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Abstract

There is growing awareness that metabolic heterogeneity of organism provides vital
insight into the disease with molecular mechanism and personalized therapy. The
screening of metabolism-related sub-regions that affect disease development is
essential for the more focused exploration how disease progress aberrant phenotypes,
even carcinogenesis and metastasis. Mass spectrometry imaging (MSI) technique has
distinct advantages to reveal the heterogeneity of organism based on the in situ
molecular profiles. The challenge of heterogeneous analysis has been to perform an
objective identification among biological tissues with different characteristics. By
introducing the divide-and-conquer strategy to architecture design and application, we
establish here a flexible unsupervised deep learning model, called divide-and-conquer
(dc)-DeepMSI, for metabolic heterogeneity analysis from MSI data without prior
knowledge of histology. dc-DeepMSI can be used to identify either spatially contiguous
region-of-interest (ROIs) or spatially sporadic ROIs. We demonstrate that the novel
learning strategy successfully obtain sub-regions that are statistically linked to invasion
status and molecular phenotypes of breast cancer, as well as organizing principles

during developmental phase.
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Introduction

Mass spectrometry imaging (MSI) could provide a plethora of metabolic information
directly from biological specimens, including spatial distribution, abundance and
composition of thousands of biomolecules2. Identification from MSI data the region-
of-interest (ROIs), which are statistically linked sub-regions or biologically functional
regions, is usually used to differentiate cell types from heterogeneous tissue and in turn
to contribute to our understanding of the cellular specificity of tissue**, and allows
better targeting the lesions and distant metastases that are associated with disease
diagnosis and prognosis®®. In particular, ROIs analysis has become a critical foundation,
allowing for subsequent detection of known biomarkers and discovery of unknown
biomarkers with a major focus in tumor research’. Nevertheless, the fundamental
question of how to improve accuracy and specificity of ROIs analysis is not crystal
Clear.

Segmentation is the common method for ROIs analysis in MSI data, which is
accomplished by clustering data points (MSI image pixels) with similar characteristics
into a cluster (i.e., ROI). An effective segmentation result means that each cluster could
link to a sub-region or a molecular phenotype, and the difference between clusters on
MSI data can be used to interpret the biological heterogeneity on the tissue®.

MSI segmentation by far is a challenging task because of the complexities of MSI
data in high dimensionality, low signal-to-noise ratio, and lack of benchmark datasets®.
The existing methods for MSI segmentation can be roughly divided into supervised and

unsupervised depending on whether prior knowledges of ROI label are used. In



69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

supervised methods, data from histopathology, pathology or other imaging modals like
MRI are often evident to the ROI labels of MSI pixels, then guiding the segmentation
of MSI data!®!. However, MSI data is of much more metabolic information which can
shape some “hidden” sub-regions that might not be distinguished by histological or
other imaging techniques, therefore, segmentation results will be biased if supervised
by histological data or other imaging modals. Nevertheless, some MSI studies are lack
of prior knowledges of ROI labels because of the extremely precious human tissue
specimens, which makes the supervised segmentation unpractical. On the contrary,
unsupervised segmentation is exploratory approach in which no prior information is
needed for pixels clustering, so the unsupervised segmentation is more practical and
gains more extensive attention than supervised one in MSI segmentation.

Dozens of unsupervised methods have been proposed for MSI segmentation in the
past decades'?!4. For example, Abdelmola et al. use t-distributed stochastic neighbor
embedding (t-SNE) to reduce the dimensionality of MSI data, then uses k-means to
segment MSI data into a certain number of clusters that are expected to be in
coincidence with the prognostic tumor subpopulations'?; The widely used vendor
software'®, SCILS Lab uses k-means to conduct MSI segmentation on some selected
ions, rather than on extracted features; Cardinal package provides a new unsupervised
clustering algorithm, namely spatial shrunken centroids, to produce a smooth MSI
segmentation'4; and so on. To our best knowledge, most of the existing unsupervised
methods apply statistical model-based clustering algorithms like k-means to identify

ROIs from MSI data. Since model-based clustering algorithms usually rely on a certain
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mathematical hypothesis of ROI*®, for example, k-means assume that data points from
a same cluster are high-dimensional spherical distribution around the ROI center®,
Model-based clustering algorithm would fail to identify the ROIs that are unsatisfied
with its underlying hypothesis. However, as we known, MSI dataset are of highly
heterogenous, that is, data points from different sub-regions might distribute in-
homogeneously across the MSI dataset. Thus, different sub-regions are of specific
discriminate validities under a certain model-based clustering algorithm, making the
segmentation results be poor-determined. It is urgent to develop a flexible clustering
algorithm which is adaptive to the high heterogeneity of MSI data.

