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Abstract 

Bac kgr ound: Truly understanding the cancer biology of heterogeneous tumors in precision medicine requires capturing the complex- 
ities of multiple omics levels and the spatial heterogeneity of cancer tissue . Tec hniques like mass spectrometry imaging (MSI) and 

spatial transcriptomics (ST) achieve this by spatially detecting metabolites and RNA but are often applied to serial sections. To fully 
lev era ge the adv anta ge of such multi-omics data, the individual measurements need to be inte gr ated into 1 dataset. 

Results: We present the Multi-Omics Imaging Inte gr ation Toolset (MIIT), a Python fr amew ork for inte gr ating spatially resolved multi- 
omics data. A key component of MIIT’s inte gr ation is the re gistr ation of serial sections for which we developed a nonrigid re gistr ation 

algorithm, Gr eedyFHist. We v alidated Gr eedyFHist on 244 ima ges fr om fr esh-fr ozen serial sections, achieving state-of-the-art perfor- 
mance. As a proof of concept, we used MIIT to integrate ST and MSI data fr om pr ostate tissue samples and assessed the correlation 

of a gene signature for citrate-spermine secretion derived from ST with metabolic measurements from MSI. 

Conclusion: MIIT is a highly accur ate , customizable , open-sour ce fr amew ork for inte gr ating spatial omics technologies performed on 

different serial sections. 

Ke yw ords: mass spectr ometr y ima ging, ima ge r e gistr ation, spatial tr anscriptomics 
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Introduction 

Detecting novel tissue biomarkers in cancer research is impor- 
tant for improving diagnosis and subsequent treatment choices. 
Spatial multi-omics has emerged as a promising methodological 
fr ame work for identifying biomarkers within heterogeneous can- 
cer tissue. Whereas the traditional use of single bulk omics tech- 
nology, such as genomics , transcriptomics , metabolomics , or pro- 
teomics, could onl y ca ptur e one molecular le v el, m ulti-omics can 

elucidate complex biological processes occurring in the tumor tis- 
sue. Additionall y, spatial omics tec hnologies allow r esearc hers to 
detect molecules within the spatial context of the tissue sam- 
ple. In cancer r esearc h, spatiall y r esolv ed methods ar e particu- 
larly po w erful for anal yzing the tumor micr oenvir onment in situ 
containing a heterogeneous mixture of different cell types such as 
stroma cells, epithelial cells, and cancer cells of different aggres- 
siv eness. Spatial anal yses ar e thus facilitating the identification 

of spatially defined molecular signatures , biomarkers , and mi- 
cr oenvir onmental cellular inter actions that otherwise would be 
lost if using traditional bulk molecular analysis. Two prominent 
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xamples of such spatial omics techniques are 10x Genomics’ Vi-
ium Spatial Gene Expression assay [ 1 ] (ST) and mass spectrom-
try imaging (MSI) to detect spatial transcriptomics and spatial 
etabolomics data, r espectiv el y, together with tissue mor phology.

ven though this allows analyzing the link between single-spatial- 
mics and tissue morphology, to harness the full potential of such
ata and truly move to w ar d spatial m ulti-omics, a r eliable data

ntegration methodology that accurately registers several spatial 
mics layers is r equir ed. 

Collecting se v er al differ ent spatial omics data fr om the same
issue is often not possible due to incompatible sample pr epar a-
ion or destructive analyte extraction procedures, making it nec- 
ssary to obtain serial sections, one for each omics layer, from the
issue of interest. Since standard histology staining can often be
erformed in the exact same section used for spatial omics anal-
sis, stained images can be used to find a r egistr ation between
erial sections, whic h ar e then a pplied to differ ent spatial omics
odalities. We refer to registration as the process of transform-

ng one image to the same coordinate system as another. Another
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Figure 1: Ov ervie w of the Pr ostOmics spatial m ulti-omics dataset on pr ostate tissues. Sections of eac h cor e ar e number ed and pr ocessed in the same 
order. The sections used in this study are at positions 1–3 and 6–11 with a distance between 2 adjacent sections of 10–20 μm. The following staining 
tec hniques ar e used: hematoxylin, erythr osine, and saffr on (HES); hematoxylin and eosin (HE); Mason’s tric hr ome staining (MTS); and 
imm unohistoc hemistry (IHC). Spatial transcriptomics is applied to section 2, MSI in positive ion mode on section 6, and MSI in negative ion mode on 
section 7. Histopathology was e v aluated for sections 2, 6, and 7. 
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hallenge is that different spatial omics platforms operate with
ifferent sampling resolutions and organizations. For instance, ST

s organized as a sparse collection of equidistant spots of 55 μm
iameter arranged in a hexagonal grid (ST-spots), and MSI consists
f a dense map of pixels of 1–200 μm resolution (MSI-pixels). It is
her efor e necessary to establish a way of transforming between
SI-pixels and ST-spots after r egistr ation of stained images. ST

nd MSI have been integrated before, but these approaches have
een performed semi-manually [ 2 , 3 ] or relied on proprietary soft-
ar e [ 3 , 4 ]. One alternativ e method performed ST and MSI on the

ame tissue section, removing the need for r egistr ation of serial
ections [ 5 ]. Ho w e v er, this pr otocol limits the number of omics
odalities that can be used. Ther efor e, we need novel highly ac-

urate end-to-end pipelines that can handle the registration of
erial sections, can include se v er al omics methodologies, and can
e automatic and openly accessible to the research community. 

A significant challenge of registering serial sections is that
he tissue composition between sections varies and potential
eformation artifacts from sectioning can occur. This complicates
n accurate registration between each neighboring section with
ncreasing complexity as the distance between sections increases.
lthough se v er al algorithms hav e been pr oposed to solv e the

ask of registering serial sections [ 6–9 ], they are largely based
n formalin-fixed, paraffin-embedded (FFPE) tissue sectioned at
lose distance (e.g., 4–6 μm). FFPE sections are far less fragile
nd prone to artifacts compared to frozen tissue r equir ed for
any spatial omics measurements, therefore requiring robust

 egistr ation methods. 
Our group has generated a comprehensive and complex spatial

ulti-omics dataset as presented in Fig. 1 [ 10–12 ]. In this dataset,
T and MSI were performed on serial sections from cylindrical
issue samples that have an axial sectioning distance of up to
00 μm, whic h incr eases the difficulty of a viable r egistr ation due
o stronger effects of tissue heterogeneity and tissue damage. In
his study, we have tackled the challenges of spatial multi-omics
 a  
ata integration by developing 2 open-source applications. With
ur tool GreedyFHist, we were able to register stained heteroge-
eous serial sections that were up to 100 μm a part. Gr eedyFHist is
ompatible with most common image formats as well as ome.tiff
nd geojson [ 13 ], and it integrates well with QuPath [ 14 ], a pop-
lar open-source software for digital pathology. Building further
n this fr ame w ork, w e de v eloped the Multi-Omics Ima ging Inte-
ration Toolset (MIIT), a framework capable of coordinating the
iffer ent spatial r esolutions and sampling or ganizations between
ifferent spatial modalities to create one spatial omics dataset.
e used MIIT to define an end-to-end w orkflo w for integrating

T and MSI by finding a robust registration between serial histol-
gy sections. Our integration works independently of the molecu-
ar pr operties measur ed, and ne w data types can be implemented
o extend to other spatial omics tec hnologies. Mor eov er, MIIT im-
lements se v er al utility functions for pr ocessing v arious spatial
mics data types. To demonstrate the potential of MIIT, we in-
estigated the correlation between a gene signature score for cit-
ate and spermine secretion [ 15 ] from ST data with metabolic

easur ements fr om MSI in glands of cancer-free tissue samples
rom patients with prostate cancer. To calculate the gene signa-
ur e scor es, we used the single-sample gene set enrichment anal-
sis (ssGSEA) [ 16 ]. 

esults 

ere we present a summary of GreedyFHist, our algorithm for
 egistr ation of stained serial images, and MIIT, the fr ame work for
ntegration of spatial omics data. Detailed descriptions for both

ethods can be found in the methodology section. 

reedyFHist for registr a tion of histology images 

reedyFHist is our algorithm for r egistr ation of stained fresh-
r ozen serial ima ges. Ima ge r egistr ation is the process of finding
 transformation from one image ( moving image ) to another ( fixed
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image ) such that the transformation applied to the moving image 
results in a warped image that is aligned with the fixed image . T he 
main steps of the GreedyFHist algorithm are presented below and 

in Fig. 2 : 

1. Segmentation: Ima ges ar e first segmented to r emov e an y 
bac kgr ound noise and extract the tissue area using a seg- 
mentation algorithm based on the YOLO8 [ 17 ] model. 

2. Denoising: Then ima ges ar e denoised to r emov e unneces- 
sary image features while k ee ping major histological mor- 
phology features intact. 

3. Gr ayscale con version and do wnscaling: In the last pr epr o- 
cessing step, images are converted to grayscale color space 
and downscaled to 1,024 × 1,024 pixel resolution to reduce 
the runtime of the r egistr ation. 

4. Affine registr a tion: During the affine r egistr ation, a global 
r egistr ation between the moving image and the fixed im- 
age is computed using the diffeomorphic registration tool 
Greedy [ 18 ]. 

