA, C>22) and polyunsaturated fatty acids (PUFAs). The PMP70 stain shows strong staining of normal liver tissue in line with the high plasmalogen abundance normally found in the liver. In comparison, the immune cell clusters show little staining (see Figure S7) suggesting that ACs and plasmalogens are not detected in immune cell clusters due to increased peroxisomal abundance. 

Discussion
M1 polarised macrophages are pro-inflammatory and the type of macrophages predominantly involved in pathogen clearance whereas M2 macrophages are more immune-regulatory and have anti-inflammatory properties. The host M1 macrophages are known to curtail the infection through the production of NADPH phagocyte oxidase at the initial stages and the production of Interferon gamma (IFNγ) which increases nitric oxide (NO) production at a later stage to control the spread through a more bacteriostatic effect.52-54 Despite the administration of ciprofloxacin and increased host defence response, the presented data suggests a sizeable percentage of M2 type macrophages which were also found to contain Salmonella bacteria. These two findings may allow for long term persistence and survival of Salmonella Typhimurium in the host.55 It is also interesting to note that there are no marked changes in the cell markers associated with the adaptive immune response. There was also no marked variability of CD8+ T cell mediated cytotoxicity through production of granzyme B in the immune clusters studied.56 
Metabolic changes in the infected tissue can define a roadmap of infected immune cells and can potentially be used to identify and or modify treatment. The cellular metabolic state dictates downstream function for many immune cells.57 An analysis of the metabolic differences in infected vs control livers revealed ACs, PC-Ps and PE-Ps as metabolites that associated with the tissue lesions. Plasmalogens have been proposed to act as precursors for inflammatory mediators, modulation of membrane fluidity, and anti-oxidative properties.58 Plasmalogens PC(P-34:1), PC(P-34:0) and PC(P-36:3) to PC(P-36:1) show strong correlations with CD11b+ immune types and could be used as possible CD11b+ immune cell molecule markers. The liver, although the source of plasmalogen production, has intrinsically low amount of plasmalogens, whereas inflammatory cells were reported to be comprised of up to 50% of plasmalogen species which is significantly higher than the 10% they make up in the average tissue phospholipid content.59, 60  
Correlations were observed between spatial distributions of arginine and citrulline with iNOS in the SL1344 infected tissues. Arginine and citrulline are implicated in NO generation by macrophages and neutrophils as part of their iNOS driven reaction to pathogens.61 The results suggests that ACs, arginine and citrulline are associated with iNOS positive immune cell types, especially CD45+ CD11b+ F4/80- MHCII+ iNOS+ cells in the SL1344 infected tissues. A lack of correlation of these metabolites with the same cell type (or iNOS) in SL3261 can be explained by the reduced amount of this cell type. 
Long chain ACs have been reported upregulated in several inflammation scenarios25, 62, 63 and have been implicated in inflammatory responses in insulin resistance and type 2 diabetes mellitus such as induction of cytokine production and activation of COX-2.63 A recent study by Hulme et al. proposed palmitoyl carnitine (AC16:0) as an immunological mediator found to be upregulated during S. Typhimurium infection in murine mesenteric lymph nodes.25 In addition, McCoin et al. implicated excessive cellular accumulation of lipids such as long‐chain ACs, ceramides, and others in cell stress and inflammation.64 ACs are important intermediates in FAO, transporting free fatty acids into the mitochondrion via the carnitine shuttle mechanism. They show strong correlations with the CD11b+ F4/80- MHCII+ iNOS+ immune cell populations in the SL1344 infected tissues (R=0.73), a cell population which was not found to be very abundant in SL3261 infected tissues. This group of cells includes neutrophils, NK cells and classical (inflammatory) monocytes, however, due to the lack in correlation with NK cells we presume that the observed correlations are predominantly associated with monocytes and/or neutrophils. ACs additionally correlate with CD11b+ F4/80+ MHCII+ iNOS+ in all infected tissues. The CD11b+ F4/80+ cell population can be divided into macrophages and dendritic cells. In macrophages, iNOS indicates a M1 phenotype which due to its reliance on glycolysis rather than FAO65 is not expected to contain high amounts of ACs. While FAO does not seem to be obligatory for induction of a M2 phenotype,66 it still acts as an important mediator of innate and adaptive immunity and increased FAO was reported to lower inflammation in macrophages.67 Similarly, immunogenic DCs show increased reliance on glycolysis while tolerogenic DCs show increased FAO. A shift towards glycolysis is also seen in activated DCs.57 As based on our analyses three quarters or more of these immune cell clusters are composed of dendritic cells (DCs) rather than macrophages and might be the origin of the increased LCAC content instead. Through incomplete β-oxidation in mitochondrial FAO, these immune cells might produce LCACs as by-products which in turn might activate pro-inflammatory signalling pathways and help activation and polarisation. In inflammatory macrophages, carnitine palmitoyl transferase 1a (Cpt1a) was found increased, despite the fact that FAO and oxidative phosphorylation are inhibited during activation. This in turn was associated with increased LCAC levels.68 The results of the PMP70 stain further suggest immune cells as the source of ACs and plasmalogens, with ACs likely originating from the immune cell energy production while plasmalogens are likely to be immune cell structural membrane components.

Conclusions
To the best of our best knowledge, this is the first report of using IMC to study bacterial infectious diseases, including visualisation of bacteria directly. This multimodal study setup enabled us to generate an in-depth systems-level analysis to dissect the host–pathogen metabolic networks and assign these changes to immune cell types in infection and immunity. Using the demonstrated methodology, changes in S. Typhimurium infected vs control livers were characterised on metabolic and cell compositional level. MS-based imaging provides spatial distribution of the metabolites during the infection process to aid the analysis of metabolite dynamics during the host–microbe relationship. Using small molecule MSI followed by IMC on the same tissue sections allows maximisation of information content while reducing ambiguity around co-registration of adjacent tissue sections. This combination of MSI with the highly multiplexed spatial information of cellular markers by IMC such as those implicated during macrophage polarisation has an immense potential to increase our understanding of metabolism in underpinning immune cell function. Rather than sorting cells or performing cell culture for LC-MS analysis, the presented methodology enables to study cell type specific metabolism in complex systems such as this inflammation scenario in situ, retaining spatial relationships and interactions between different cell types. This holistic overview into cell distribution and associated metabolism may aid the discovery of potential new targets for the developments into therapeutics for treatment of infectious diseases or the boosting of immune functions.
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