Deep learning is flourishing in recent years and achieved great success in various
fields especially for biomedical image analysis. Deep learning features in data-driven
strategy and the ability of learning automatically the local structure from the data!’,
which allows us to develop a flexible and adaptive clustering algorithm for MSI
segmentation. Although deep learning-based methods have been proposed for some
contexts of MSI data analysis like classification!®1®, the deep learning-based
unsupervised segmentation for MSI segmentation is rarely reported because of the high-
dimensionality of MSI data and the sensitivity of unsupervised deep learning methods
in parameters initialization.

Here, we propose a flexible deep learning-based method called divide-and-conquer
(dc)-DeepMSI for segmentation of MSI data by introducing the dc strategy into model
designation, training and application. The task of MSI segmentation is divided into two

separated sub-tasks, namely dimensionality reduction and feature clustering, then two
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independent modules are designed and trained to conquer the two sub-tasks accordingly.
In particular, a convolutional neural network (CNN) based deep learning architecture
is designed to meet with the high heterogeneity of MSI data, and to achieve a flexible
unsupervised MSI segmentation. In addition, to achieve a more accuracy segmentation,
dc-DeepMSI provides with two specific modes, namely SPAT-spec and spat-SPEC, for
typical ROIls including spatially contiguous ROIs and spatially sporadic ROIs. We
illustrate the feasibility of dc-DeepMSI in two typical applications, experimental results
show that dc-DeepMSI successfully identify elven-different organs from a whole-body
mouse fetus MSI image, and effectively explore the metabolic heterogeneity from a
human breast tumor MSI image. Biomarker screening are performed on the ROIs
identified by dc-DeeepMSI from the tumor tissue, which further demonstrate that dc-
DeepMSI can be used to detect the ROIs connected with clinical diagnosis, and thereby
help to illuminate the metabolism associated diseases.

Results

1. dc-DeepMSI: A Divide-and-conquer Strategy Based Model to Segment MSI
Data.

By introducing the divide-and-conquer strategy into deep neural network, a deep
learning model named dc-DeepMSI is proposed here for unsupervised segmentation of
high-dimensional MSI data, in which the task is divided into two independent sub-tasks,
dimensionality reduction and feature clustering. Two separate modules are designed
and trained accordingly in dc-DeepMSI to meet with the two sub-tasks, as shown in

Fig. 1a. The dimensionality reduction module (the upper panel of Fig. 1a) is
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implemented by an autoencoder with the intention of preserving the information and
suppressing the noise as much as possible’. The features clustering module (the lower
panel of Fig. 1a) is designed as two competitive-cooperative CNN and their temporally
ensemble copies. Two CNNs are structurally identical with independent parameters
initialization, the output of one ensemble CNN feeds into the other CNN network, and
vice versa, with intent to reduce the randomness and to achieve stable feature clustering.
More architectural details of dc-DeepMSI including loss function, activation function
and implementation are presented in the “Methods” section.

The CNN networks here play the roles of feature extraction (FE) and argmax
classification, where FE block is accomplished by components following by a classifier
(Fig. 1b). By setting two hyper-parameters, i.e., the convolutional kernel size s and
the weight of total variation (TV) loss w3, dc-DeepMSI can switch its working modes
between the general mode of SPAT-spec and the specific mode of spat-SPEC to meet
with different ROI scenarios in a variety of specimens. Based on the extracted features
of hyperspectral data, the general mode SPAT-spec clusters data points (MSI pixels) by
both of their spatial closeness and spectral similarity, which is designed for
identification of the most common ROIs in which MSI pixels are spatially contiguous
across the MSI dataset. The specific mode spat-SPEC, by setting s =1 and w; =0,
clusters MSI pixels by their spectral similarities, which is designed for ROIs
identification in which MSI pixels are spatially sporadic across the MSI dataset.
Nevertheless, the two modes are not antagonistic. Spatially sporadic ROIs can also be

successfully identified by dc-DeepMSI of SPAT-spec mode with a small w3, in which
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the additional loss item of spatial closeness plays a role of denoising.
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Fig. 1 | Schematic overview of dc-DeepMSI. a, Architecture of dc-DeepMSI. The

upper half part is dimensionality reduction module which reduces a high-dimensional
MSI data X to a low-dimensional feature map Y. The dimension reduction module is
implemented by an autoencoder which consists of two fully connection layers in both
encoder and decoder blocks. The lower half part is feature clustering module which is
consisted of two CNN networks and two ensemble CNN networks. Each CNN network
consists of a feature extraction (FE) block and an argmax classification. The cluster
label from one ensemble CNN network is feed into its counterpart CNN network by