5. Nonrigid registr a tion: After the affine r egistr ation, pr epr o- 
cessing of images is repeated (steps 1 and 3) without denois- 
ing. Greedy is used to perform a nonrigid registration to align 

locall y matc hing ima ge featur es. 
6. Postpr ocessing: The computed tr ansformation matrices ar e 

rescaled to the moving and fixed image’s size and compos- 
ited into one transformation matrix. 

7. Tr ansforma tion: Tr ansformation matrices ar e used to tr ans- 
form images or pointset data from the moving image space 
to the fixed image space. 

Furthermor e, Gr eedyFHist includes a gr oupwise r egistr ation 

mode in which an ordered series of stained images is registered 

to a common fixed image. We denote the last image in the series 
as the fixed image: 

1. Serial affine registr a tion: On each pair of neighboring 
stained images, a pairwise affine registration is performed 

and consecutiv el y a pplied on eac h stained ima ge, r esulting 
in an affine r egistr ation for the whole image series. 

2. Nonrigid registr a tion: T hen, a nonrig id reg istration between 

eac h ima ge in the series and the fixed image is performed. As 
with the pairwise r egistr ation, eac h tr ansformation is com- 
posited to reduce interpolation errors. 

GreedyFHist supports the most common image formats, in- 
cluding ome.tiff [ 19 ], and has support for a ppl ying r egistr ation to 
spatial data in image, pointset, and geojson [ 13 ] format by which it 
interfaces with image analysis software such as QuPath or ImageJ 
[ 20 ]. To further impr ov e the runtime performance of the group- 
wise r egistr ation, we par allelized the serial affine and the non- 
rig id reg istration step using the m ultipr ocess libr ary [ 21 , 22 ]. Be- 
cause the task of r egistr ation for neighboring tissue sections can 

be applied to a variety of topics outside of the scope of this work,
we provide GreedyFHist as a standalone application. Furthermore, 
GreedyFHist has the option to fine-tune regions of interest (ROI) in 

the histology images by supplying custom segmentation masks. 

MIIT 

MIIT is a fr ame work for integrating spatial omics data from se- 
rial sections. An illustration of MIIT’s w orkflo w for the integra- 
tion of ST and MSI can be found in Fig. 3 . By integrating, we refer 
to the r egistr ation of serial sections and accurate fusion of res- 
olution and granularity between different types of spatial omics 
data. In the follo wing, w e use the term section to describe stained 
mages, spatial omics data, and histopathology annotations that 
orr espond to eac h other. W e explain MIIT’ s integration w orkflo w
y highlighting how a source section analyzed with MSI is integrated
o a target section analyzed with ST: 

1. Preprocessing: Spatial omics data are registered with 

stained images and a grid projection of the spatial omics
data onto the image space of the stained image is performed,
whic h allows accur ate and efficient ima ge tr ansformations
during r egistr ation. 

2. Registr a tion: Using the stained images as r efer ence ima ges,
the source section is r egister ed to the image space of the tar-
get section using GreedyFHist. 

3. Fusion: Spatial omics data from the source section are fused
to match the spatial organization of the target section’s spa-
tial omics data and, optionally, additional histology annota- 
tions. 

4. Export: Integrated spatial omics data from the source sec- 
tion are converted and exported to appropriate data formats 
for further analysis. 

Although the main goal is to offer an efficient pipeline for the
ntegration of spatial omics data, MIIT contains additional func- 
ions for processing spatial omics data and supports additional 
ata formats such as pointset data, geojson, and tissue annota-
ion masks that can be included in the integration process. More-
ver, additional spatial data types and different types of spatial
mics can be easily added by implementing interfaces that are
rovided in MIIT. Although we focus on the integration of ST and
SI, MIIT can also be used for implementing different integration
 orkflo ws. We recommend using the modality with the highest

patial resolution as the source section and the modality with the
o w est resolution as the target section. 

reedyFHist registr a tion outperforms alterna ti v e 

ethod 

he r egistr ation of serial sections is the centerpiece of MIIT’s inte-
ration pipeline . T herefore , we evaluated GreedyFHist’s registra-
ion accuracy on our fr esh-fr ozen pr ostate tissue samples . T he
 v aluation of our tissue segmentation algorithm demonstrated a
igher segmentation accuracy than an alternative based on Otsu’s 
hresholding [ 23 ] (Hausdorff distance: 69.159 μm [our method] vs.
40.814 μm [Otsu]; Supplementary Results ). 

First, we investigated the registration accuracy of GreedyFHist 
or the r egistr ation on adjacent serial sections. For our test data,
e selected each pair of adjacent sections ( n = 7) from 32 samples

Fig. 1 ). If at least one of the images in each pair was too damaged
or accur ate r egistr ation, w e discar ded the pair. This resulted in
12 pairs of adjacent serial sections (distance of 10–20 μm) con-
isting of 4 different types of staining ( Supplementary Table S1 ).
e measured the accuracy for each registration by calculating the

ar get r egistr ation err or (TRE) between manuall y placed pairs of
istologically distinct landmarks (Fig. 4 C, D; average number of

andmarks per section: 77). We compar ed Gr eedyFHist with His-
oReg as both algorithms use the Greedy algorithm to compute the
 egistr ation between pr epr ocessed ima ges and because HistoReg
as the best open-source r egistr ation algorithm in the grand chal-

enge for automatic nonrigid image registration (ANHIR) [ 7 ]. For
ac h r egistr ation, we first calculated the median TRE of all land-
ark pairs. To e v aluate the accur acy ov er the whole dataset, we

hen calculated the median of median-TRE (MM-TRE) and the av-
r a ge median-TRE (AM-TRE). Gr eedyFHist r esulted in significantl y
o w er median-TRE (MM-TRE: 21.025 μm vs. 25.529 μm, AM-TRE:

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
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Figure 2: Ov ervie w of Gr eedyFHist’s r egistr ation. (A) Registr ation between 2 ima ges. First, ima ges ar e pr epr ocessed for affine r egistr ation (r ed arr ows). 
In step 1, images are segmented from background to focus on tissue region. Then, denoising (step 2) is applied to remove noise while retaining major 
histological featur es. Gr ayscale conv ersion and downscaling (step 3) are used on the images to improve registration time. Next, affine registration is 
performed using Greedy (step 4). Then images are preprocessed for nonrigid registration (step 1 and step 3; blue arrows). The affine transformation 
matrix and pr epr ocessed ima ges ar e passed to Gr eedy to compute nonrigid tr ansformation matrices (step 5). Tr ansformation matrices ar e then 
rescaled to the original image’s resolution, composited into one transformation matrix (step 6), and applied to the moving image (step 7). (B) 
Gr oupwise r egistr ation. When r egistering a series of stained ima ges, we denote one ima ge as the fixed ima ge and e v ery other ima ge in the series as 
mo ving images . First, an affine r egistr ation between eac h neighboring ima ge pair is computed. Then a tr ansformation sequence is a pplied to eac h 
moving image to affinely register it to the fixed image (step 1). Finally, a nonrigid registration is performed between each affinely registered image and 
the fixed image (step 2). 
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Figure 3: Integration workflow of MIIT. (A) Pr epr ocessing. Pr epr ocessing of ST and MSI data. File formats are processed to reference matrices and 
r egister ed to stained images, if necessary. Each number in a reference matrix is either a reference to on-tissue molecular data or 0, which denotes 
bac kgr ound. In this example, ST contains 2,077 different spot references and MSI contains 7,527 different pixel references to molecular data points. 
Differ ent r efer ences ar e highlighted in differ ent colors. (B) Registr ation. Then the ST-section is r egister ed to the MSI-section based on stained ima ges. 
(C) Fusion. (1) Reference matrix of ST is used to group MSI-data within the same spot regions and (2) grouped MSI-data are aggregated within each 
spot, resulting in MSI-spots. If additional annotations are provided, integrated spots can be matched against these annotations as well. (D) Export. 
Lastl y, integr ated spots are exported into the relevant file formats. 
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37.464 μm vs. 216.054 μm; P ≈ 1.045 × 10 −5 , 1-sided Wilcoxon 

signed-rank test; Fig. 4 A, C, Supplementary Table S2 ) than Hi- 
stoReg. Gr eedyFHist r equir ed on av er a ge 49.90 ± 6.74 seconds 
per r egistr ation compar ed to 57.16 ± 7.18 seconds with HistoReg.
These results suggest that by applying our preprocessing method 

prior to image registration through Greedy, we can robustly reg- 
ister stained images of fresh-frozen serial sections with a faster 
runtime. 
roupwise registr a tion impro ves registr a tion of 
istant neighboring section 

n multi-omics experiments, it may be necessary to register 
tained images that are not adjacent neighbors but distant to
ach other. For instance, for the experimental setup depicted in
ig. 1 , ST was applied on section 2 and MSI on sections 6 and
 (which is equivalent to a distance of 40–100 μm). This moti-

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
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Moving Image Fixed Image Warped Image
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D  Inaccurate

A BA B

Figure 4: Assessing r egistr ation accur acy using landmarks. Comparison of error distribution in log 10 -scale for (A) registration of adjacent sections 
between GreedyFHist and HistoReg and (B) registration of distant sections between pairwise registration mode and groupwise registration mode using 
GreedyFHist. Median-TRE is shown at a log scale. Re presentati ve registration examples showing (C) an accurate registration (median TRE = 9.970 μm) 
and (D) an inaccurate registration due to tissue damage (median TRE = 593.006 μm). Landmarks of moving and warped landmarks are plotted in blue, 
landmarks of fixed images are green, and the distance between warped and fixed landmarks for warped images is illustrated in a red dashed line. 
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ated us to investigate how well distant sections can be r egister ed
ith Gr eedyFHist. Fr om 32 samples, we collected eac h ima ge pair
ith a distance of 5 sections ( n = 4) corresponding to 50–100 μm.

mages that were too damaged for registration and images that
reedyFHist could only register poorly during the pairwise evalu-
tion (median-TRE > 200 μm; Fig. 4 D) were not included, result-
ng in 122 image pairs ( Supplementary Table S3 ). We decided to
nalyze how well 2 distant images can be registered by evaluat-
ng 2 different strategies: pairwise registration , in which the moving
mage and the fixed image were registered directly, and groupwise
egistration , in which intermediate images were used to build a reg-
stration sequence between the moving and the fixed sections. 