loss function L, to stabilize the segmentation result. When dc-DeepMSI reaches
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convergence, the four CNN networks will also converge to a similar cluster label. b,
Architecture of FE block. A FE block consists of n CNN components and a linear
classifier, in which a CNN component consists of a 2D convolutional layer with s X s
kernel size and p filters, a batch normalization layer and a ReLU activation function.
The n CNN components are used to carry out a deeper feature extraction from the
dimension reduced data Y to an p-dimensional feature map. And the linear classifier,
which is consisted of a 2D convolutional layer with 1x1 kernel size and q filters and
a batch normalization layer, is used to map and normalize a p-dimensional feature map

to a g-dimensional response map R.

2. dc-DeepMSI Identifies Sub-organs of Mouse Fetus

The ROIs, in which data points contiguously distribute across the dataset, is a
common scenario in MSI data of various biological tissues. Among them, MSI images
of whole-body mouse fetus are a typical example with such spatially contiguous ROIs.
Most noteworthy, molecular features and organs identification of mouse fetus are
considered to be the complex and critical preprocessing with applications in areas such
as embryological genetics, pathology and pharmacology?®'. Due to limitations in terms
of technology, we have not been able to profile the multi-organ structures of mouse
fetus from MSI images. To address this issue, we construct a dc-DeepMSI model on
the MSI data of fetus mouse (embryonic day18) to identify organs and their sub-organs,
in which the general mode SPAT-spec is adopted in view of the spatial continuity of
MSI pixels from a same ROI. A total of 11 organs are identified by dc-DeepMSI
including brain, orbital cavity, genioglossus muscle, submaxillary gland, sternebra,
thymus, deposits of brown fat, heart, adrenal gland, kidney and intestine (Fig. 2a). More

importantly, functional sub-organ structures are recognized from whole brain organ,



193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

such as, dorsal pallium (isocortex) and hippocampal formation (Hpf) region, midbrain,
brainstem and cerebellum (Fig. 2a).

To illustrate the performance of dc-DeepMSI on segmentation of MSI data, three
commonly used methods are carried out on the MSI dataset of fetus mouse for
comparison, including t-SNE+k-means which is implemented by the Python library
Scikit-learn'?, a pipeline provided by commercial SCILS Lab software??, and a pipeline
implemented by Cardinal package 2. Segmentation map of t-SNE+k-means method
shows abundant isolated clusters and obscure boundaries on mouse fetus, especially on
fetal brain, which might due to the lack of spatial denoising procedure in the method
(Fig. 2b). SCILS Lab software tends to segment some big-size organs, such as brain
and thoracic cavity, while fails to identify the sub-organs (Fig. 2c). Segmentation result
of Cardinal package is a little bit better than that of SCILS Lab software, but still miss
some sub-organs, such as the brain of mouse fetus (Fig. 2d). The failure of sub-organs
identification might due to the adoption of feature selection instead of feature extraction
in dimension reduction procedure in SCILS Lab and Cardinal package, which may
result in severe information loss. These results demonstrate that dc-DeepMSI
outperforms the other three methods in more and accuracy organ/sub-organ analysis.

Robustness and stability are two pivotal indicators for deep learning-based
method?*. Here we illustrate the robustness of dc-DeepMSI on anti-noise in organ
segmentation of mouse fetus. Poisson noise is generated and added on the MSI data,
then dc-DeepMSI and the other three methods are carried out on the noisy data,

respectively. dc-DeepMSI shows that its robustness against the noise by identifying
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accurately most of the organs and sub-organs from the noisy fetus data, for example,
brain and its sub-organs (Fig. 2e). t-SNE+k-means method whereas delivers too many
isolated clusters on the segmentation map (Fig. 2f). More experiments on anti-noise
ability evaluation by using k-means clustering, spectral clustering and Gaussian mixture
model (GMM) clustering are detailed on Supplementary Note 1 and Supplementary
Fig. 1.