The groupwise registration resulted in significantly lo w er
RE-metrics than the pairwise r egistr ation (MM-TRE: 86.309 vs.
00.406; AM-TRE: 141.347 vs. 292.452; P ≈ 0.015 for median-TRE;
upplementary Table S4 , Fig. 4 B). Gr oupwise r egistr ation r equir ed
n av er a ge 61.36 ± 4.12 seconds compar ed to 49.377 ± 4.970 sec-
nds for pairwise r egistr ation. The higher TRE-metrics for the di-
 ect r egistr ation ar e expected due to the r egistr ation having to
ccount for stronger effects of tissue heter ogeneity, wher eas the
r oupwise r egistr ation adjusts to the c hanging tissue heter ogene-
ty stepwise with each intermediate registration. Moreover, the
igher TRE-metrics between distant and adjacent tissue sections
re also expected due to stronger effects of tissue heterogeneity
n distant sections compared to adjacent sections. To conclude,
his experiment shows that to overcome the issue of r egistr ation
f distant images, a groupwise registration strategy yields signifi-
antly better results than aiming to register images directly. 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
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Spatial multi-omics and its integration using 

MIIT is capable of reproducing known biological 
associations 

To demonstrate the applicability of MIIT to gain multi-omics bio- 
logical insights, we chose to investigate a w ell-kno wn metabolic 
mechanism of the prostate: citrate and spermine secretion. 
Prostate luminal cells secrete large amounts of the metabolite 
citrate into the prostate lumen. The high production of citrate is 
proposed to be the result of high zinc le v els, whic h inhibits the 
citric acid cycle, causing accum ulation of citr ate. Spermine is an- 
other metabolite that is secreted at high levels by the prostate 
and is highly correlated with citrate levels [ 15 , 24 , 25 ]. Secretion 

of citrate and spermine is lost during progression to high-grade 
prostate cancer and is absent in the prostate stroma [ 26 , 27 ]. T hus ,
high le v els of citr ate , zinc , and spermine are a hallmark of normal 
prostate glandular tissue [ 28 , 29 ]. Our research group has previ- 
ousl y de v eloped a gene signatur e for citr ate secr etion gene signa- 
ture (CSGS) in the prostate [ 15 ], which links gene expression to 
metabolic citrate secretion. To demonstrate the potential of MIIT,
we investigated the correlations between ssGSEA scores [ 16 ] cal- 
culated from CSGS on ST data and citrate , zinc , and spermine lev- 
els from MSI [ 30 ]. 

For investigating the relation between CSGS and metabolite 
le v els, we c hose a subset of 7 cancer-fr ee samples fr om 32 sam- 
ples, wher e eac h sample was taken fr om differ ent patients with 

prostate cancer. ST and MSI in positive and negative ion mode 
wer e integr ated using MIIT as described in the Methods section 

with an av er a ge MM-TRE of 86.04 μm (range: 38.17–139.22 μm; 
Supplementary Tables S5 , S 6 ). As illustrated in Fig. 1 , ST was per- 
formed on section 2 (ST-section), MSI in positive ion mode on sec- 
tion 6 (MSI-POS-section), and MSI in negative ion mode on section 

7 (MSI-NEG-section). Spatial integration of these data resulted in 2 
sets of MSI spots per sample, one for positive ion mode (MSI-POS- 
spots) and one for negative ion mode (MSI-NEG-spots). Citrate and 

zinc measur ements wer e taken fr om integr ated MSI-NEG-spots 
and spermine measur ements fr om integr ated MSI-POS-spots. Fur- 
thermor e, histopathology annotations fr om ST-sections, MSI-POS- 
sections, and MSI-NEG-sections were used to classify each ST- 
spot, MSI-POS-spot, and MSI-NEG-spot as either gland or stroma.
To account for batch effects that can occur in different samples,
we analyzed each sample separately. Integrated spots that did 

not cover tissue regions or were not classified as gland or stroma 
wer e excluded fr om further data anal ysis. For computing ssGSEA 

scores for CSGS, we found 109 of 150 genes in CSGS in our ST data 
( Supplementary Table S7 ). 

Differ ential expr ession anal ysis of samples comparing gland 

and stroma spots predominantly sho w ed significantly higher 
CSGS scores and higher citrate, zinc and spermine levels in glands 
(Mann–Whitney U rank test, Fig. 5 A–D; Supplementary Fig. S1 ,
Supplementary Table S8 ). Further, the CSGS score sho w ed signif- 
icant correlations with citrate , zinc , and spermine for most sam- 
ples (Fig. 5 E–H for 1 sample; Supplementary Figs S2 , S3 ). This con- 
firms that the w ell-kno wn pr ostate mec hanisms ar e pr esent in 

this multi-omics dataset and that CSGS, citrate , zinc , and sper- 
mine are good candidates for a proof-of-concept demonstration 

of MIIT [ 26 , 27 ]. 

Tissue type matching improves correlation 

coefficients 

Despite a high integration accuracy, image registration is not 
able to account for all morphological changes in tissue compo- 
sition between neighboring sections. For the 7 samples used in 
his analysis, the distance between the ST-sections and the MSI- 
ections ranged from 40 to 100 μm due to their sectioning or-
er (Fig. 1 ) and varying number of discarded sections . T his re-
ults in some ar eas wher e ST-spots and MSI-spots have a dif-
erent tissue type (Fig. 5 J). T herefore , w e w ere interested in ana-
yzing the effect of tissue heterogeneity between ST-section and 

oth MSI-sections and whether the correlation analysis is im- 
acted b y this. F rom the initial integrated datasets (termed In-
WithoutMatc hHist ), w e r emov ed all spots with nonmatching tis-
ue types (termed IntMatchHist ), whic h r educed the dataset by
3.8% for matching tissue types between ST-section and MSI- 
EG-section and 32.96% between ST-section and MSI-POS-section 

Fig. 5 I). Spearman corr elation anal ysis between the CSGS scor e
nd metabolite le v els demonstr ated that onl y including histology-
atched spots increased correlations significantly for citrate ( ̄ρ
 0.437 vs. ρ̄ = 0.302, P = 0.013, paired t -test on z-transformed
), zinc ( ̄ρ = 0.356 vs. ρ̄ = 0.244, P = 0.008), and spermine ( ̄ρ =
.478 vs. ρ̄ = 0.341, P = 0.006) (Fig. 6 A–D (1,2), Supplementary
able S9 , Supplementary Figs. S2 , S3 ). These results show that tak-
ng changing histology into account when integrating serial sec- 
ions is important when investigating tissue type–specific biolog- 
cal mechanisms. 

orrectl y integr a ted da ta perform better than 

rtificiall y integr a ted da ta, demonstr a ting proper 
ntegr a tion is important 
o test the robustness of MIIT, we compared the IntWithout-
atchHist and IntMatchHist with a dataset featuring deliber- 

tel y poor integr ation. This artificiall y integr ated dataset was
r eated by r otating the ST-sections after r egistr ation by 180 de-
rees follo w ed b y integr ation, whic h is termed ArtIntWithout-
atc hHist . Additionally, w e performed tissue type matching on

he artificiall y integr ated data ( ArtIntMa tchHist ) to in vestigate
hether poorly integrated spots with the same tissue type give
s similar results as corr ectl y integr ated spots. Not sur prisingl y, a
 uc h lar ger pr oportion of nonmatc hing spots had to be degraded
hen the data were artificially integrated (Fig. 6 A, Supplementary
ig. S4 , S5 –S10 ). We e v aluated all 4 datasets by comparing
he mean Spearman correlation coefficient ρ and the number 
f significant correlations. For both criteria for all 3 metabo- 
ites, IntMatchHist performs best, follo w ed b y IntWithoutMatch-
ist, ArtIntMatc hHist, and ArtIntWithoutMatc hHist (Fig. 6 B–E,
upplementary Table S10 , Supplementary Fig. S11 ). Inter estingl y,
oth corr ectl y integr ated datasets sho w ed better results than the
rtificial ones, showing that an accurate registration is necessary.
he fact that IntWithoutMatchHist performed better than ArtInt- 
atc hHist demonstr ates that ther e is biological heter ogeneity be-

ween spots of the same tissue type (gland and stroma areas). In
ther w or ds, poorl y integr ating one gland spot with a different dis-
ant gland spot, for instance, can weaken the biological inter pr e-
ation of the data. 

iscussion 

n this article, we intr oduce MIIT, a nov el and flexible fr ame work
esigned to integrate various spatial omics data. Using MIIT, we
efined a semi-automated w orkflo w that merges ST and MSI data

nto a combined dataset. It is customizable and can be extended
o other types of spatial omics data. Our proof-of-concept anal-
sis demonstrated MIIT’s capability by integrating ST and MSI 
ata to validate a bulk-generated gene signature for citrate and
permine prediction in prostate cancer [ 15 , 25–29 ]. A k e y compo-

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
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Figure 5: Comparing gene signature and metabolites between gland and stroma spots. Gene scores and metabolite levels in stroma and gland spots 
for (A) GSCS, (B) citrate, (C) zinc, and (D) spermine. (E) Citrate, (F) zinc, and (G) spermine le v els plotted against CSGS score for one sample (P28_03) for 
integrated spots colored according to tissue type. Linear regression lines, Spearman correlation coefficient ρ, and P value are shown. (H) Sample-wise 
correlation coefficients between CSGS and citrate , zinc , and spermine . ( ∗) denotes significance ( < 0.05). (I) P er centage of successfully integrated spots 
after tissue type matching across different section distances. (J) Distribution of gland and stroma spots in ST-section and MSI-section without tissue 
type matching and after tissue type matching. Spots that could not be assigned to either stroma or gland or had a different histopathology 
classification were discarded beforehand. 
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ent of MIIT’s integration w orkflo w is the r egistr ation of neigh-
oring tissue sections using a novel nonrigid r egistr ation algo-
ithm, Gr eedyFHist. We e v aluated Gr eedyFHist on fr esh-fr ozen tis-
ue samples with 4 different types of staining, ac hie ving a high
ccuracy. Both MIIT and GreedyFHist are available as open-source
oftware. 

Current algorithms tend to utilize computationally intensive
eep learning methods for computing the r egistr ation [ 9 ], wher eas
e have opted for a lightweight algorithm that can run effi-

iently on a CPU architecture. GreedyFHist shares similarities with
istoReg, another state-of-the-art r egistr ation algorithm: both
reedyFHist and HistoReg utilize Greedy for computing affine and
onrig id reg istration parameters. Ho w ever, b y implementing a
ov el pr epr ocessing pipeline, Gr eedyFHist outperforms HistoReg’s
ccuracy for pairwise registration on a set of fresh-frozen serial
ections (MM-TRE: 20.988 μm vs. 25.369 μm; AM-TRE: 44.096 μm
s. 217.064 μm; Supplementary Table S2 , Fig. 4 A). GreedyFHist
ncludes bac kgr ound segmentation to r emov e noise and center
he r egistr ation on the tissue r egion of inter est, follo w ed b y mean
hift filtering to denoise features in tissue images while preserv-
ng major histological features. We further compute the center-of-

ass to impr ov e the initial alignment of the affine r egistr ation.
hese ad ditional ste ps contribute to Greed yFHist’s higher accu-
 acy compar ed to HistoReg. Based on the pairwise r egistr ation, we
urther de v eloped a gr oupwise r egistr ation method that le v er a ges
ntermediate stained images to accurately register stained images
p to 100 μm apart. This makes it possible to accur atel y inte-
rate spatial omics data distributed over several serial sections.
r eedyFHist can pr ocess common formats in bioima ging anal ysis
uch as ome.tiff and geojson and apply transformations to various
mage and pointset data (e.g., simple coordinates and geojson).

hile se v er al r egistr ation algorithms for histologicall y stained
ma ges hav e been pr oposed in r ecent years, onl y a fe w hav e made
heir code available [ 7 , 9 ], offer built-in support for processing of
ioimaging files types, and have the functionality to apply the
omputed transformation to various image (e.g., single- and mul-
ic hannel ima ges and annotations) and pointset data (e.g., coordi-
ate data, geojson), whic h ar e necessary for spatial m ulti-omics

ntegr ation [ 31 , 32 ]. Thr ough these featur es, Gr eedyFHist inter-
aces with the w ell-kno wn bioimaging software such as QuPath
nd ImageJ and is available as a separate software package, where
t can be used via command line and inter activ el y via API. There-
ore, it is also possible to use GreedyFHist outside of MIIT (e.g., for
-dimensional image reconstruction). 

For the fusion from the spatial organization of MSI to the spa-
ial organization of ST data, we calculated weighted statistics be-
ween each ST spot and spatiall y matc hing MSI data. This a p-
r oac h is a ppr opriate giv en the high-r esolution dense r epr esen-
ation of MSI data and the low-resolution sparse distribution of
T data. Ho w e v er, for use cases in which data are mapped from
ow to high r esolution (e.g., ST into MSI), adv anced methods suc h
s deconvolution techniques could be included in the integration
 orkflo w. Futur e r esearc h could explore deconvolution methods

hat dir ectl y work on integr ated molecular data. 
Despite growing interest in spatial multi-omics analysis, few

omputational open-source end-to-end pipelines exist for inte-
r ating v arious types of spatial omics data. For instance, Sun et
l. [ 3 ] performed spatial integration between ST and MSI data by
anuall y r egistering MSI data onto a neighboring hematoxylin

nd eosin (HE)–stained image of the ST section. They used Mas-
Ima ger Pr o for metabolomics and SCiLS Pro 2018b (Bruker Dal-
onics) for lipidomics. Unlike MIIT’s automated w orkflo w, this is
 manual process, making it challenging to apply to large-scale
atasets and neglecting the changing tissue morphology between
erial sections . Ra vi et al. [ 2 ] integrate MSI with ST data by reg-
stration of neighboring stained serial sections to map MSI to ST
ata follo w ed b y av er a ging MSI pixels that shar e the same ST spot
oor dinates. Ho w e v er, they r el y on an affine r egistr ation method
 33 ], known to produce higher target registration errors than non-
ig id reg istrations [ 6–8 ], and have not evaluated their method on
istant sections. In contr ast, MIIT employs Gr eedyFHist to ac hie v e
igh accur acy thr ough nonrigid r egistr ation and has successfully

ntegrated ST and MSI at a distance of 100 μm. An end-to-end
ipeline similar to MIIT is the SMOx pipeline, presented by Zhang
t al. [ 4 ], which they used to integrate ST data and lipidomics via
SI in prostate cancer samples . T hey performed nonrigid regis-

ration of serial stained images to align MSI and ST data. For the
usion of MSI onto ST data, SMOx used granularity matching with
 Gaussian a ppr oac h, wher eas MIIT used weighted statistics ov er
he shar ed ar ea between eac h ST spot and MSI pixels. Ho w e v er, the
iggest difference between the 2 pipelines is that SMOx is propri-
tary, while MIIT’s fr ame w ork is open-sour ce and customizable,
roviding users with more flexibility. An alternative sample prepa-
 ation pr otocol by Vicari et al. [ 5 ] enables the r etrie v al of matrix-
ssisted laser desorption/ionization time-of-flight (MALDI) MSI
nd ST from the same tissue section, circumventing the issue
f r egistr ation of serial sections. Although this str ategy limits
he number of spatial omics types that can be used, it can be
ombined with MIIT by adding other types of spatial omics data
o serial sections . T hrough MIIT’s customizable open-source de-
ign and the high r egistr ation accur acy pr ovided by Gr eedyFHist,
t is a viable alternative framework for spatial multi-omics
ntegration. 

Another excellent adv anta ge of MIIT is its ability to extend
eamlessly to other types of spatial omics with minimal pr er eq-
isites . T his is ac hie v ed thr ough grid pr ojection into a standard
 efer ence matrix format, enabling spatial matching and nonrigid
ransformation of all spatial omics data with high accuracy. The
 egistr ation between spatial omics data is performed by register-
ng stained images, making the process independent of the omics

ethodology attached to each stained image. Molecular measure-
ents are only accessed during the fusion step for mapping be-

ween different spatial omics types . T he only prerequisite is that
ach spatial omics data requires a reference image for registra-
ion. Although we used stained histology images as r efer ences,
ther image types could also be used, presenting a topic for fu-
ur e r esearc h. The easiness of ad ding ad ditional types of spatial
mics makes MIIT a useful fr ame work for exploring new types of
patial omics integration. 

Nonetheless , GreedyFHist and MIIT ha ve some limitations that
e ar e addr essing. Integr ating m ultiple serial sections pr esents

he challenge of unavoidable spatial alteration of histology. We
ound that including onl y integr ated spots with consistent his-
ology types between tissue sections significantl y impr ov ed cor-
elations between known associations of the citrate-spermine
ene signature and the metabolites citrate , zinc , and spermine in
rostate cancer tissue. Ho w ever, this came at the cost of losing

ntegrated spots . T his loss was acceptable in our dataset due to
he abundance of stroma and gland spots, but it could be prob-
ematic for smaller tissue components (e.g., perineural invasions
n prostate tissue). Ensuring that molecular imaging experiments
re performed on tissue sections as closely as possible is crucial to
educe the effects of tissue heterogeneity, a problem not unique
o MIIT. At a certain distance in the z-plane, the biological dif-
erences between 2 sections become significant, making it more
r actical to anal yze eac h section separ atel y r ather than integr at-

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
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ing the data. The maximum distance at which 2 tissue sections 
can still provide valuable data integration with MIIT should be de- 
termined by the user, based on the specific tissue being analyzed 

and the r esearc h question at hand. Another limitation is the oc- 
currence of tissue damage [ 7 , 9 ]. Although GreedyFHist achieved 

high accuracy in registration, some images could not be regis- 
ter ed accur atel y due to tissue dama ge (Fig. 4 D), whic h can become 
problematic during groupwise registration. Developing methods 
to estimate r egistr ation quality and filter out unr egistr able ima ges 
could address this issue . T hese limitations affected MIIT directly 
since it r equir ed accur ate r egistr ation for spatial m ulti-omics in- 
tegr ation. MIIT addr esses this issue through its flexible design,
which allows us to exchange GreedyFHist’s registration with an al- 
ternativ e r egistr ation algorithm during r egistr ation. This alterna- 
tiv e r egistr ation algorithm r egisters ima ges using manuall y c ho- 
sen landmarks (e.g., through external tools like Fiji [ 34 ]). MIIT 

has extra functionality to add custom r egistr ation algorithms 
easily to the integration pipeline, making it easily adaptable to 
specific use cases (e.g., for faster r egistr ation or differ ent ima ge 
modalities). 

MIIT’s w orkflo w is versatile, making no assumptions about the 
origin of the underlying data, making it valuable for a wide range 
of heterogeneous disease types. MIIT advances the investigation 

of the tumor micr oenvir onment thr ough spatial m ulti-omics in- 
tegration of spatially resolved transcriptomics and metabolomics 
[ 35–37 ], enabling compr ehensiv e computational anal ysis of differ- 
ent classes of molecules, and is useful for all types of tissues, not 
only cancer tissue. Future work will focus on analyzing the spa- 
tial relationship between molecules detected by different omics 
methods within the prostate tumor microenvironment to reveal 
insights into prostate cancer aggressi veness. Ad ditionally, MIIT’s 
open and flexible design allows for future developments, such as 
adding automated tissue annotations [ 38 ] and integrating other 
types of molecular imaging data. MIIT could also be used to in- 
tegrate spatial omics methods applied to whole organ tissue sec- 
tions with magnetic resonance imaging (MRI) from the same or- 
gan, r equiring algorithms ca pable of r egistering stained histology 
images with MRI data [ 39–41 ]. Establishing normalization meth- 
ods for analyzing spatial multi-omics datasets is also necessary 
but outside this work’s scope. 

To conclude, we presented a novel framework for the integra- 
tion of spatially resolved molecular imaging. MIIT is openly ac- 
cessible and customizable to handle a variety of different types 
of spatial omics data. We also de v eloped Gr eedyFHist for the 
r egistr ation of tissue samples that ac hie v ed high accur acy on a 
set of fr esh-fr ozen tissue samples and is available for all tissue 
types. 

Methods 

ProstOmics dataset 
All data used in this study are part of the ProstOmics dataset,
fr om our lar ger pr oject “‘Tissue Is the Issue’: A Multi-Omics Ap- 
pr oac h to Impr ov e Pr ostate Cancer Dia gnosis” (ERC: 758,306). P arts 
of this project have been used in previous publications of our 
group [ 10 , 42 ], but the setup for this study is presented in Fig. 1 .
Se v er al parts of this dataset have been used in pr e vious work of 
this group: HE- and Mason’s trichrome staining (MTS)–stained sec- 
tions, histopathology on HE-stained sections, and ST data have 
been used by Andersen et al. [ 10 ]. ST data have been used by Kivi- 
aho et al. [ 12 ]. ST (including HE staining) and MALDI-TOF MSI 
ata in negative ion mode (including hematoxylin, erythrosine,
nd saffron [HES] staining) have been used by Krossa et al. [ 11 ]. 

atient inclusion and sample collection 

ll human prostate tissue material used in this study was col-
ected after informed written consent was given by patients with
rostate cancer undergoing radical prostatectomy. The regional 
thics committee of Central Norway approved this research (iden- 
ifier 2017/576). All methods were carried out according to na-
ional and EU ethical r egulations. Human pr ostate tissue sam-
les were collected after informed written consent was given by
atients with prostate cancer undergoing radical prostatectomy.
amples of 8 patients, who were not treated prior to sur gery, wer e
ollected from St. Olav’s hospital, Trondheim, Norway, between 

008 and 2016. Three patients were considered relapse-free as no
onfirmed r ela pse occurr ed after 12 years and 5 patients were
lassified as r ela pse as metastasis had occurr ed within 3 years
fter sur gery. A 2-mm-thic k slice was cut fr om the middle of the
r ostate (tr ansv erse plane), sna p fr ozen, and stor ed at −80 ◦C as
escribed by Bertilsson et al. [ 43 ] immediately after surgery by ex-
ert personnel at Biobank1, St. Olav’s Univ ersity Hospital, Tr ond-
eim, Norway. A range of 8–13 tissue samples (3 mm in diameter)
er e collected fr om eac h fr esh-fr ozen tissue slice, using an in-
ouse built drill system. Based on HES-stained tissue annotations,
 sample cores were selected from each patient’s tissue slice with
 samples containing cancer tissue, 1 sample being cancer tissue
djacent and 1 sample from a fara wa y region on the tissue slice
ontaining no cancer tissue, giving a total of 32 samples. 

ryosectioning 

issue sections from each tissue sample were cut with a 10-
m thickness inside a cryostat at −20 ◦C (Cryostar NX79; Thermo
isher Scientific). For this study, we selected sections (positions 1–
 and 6–11) fr om v arious staining methods presented in Fig. 1 . In
otal, we used 288 sections from all 8 patients where 9 sections
ere collected from each tissue core. Four conductive slides were 
 acuum pac ked and stor ed at −80 ◦C until further use. 

taining methods 

ll sections were stained for various experiments with HE ( n
 32), HES ( n = 160), imm unohistoc hemistry (IHC staining for

ipopol ysacc harides (LPS) and lipoteic hoic acid (L T A); n = 61;
upplementary Methods ), and MTS ( n = 32) and scanned at
0 × magnification using a High Throughput Slide Scanner VS200 
Olympus). We note that sections 3, 6, and 7 were stained after
erforming MALDI-TOF MSI ( n = 68). Additionally, HES-stained tis-
ue of section 3 ( n = 32) was heated for 5 minutes at 95 ◦C before
ALDI-TOF MSI according to the pr otocol de v eloped by Høiem et

l. [ 42 ]. MALDI-TOF MSI from section 3 was not used in this study.
or each core, sections were stained in the same order (see Fig. 1 ).

istopathology 

E scans from section 2 and HES scans from sections 6 and 7
er e independentl y e v aluated and annotated by 2 experienced
ropathologists using QuPath version 0.2.3 and 0.4.4. The identi- 
ed areas w ere lymphoc ytes, stroma, epithelial areas, glands, and
issue borders in addition to cancer areas according to the Gleason
r ade Gr oup system. Furthermor e, a consensus pathology e v alu-
tion was r eac hed in a gr eement with both pathologists. For eac h
T spot from section 2, the fraction of different tissue types and
 egions pr esent was calculated. 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
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pa tial tr anscriptomics 

equencing libraries were created from the tissue sections by us-
ng the Visium Spatial Gene Expression Slide & Reagent kit (10x
enomics, product code: 1,000,184) following the manufacturer’s
anual. In brief, tissue sections were fixed using methanol, fol-

o w ed b y HE staining, and scanning of slides at 20 × magnifica-
ion. For microscopic scanning, a coverslip was put over the sec-
ions and r emov ed afterw ar d. To ca ptur e mRNA, tissue sections
ere incubated with permeabilization enzyme for 12 minutes,
hic h pr e viousl y had been optimized using the Visium Spatial
issue Optimization Slide & Reagent kit (10x Genomics, prod-
ct code 1,000,193). A second strand mix was added to create a
econd strand, follo w ed b y amplification of cDN A b y real-time
uantitative PCR (qPCR). The amplified cDNA library was quan-
ified with qPCR using the QuantStudio 5 Real-Time PCR System
Thermo Fisher), and the cDN A libraries w ere stored at −20 ◦C un-
il further use. P air ed-end sequencing was performed on an Illu-

ina NextSeq 500 instrument (SY-415–1001; Illumina) using the
extSeq 500/550 High Output kit v2.5 (150 cycles; product code
0,024,907). Eac h distinct cov er a ge ar ea (ST-spot) had a radius of
5 μm, and the distance between the center of each ST-spot was
00 μm. 

ALDI-TOF MSI 
or MALDI-TOF MSI, 2 sections from each core were used, with
osition 6 for positive ion mode and position 7 for negative

on mode, resulting in a total of 64 sections. Before matrix ap-
lication, all v acuum-pac ked slides with tissue sections were

eft on the benchtop for at least 20 minutes before opening
he v acuum ba g. Two differ ent matrices, 2,5-dihydr oxybenzoic
cid (DHB) and N-(1-naphth yl) eth ylenediamine dih ydrochloride
NEDC), wer e pr epar ed by dissolving DHB in 70% methanol/0.1%
rifluor oacetic acid (concentr ation 20 mg/mL) and NEDC in 70%

ethanol (7 mg/mL). The HTX TM-Sprayer system was used to
pray the matrix onto the tissue sections, with 14 and 18 layers
f matrix for DHB and NEDC, r espectiv el y. The r a pifleX MALDI
issuetyper (Bruker Daltonics) equipped with a 10-kHz laser was
sed to measure all tissue sections, shooting 200 shots per pixel
t a 10-kHz frequency with a spatial resolution of 30 μm. Prior to
ll measurements, the instrument was calibrated using red phos-
horus. Tissue sections cov er ed with DHB matrix were measured

n positive ion mode with a mass range of m/z 100–1,000, while
issue sections cov er ed with NEDC matrix wer e measur ed in neg-
tive ion mode with a mass range of m/z 40–1,000. All measure-
ents included separate matrix-only regions. After data acqui-

ition, the slides were stored at 4 ◦C until staining with HES. The
SI data were first imported into FlexImaging (Version 5.0; Bruker
altonics), wher e we a pplied binning (factor 0.8). Then, MSI data
ere imported into SCILS Lab (Version 2024a Pro), baseline cor-

ected using top-hat, normalized using root mean square, and
uantified intensities as max peak height. We selected masses
hat we pr e viousl y identified on a similar fr esh-fr ozen pr ostate
issue dataset where on-tissue tandem mass spectrometry and
ccurate mass acquisition with a high mass resolution instru-
ent (MALDI-Orbitr a p) wer e used to confirm anal yte identity

 Supplementary Fig. S12 ) [ 44 ]. Zinc was detected in negative ion
ode in the form of ZnCl 3 − and was identified through accurate
ass and the isotopic pattern as described by Andersen et al. [ 45 ].

he mass identification in our pr e vious studies was performed on
rostate tissue sections retrieved and stored the same way and
ov er ed with the same matrices, NEDC and DHB for negative and
ositiv e mode, r espectiv el y. MSI data wer e exported in imzML [ 46 ]
long with tissue border annotations in SCILS’s srd format. For
his study, we extracted the peak intensity of citrate ( m/z 191.0
M-H] −) and zinc in the form of ZnCl 3 − ( m/z 174.8 [M] −) from the
egative ion mode data and spermine ( m/z 203.2 [M + H] + ) from
he positive ion mode data. 

reprocessing of stained histology images and 

ener a tion of tissue masks for segmentation 

raining 

issue masks that separate tissue and nontissue area (i.e., back-
r ound) wer e used as tr aining data for tr aining our YOLO8-based
egmentation model. They were created in QuPath (v 0.4.4). To
peed up the process of annotating tissue area in histology im-
ges, we used a pixel thresholder to generate initial masks, which
er e then manuall y corr ected for misclassified areas . T he pixel

hr esholder “Cr eate Objects” function (options: minimum object
ize: 40,000 μm 

2 ; minimum whole size: 1000 μm 

2 ) was used on
he av er a ge intensity v alue of eac h pixel after a ppl ying a Gaus-
ian filter (sigma: 1). The thresholds for HE, HES, and MTS were
et between 208 and 215; for IHC, the threshold was set between
18 and 225 due to lo w er staining intensity. The threshold was
anually adjusted on each tissue image if necessary. Misclassi-

ed areas (e.g., due to noise in image or low staining intensity)
er e manuall y corr ected using QuP ath’s annotation tools. Stained

mages , tissue masks , and histopathology were exported using a
roovy script [ 47 ] to tiff images . T he resolution for each image was
et to 1 pixel per μm. 

ardware setup 

ll experiments were performed using the same hardware: Intel
ce Lake Xeon Processor (32-core; 32 threads; 2.1 GHz). 

airwise tissue registr a tion—GreedyFHist 
issue segmentation 

o r emov e bac kgr ound noise fr om the ima ge and center the im-
 ge ar ound the tissue ar ea, we performed bac kgr ound segmen-
ation: ima ges wer e r esampled to a r esolution of 640 × 640 and
onv erted to gr ayscale. Spurious noise fr om the bac kgr ound of
he image was removed using a method by Chambolle [ 48 ] that
erforms total variation denoising [ 49 ]. Then we used the YOLO8
odel to perform tissue segmentation on the image . T he model
as trained for tissue segmentation on our dataset. From the seg-
ented image, small classification artifacts (e.g., due to contami-

ation on the slide) were filtered out by removing any region with
 smaller area than 10,000 μm 

2 . The area threshold is dependent
n the input data and can be adjusted by the user. The tissue mask
as then resampled back to its original size. Since the process of

dentifying correct tissue masks can vary between different exper-
ments , we ha ve implemented the option for users to supply their
wn tissue mask (e.g., from manual annotations) in GreedyFHist.
his flexibility allows the user to a ppl y masks for selected region
f interest (ROI) on the tissue. After a ppl ying tissue masks to crop
ma ges, both ima ges wer e padded to the same uniform sha pe. 

enoising 

tained ima ges ar e usuall y high-r esolution ima ges containing a
arge amount of detail. During registration, such details may act
s noise, which negatively influences registration accuracy. There-
or e, r emoving suc h noise while k ee ping major histological fea-
ures intact is required. In the next step, we applied OpenCV’s im-
lementation of mean shift filtering [ 50 ] as a method of denoising:

i) Images are resampled to 512 × 512 pixels to improve filtering

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
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speed. (ii) Ima ges ar e conv erted to the HSV color space [ 51 ]. (iii) 
Mean shift filtering r equir es a spatial window radius and color 
window radius that determine the degree of filtering. We set these 
parameters for the spatial window radius to 20 and for the color 
window radius to 15. (iv) Images are converted back to RGB color 
space and resampled to their original size. 

Grayscale conversion and downsampling 

After denoising, images are smoothed with a Gaussian kernel 
(sigma: 2) to avoid aliasing effects during downsampling, resam- 
pled to a resolution of 1,024 × 1,024 pixels , and con verted to 
gr ayscale to r educe ima ge complexity further. Ima ges ar e then 

padded with 100 pixels on all sides to leave room for deforma- 
tions during r egistr ation. 

Affine registration 

We performed an affine r egistr ation to find a global alignment 
between the moving image and the fixed image. For computing 
the r egistr ation between 2 pr epr ocessed ima ges, we use Gr eedy 
[ 52 ], a r egistr ation tool that implements the gr eedy diffeomor phic 
r egistr ation algorithm. Gr eedy was originall y de v eloped for med- 
ical image registration but was also used for the registration of 
stained images in a previous study [ 6 ]. We adopt some findings 
from this study, namely the use of the NCC kernel metric as a 
similarity measure and the postprocessing to rescale the com- 
puted transformation matrices to the image’s original resolution. 
We use Greedy in version 1.0.1, although other versions should be 
compatible with our r egistr ation pipeline as well. 

Pr epr ocessed ima ges ar e exported in the nifty format using 
SimpleITK [ 53–55 ]. We initiated Greedy with a transformation that 
centers both images at their center-of-mass, which we computed 

using the tissue masks . T hen Greedy performs a random search 

to find a suitable rigid r egistr ation, follo w ed b y a m ultir esolu- 
tion pyr amidic a ppr oac h for the affine r egistr ation: the r egistr a- 
tion is initially computed on downscaled ima ges, whic h is then 

r ecursiv el y r efined on upscaled images until the full resolution 

is r eac hed. Gr eedy computes the r egistr ation using the limited- 
memory Br oyden–Fletc her–Goldfarb–Shanno algorithm [ 56 , 57 ],
and we used the NCC kernel metric with a kernel size of 1% 

of the pr epr ocessed ima ge r esolution (i.e., 10 pixels). Ov er all, we 
ac hie v ed the best result with the scaling factors 8, 4, 2, and 1, al- 
though in some instances, scaling factors 4, 2, and 1 resulted in 

mor e accur ate r egistr ations. 

Nonrigid registration 

After the affine r egistr ation, a nonrigid r egistr ation is performed 

to find a nonuniform transformation that can align the moving 
and fixed image locally, which improves on the previous global 
r egistr ation [ 58 ]. For this, input ima ges ar e pr epr ocessed a gain by 
re peating ste p 1 (tissue segmentation) and step 3 (downscaling 
and grayscale conversion) without denoising. Due to the locality 
of the nonrigid r egistr ation, including all ima ge featur es r esults in 

mor e accur ate tr ansformation matrices . T he same parameters as 
for the affine r egistr ation wer e a pplied for the nonrigid r egistr a- 
tion. We additionally initialized the r egistr ation by suppl ying the 
computed affine r egistr ation and set 2 r egularization par ameters 
(pre-sigma: 5, post-sigma: 4). Supplementary Table S11 contains 
all parameters passed to Greedy for the affine and nonrigid regis- 
tration. 

Postprocessing after affine and nonrigid registration 

Tissue r egistr ation will r esult in 2 tr ansformation matrices, 1 for 
affine and 1 for nonrigid r egistr ation. We r escaled both tr ansfor- 
ation matrices to match the original image’s sizes . T he crop-
ing and padding operations applied during preprocessing are ex- 
ressed as translation transformations using SimpleITK [ 54 , 55 ].
hese transformation matrices are composited along with the 
ffine and nonrigid transformation matrices into a single dis- 
lacement field matrix. This reduces interpolation artifacts dur- 

ng transformation as well as the number of image operations ap-
lied during transformation from moving to fixed image space. 

ransf ormation fr om moving to fixed image space 
sing SimpleITK, the displacement field is applied to warp image
ata from the moving to the fixed image space. GreedyFHist sup-
orts image data, image masks with annotations, pointset data in
abular form, and pointset data in the geojson format. For image
nd pointset data, linear interpolation is used, and for annotation
asks, near est-neighbor inter polation is used. 

egistr a tion e v alua tion measures 

he r egistr ation performance of Gr eedyFHist was e v aluated using
he tar get r egistr ation err or (TRE), a common method for e v aluat-
ng image registration algorithms such as in the ANHIR challenge
 7 , 8 ]. Three annotators placed an av er a ge of 77 landmarks be-
ween each pair of serial sections using the BigWarp plugin in Fiji
version 2.14.0/1.54f). Histological landmarks were chosen based 

n visually distinct histological features that are present in ad-
acent tissue sections, such as distinct glandular shapes, gland 

nd stroma formations, and high-density clusters of cells, but also
ore nuanced image features, such as perforations in glandular 

tructures . T his ensured that both prominent and subtle image
eatur es wer e e v aluated for r egistr ation performance. We aimed
o annotate the same landmarks throughout serial sections and 

istribute them over the whole tissue area. If a landmark could
ot be located in an adjacent section (e.g., due to the disappear-
nce of a gland, the tissue being too homogeneous to identify the
istinct feature, or disappearance due to tissue damage), a new

andmark pair was set when possible to k ee p the total number of
andmarks consistent. After the initial placement of landmarks on 

erial sections, landmarks were cross-validated by visual inspec- 
ion by a different annotator who had not worked on this set of
erial sections. Although annotators mostly agreed on the place- 
ent of landmarks, a consensus was r eac hed whene v er annota-

ors disa gr eed. The TRE is defined as 

T RE w f 
l = 

∣∣∣
∣∣∣x w l − x f l 

∣∣∣
∣∣∣
2 

here x w l and x f l are a pair of matching landmarks l from warped
nd fixed landmarks. || . || 2 denotes the Euclidean distance. We
 v aluated eac h r egistr ation pair using the median TRE, 

median T RE w f = median 

l∈L 
T RE w, f 

l , 

here L is the set of all landmarks between a pair of fixed and
ar ped ima ges. To e v aluate the accur acy ov er the whole dataset,
e calculate the median of median-TRE, 

MM − T RE = median 

( w, f ) ∈ P 

(
median T RE w, f 

)
, 

nd the av er a ge median-TRE, 

AM − T RE = mean 

( w, f ) ∈ P 

(
median T RE w, f 

)
, 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
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here P is the set of all r egistr ation pairs. Since all ima ges ar e
xported at a resolution of 1 μm per pixel, all err ors ar e computed
n μm. 

IIT—Multi-Omics Imaging Integr a tion Toolset 
r epr ocessing 

he main purpose of this step is to set up easil y gener alizable data
ormats necessary for integration and to ensure a spatial align-

ent between stained and molecular imaging data. 

eference file format conversion 

patial omics data are often stored in parametric data formats
e.g., ST-spots are circles with a center and a diameter, whereas

SI-pixels are described by a pixel location and resolution such
hat 1 pixel occupies 1 MSI spectrum). To allow for accurate non-
igid transformations, we performed a grid projection in which
patial omics data are translated into a reference matrix format.
n this format, the cov er a ge of eac h data point in the image space
f the stained histology is computed. We initialize an empty ma-
rix ( reference matrix ) with the same resolution as the stained his-
ology. Then, for each pixel that matches the coverage of a spa-
ial data point, we place a r efer ence to the matching spatial data
oint. This ensures that spatial omics data can be transformed ac-
ur atel y during the nonrigid r egistr ation and allows fine-grained
usion between spatial omics data points. In this format, each spa-
ial omics data point is r epr esented by a r efer ence and pr ojected
nto a matrix with the same resolution as the stained image. 

e gistr ation betw een stained image and molecular data 

t is necessary to ensure that stained image and spatial omics data
r e spatiall y aligned befor e integr ating can pr oceed. ST is pr e-
rocessed using 10x Genomics Space Ranger (Version 1.0.0) [ 59 ],
hich also guarantees an accurate registration between stained

mage and ST-spots. For the r egistr ation of MSI data to the stained
ma ge, MIIT uses a r egistr ation method that is based on Verbeec k
t al. [ 60 , 61 ] ( Supplementary Fig. S13 ): 

1. The HES-stained image is segmented using the YOLO8-based
tissue segmentation method described in the pr epr ocess-
ing section of GreedyFHist and then cropped to the tissue’s
boundary section. 

2. A featur e ima ge for the MSI data is deriv ed fr om the first
principal component of the MSI data’s PC A spectrum. T he
featur e ima ge is r escaled to the stained ima ge’s r esolution
(e.g., 1 μm per pixel). 

3. Both images are padded symmetrically to create a uniform
shape and then padded with 100 pixels to allow room for
deformations. NiftyReg [ 62 ] is used to find a rigid r egistr a-
tion with the stained image used as the fixed image and the
featur e ima ge as the mo ving image . We opted for a rigid reg-
istr ation, whic h onl y performs tr anslation and r otation for
ima ge r egistr ation. This r educes deformation effects to the
MSI-pixels, although options for affine and nonrigid r egistr a-
tion can be selected as well. 

Alternativ el y, if segmentation masks for the stained image or
SI data ar e av ailable, these can be used instead for r egistr ation.

egistration 

he goal of this step is to register the source section with the tar-
et section. This is ac hie v ed by using GreedyFHist to register the
tained images of the source section and the target section . The re-
ulting transformation is then applied to all spatial data types in
he source section. 

In the case that GreedyFHist’s registration fails (e.g., due to
issue damage), we also provide an alternative registration algo-
ithm based on scikit-image and manually provided landmarks
e.g., from Fiji [ 34 ]) ( Supplementary Methods ). 

usion 

n this step, the spatially aligned data are used to transform the
patial organization of the spatial omics data from the source sec-
ion to the target section. For each data point in the target data
pace , the o v erla p with data points in the source data space is
omputed. We chose to use the modality with the lo w est resolu-
ion (ST, 55- μm circular spots placed in a hexagon pattern 100 μm
part) as the target section and the modality with the finest reso-
ution (MSI, 30- μm square pixels with no space between) as the
ource section. Each individual overlapping area in the source
ata space is then a ggr egated based on basic statistical descrip-
ors . In practice , this means that the ov erla pping ar ea between
ach ST-spot and the registered MSI-pixels is computed. Due to
erforming the grid projection in step 1, we can use the ov erla p-
ing area between the reference matrices to calculate the frac-
ion that each MSI-pixel contributes to the shared area with each
T-spot. Then, we merge each metabolite intensity from the MSI
pace to the ST space by computing weighted statistical features
i.e., minim um, maxim um, mean, standard de viation, median)
ver the shared area using the area fraction of each MSI-pixel as
eight. We refer to the integrated MSI data as MSI-spots . 

xport 
or the integration of ST spatial transcriptomics and MSI, we ex-
ort integrated data into a table format that uses barcodes from
he ST count matrices as identifiers. Other export options exist
s well: data can also be exported as an image stack with dimen-
ionality n × w × h, where w and h refer to the dimensionality
f the target section image space and n refers to the size of each
ata point (e.g., the number of spectra in each MSI-spot). MSI in-
egrated data can also be exported in the imzML format. 

nalysis of the integrated spatial multi-omics 

ataset 
fter spatial integration, we applied tissue masks to all spots and
lter ed out an y spots with less than 80% tissue cov er a ge. Two sam-
les (P08_3, P22_4) contained spots that were classified as “lym-
hocytes .” T hese spots were removed from the analysis. Corre-

ations measured between CSGS and citrate , zinc , and spermine
ere computed using Spearman correlation. 

vailability of Source Code and 

equirements 

IIT 

ode , tutorials , and instructions for setting up docker images with
xamples ar e av ailable on GitHub. An arc hiv al copy is available via
oftwar eHerita ge [ 63 ]. 

� Project name: MIIT 

� Pr oject homepa ge: https:// github.com/ mwess/ miit 
� RRID:SCR _ 026476 
� bio.tools: miit 
� Operating system(s): Linux (if installed nativ el y), Platform in-

dependent (if docker image is used) 
� Pr ogr amming Langua ges: Python 3.10 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf035#supplementary-data
https://github.com/mwess/miit
https://scicrunch.org/resolver/RRID:SCR_026476
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� Other r equir ements: Gr eedyFHist 0.0.3 
� License: MIT 

GreedyFHist 
Code , tutorials , and instructions for setting up docker images with 

examples ar e av ailable on GitHub. An arc hiv al copy is available via 
Softwar eHerita ge [ 64 ]. DOME-ML (Data, Optimization, Model and 

Ev aluation in Mac hine Learning) annotations ar e av ailable via the 
DOME registry under accession vsx18unv9t [ 65 ]. 

� Project name: GreedyFHist 
� Pr oject homepa ge: https:// github.com/ mwess/ GreedyFHist 
� RRID:SCR _ 026477 
� bio.tools: greedyfhist 
� Operating system(s): Linux (if installed nativ el y), Platform in- 

dependent (if docker image is used) 
� Pr ogr amming Langua ges: Python 3.10 
� Other r equir ements: Gr eedy 1.0.1 
� License: MIT 

Additional Files 

Supplementary Fig. S1. Sample-wise gene scores and metabolite 
le v els in str oma and gland spots for (a) GSCS, (b) citrate , (c) zinc ,
and (d) spermine. ( ∗) indicates significance according to the Mann- 
Whitney U rank test (P < 0.05). 
Supplementary Fig. S2. Citrate (a, d, g), zinc (b, e, h), and sper- 
mine(c, f, i) le v els plotted a gainst CSGS scor e for samples P06_07 
(a, b, c), P04_3 (d, e, f), and P08_3 (g, h, i) for integrated spots colored 

according to tissue type. Linear r egr ession lines are shown. 
Supplementary Fig. S3. Citrate (a, d, g), zinc (b, e, h), and sper- 
mine(c, f, i) le v els plotted a gainst CSGS scor e for samples P07_07 
(a, b, c), P30_4 (d, e, f), and P22_4 (g, h, i) for integrated spots colored 

according to tissue type. Linear r egr ession lines are shown. 
Supplementary Fig. S4. Number of spots classified as glands or 
stroma with and without tissue type matching as well as after 
normal and artificial integration. 
Supplementary Fig. S5. Spot-wise distribution of gland and 

str oma, CSGS, citr ate , zinc , and spermine for 4 different datasets 
(sample P06_7). 
Supplementary Fig. S6. Spot-wise distribution of gland and 

str oma, CSGS, citr ate , zinc , and spermine for 4 different datasets 
(sample P04_3). 
Supplementary Fig. S7. Spot-wise distribution of gland and 

str oma, CSGS, citr ate , zinc , and spermine for 4 different datasets 
(sample P08_3). 
Supplementary Fig. S8. Spot-wise distribution of gland and 

str oma, CSGS, citr ate , zinc , and spermine for 4 different datasets 
(sample P07_7). 
Supplementary Fig. S9. Spot-wise distribution of gland and 

str oma, CSGS, citr ate , zinc , and spermine for 4 different datasets 
(sample P30_4). 
Supplementary Fig. S10. Spot-wise distribution of gland and 

str oma, CSGS, citr ate , zinc , and spermine for 4 different datasets 
(sample P22_4). 
Supplementary Fig. S11. (a–c) P values for testing whether the dif- 
ference of Spearman correlation between 2 datasets is significant.
Supplementary Fig. S12. Tandem mass spectrometry for metabo- 
lite identification. Mean on-tissue MALDI MS/MS spectrum of (a) 
m/z 191.02 in negative ion mode identified as citrate [M-H] − and 

(b) m/z 203.2 in positive ion mode identified as spermine [M + H] + . 
Supplementary Fig. S13. Stained image is segmented from back- 
gr ound r egion. For the imzml file, a featur e ima ge is deriv ed based 
n the PC A decomposition. T hen both images are padded sym-
etrically to a uniform shape and r egister ed using NiftyReg. The

 esulting tr ansformation is a pplied on the imzml data. 
upplementary Fig. S14. Validation of bounding box segmenta- 
ion of stained image. Blue highlights our segmentation method 

nd green bounding box according to validation data. 
upplementary Table S1. Ov ervie w of the number of image pairs
nd staining types used for validating histology registration. Serial 
ections were collected from 32 tissue samples. HE: hematoxylin 

nd eosin; HES: hematoxylin, eosin, and saffron; IHC: immunohis- 
ochemistry; MTS: Masson’s trichrome stain. 
upplementary Table S2. Registration performance of HistoReg 
nd GreedyFHist on directly neighboring serial sections. Registra- 
ion accuracy is reported as the median of the median TRE (MM-
RE) and av er a ge of the median TRE (AM-TRE). AM-TRE metrics
r e r eported with standard de viation (SD). TRE-based metrics ar e
eported in μm and duration in seconds. 
upplementary Table S3. Ov ervie w of the number of image pairs
nd staining types used for v alidating gr oup r egistr ation. Serial
ections were taken from 32 tissue samples. HE: hematoxylin and
osin; HES: hematoxylin, eosin, and saffron; IHC: immunohisto- 
hemistry; MTS: Masson’s trichrome stain. 
upplementary Table S4. Comparison of different strategies for 
 egistr ation of distant serial sections. Registration accuracy is re-
orted as the median of median TRE (MM-TRE) and av er a ge me-
ian TRE (AM-TRE). AM-TRE metrics are reported with standard 

eviation (SD). TRE-based metrics are reported in μm and dura-
ion in seconds. 
upplementary Table S5. Ov ervie w of integr ated data used in
r oof-of-concept anal ysis. HE: hematoxylin and eosin; HES: hema- 
oxylin, eosin, and saffron; MALDI MSI = matrix-assisted laser 
esorption ionization mass spectrometry imaging; ST: spatial 
ranscriptomics. 
upplementary Table S6. Registr ation accur acy for spatial multi-
mics integration. Spatial multi-omics integration was performed 

n 7 cancer-free prostate samples between stained images with 

patial transcriptomics (ST) and stained images with MSI. Page 1
ists r egistr ation accur acy for the r egistr ation between ST section
nd MSI negative ion mode section (distance between sections: 
0–100 μm), and page 2 lists the registration accuracy for the reg-
stration between ST section and MSI positive ion mode section
distance between sections: 40–80 μm). 
upplementary Table S7. Genes of citrate-spermine gene signa- 
ure. Column 1 lists all genes defining the citrate-spermine gene
ignature. Column 2 lists all genes of the gene signature that were
ound in the spatial transcriptomics data. 
upplementary Table S8. Results of differ ential expr ession anal-
sis between metabolites and CSGS separ atel y for eac h sample.
ignificance of log2-fold change was e v aluated using the Mann–
hitney U rank test on each metabolite and each sample sepa-

 atel y. 
upplementary Table S9. Comparison of Spearman correlation 

etween citrate-spermine gene signature (CSGS) and metabolites 
citrate , zinc , spermine). Comparisons are performed with and
ithout tissue matching for each metabolite and sample sepa- 
 atel y. ρ denotes the Spearman correlation coefficient, n the num-
er of available data points, and P value to show the significance.
upplementary Table S10. Comparison of correlations between 

SGS and metabolites under the context of different integrated 

ethods . T he analyzed metabolites are citrate , spermine , and
inc. IntMatchHist: Spatial omics data were integrated, and only 
ntegrated spots from the same tissue type were considered. In-
WithoutMatchHist: Spatial omics data were integrated, and all 

https://github.com/mwess/GreedyFHist
https://scicrunch.org/resolver/RRID:SCR_026477
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ntegrated spots were considered. ArtIntMatchHist: Spatial omics
ata were deliberately poorly integrated, and only spots with the
ame tissue type wer e consider ed. ArtIntWithoutMatc hHist: Spa-
ial omics data wer e deliber atel y poorl y integr ated, and all spots
er e consider ed. Corr elations ar e r eported as the Spearman co-
fficient ρ in addition to the P value and the distance between
ections. 
upplementary Table S11. List of fixed parameters passed to
reedy during registration. 
upplementary Table S12. Av er a ged cr oss-v alidation r esults for
OLO8-based tissue segmentation and Otsu segmentation. Re-
ults are reported with mean and standard deviation. 
upplementary Table S13. Leav e-one-stain-out cr oss-v alidation
epar ated for eac h staining method in the test set. The staining
ethods are separated into hematoxylin and eosin (H&E); hema-

oxylin, erythr osine, and saffr on (HES); Masson’s tric home stain-
ng (MTS); and imm unohistoc hemistry (IHC). 
upplementary Methods. Description of manual landmark-
ased r egistr ation and description of imm unohistoc hemistry
taining of LPS and L T A. 
upplementary Results. Evaluation of YOLO8-based tissue seg-
entation. 

bbreviations 

M TRE: av er a ge of the median target registration error; Art-
ntMatc hHist: integr ated spots fr om the artificiall y integr ated
ataset with matching tissue type across all serial sections; Art-
ntWithoutMatc hHist: integr ated spots fr om the artificiall y inte-
r ated dataset; CSGS: citr ate-spermine gene signatur e; DHB: 2,5-
ihydroxybenzoic acid; FFPE: formalin-fixed, paraffin-embedded;
E: hematoxylin and eosin; HES: hematoxylin, erythrosine,
nd saffr on; IHC: imm unohistoc hemistry; IntMatc hHist: inte-
r ated spots fr om spatial tr anscriptomics and mass spectr om-
try data with matching tissue type across all serial sections;
ntWithoutMatc hHist: integr ated spots from spatial transcrip-
omics and mass spectrometry data; LPS: lipopol ysacc harides;
 T A: lipoteichoic acid; MALDI-TOF MSI: matrix-assisted laser
esorption/ionization time-of-flight mass spectrometry imaging;
IIT: Multi-omics Ima ging Integr ation Toolset; MM TRE: me-

ian of the median target registration error; MRI: magnetic reso-
ance imaging; MSI: mass spectrometry imaging; MTS: Masson’s
ric hr ome staining; NCC: normalized cr oss-corr elation; NEDC: N-
1-naphth yl) eth ylenediamine dih ydr oc hloride; ROI: r egion of in-
erest; ssGSEA: single-sample gene set enrichment analysis; ST:
isium Spatial Gene Expression Array by 10x Genomics; TRE: tar-
et r egistr ation err or. 
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