Sensitive to parameters initialization is another nuisance in most of deep learning-
based methods®. Here we design a comparative experiment to illustrate the model
stability of dc-DeepMSI. Two different deep learning models are constructed. One is
an end-to-end architecture model without explicit dimension reduction module
(Supplementary Fig. 2a). The other is a deep model proposed in Kim’s work?®, in
which dimension reduction module is explicitly designed, but feature clustering module
is implemented by a single-CNN structure (Supplementary Fig. 2b), which differs
from dc-DeepMSI model. Twenty times of training with different parameters
initialization are carried out, and the adjusted rand index (ARI) values are calculated
(Fig. 2g). The end-to-end model has a small ARI mean = 0.68 and a large ARI
standard deviation (std = 0.020), which implies the high sensitivity of parameters
initialization. Kim’s model improves its stability by dimension reduction module
architecture (ARl mean = 0.74, std = 0.021). While dc-DeepMSI is of the best
model stability (ARl mean = 0.78, std = 0.017) because of the divide-and-conquer
strategy and double-CNN structures. More detailed evaluation results can refer to the

Supplementary Note 2 and Supplementary Table. 1.
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Above all, dc-DeepMSI is more suitable for segmentation on high-heterogeneity

and high-dimensional data analysis with outstanding robustness and stability.

a b Cc
dc-DeepMSI t-SNE + k-means SCiLS Lab Cardinal
0.80f
Sorsf
©
2
% o70;
0.65!
dc-DeepMSI t-SNE + k-means L . .
(noisy) (n oisy) End-to-end Kim’s model dc-DeepMSI

Fig. 2 | Identification of sub-organs of mouse fetus. a-d, Color encoded

segmentation maps obtained from dc-DeepMSI, -SNE+k-means, SCiLS Lab, Cardinal
on original MSI data. Compared with the other three methods, dc-DeepMSI shows a
smoothing clustering result as well as a better resolution of sub-organs. e-f,
Segmentation maps obtained from dc-DeepMSI and -SNE+k-means on a noisy MSI
data. g, Comparison ARI values of an end-to-end model, Kim’s model and dc-DeepMSI
model. The organs and sub-organs are as follows, (1) dorsal pallium (isocortex) and
hippocampal formation (Hpf) regions, (2) midbrain and brainstem, (3) cerebellum, (4)
orbital cavity, (5) genioglossus muscle, (6) submaxillary gland, (7) sternebra, (8)
thymus, (9) deposits of brown fat, (10) heart, (11) adrenal gland, (12) kidney and (13)

intestine.
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3. dc-DeepMSI Explores Metabolic Heterogeneity of Human Breast Tumor
Being different from the organ identification depending on spatially contiguous
ROIs, some MSI datasets suggest that cellular distribution is characterized by the
sporadic arrangement, as well as diversity on morphology, such as, human tumors,
biofilm and single cell imaging %%, To specify the dc-DeepMSI application on
spatially sporadic ROIs detection, taking the human breast sample as an example, the
specific mode of dc-DeepMSI is carried out on intratumor regions to explore tumor
metabolic heterogeneity. Thus, another divide-and-conquer based strategy is leveraged
by dc-DeepMSI on application, in which the MSI dataset of complex tumor sample is
divided into cancerous and para-carcinoma regions using the general mode of dc-
DeepMSI, then exploring of tumor metabolic heterogeneity is conquered using the
specific mode of dc-DeepMSI.
3.1 Cancerous and para-carcinoma discriminating via the general mode
Cancerous cells from solid tumors, e.g., the human breast sample shown in
Supplementary Fig. 3, possess the pathological characteristics of spatial continuity?®,
Accordingly, both cancerous ROIs and para-carcinoma ROIs in the MSI data of tumor
sample are spatial contiguous. Specially, margins of sub-regions are supposed to be
natural edges of sub-populations of tumor samples. In view of this situation, we
construct a general mode SPAT-spec of dc-DeepMSI to separate ROIs of carcinoma
from para-carcinoma. As expected, the MSI data is successfully segmented into two
separate sub-regions with clearly boundary, namely cancerous (blue) and para-

carcinoma (light gray) regions (Fig. 3a), which shows good consistency with the results
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from morphological evaluation (Supplementary Fig. 3). Scatter plot shows that data
points from cancerous region (colored points) and data points from para-carcinoma
region (grey points) can be clearly separated from each other in the cubic embedding
space (Fig. 3m), or say the feature space of dimension reduced MSI data, which implies
that molecular features are significantly different from each other between cancerous
and para-carcinoma sub-region, and demonstrates the accuracy and efficiency of dc-
DeepMSI in cancerous sub-region detection.
3.2 Tumor intra-heterogeneity exploring via the specific mode

Human tumor has significantly intra-heterogeneity in molecular phenotypes,
microenvironment and metabolic regulation?®. The morphological analysis of the
invasive ductal carcinoma with neuroendocrine differentiation (NED) indicates that
breast tumor displays significant intra-tumor heterogeneity that is featured in the
sporadic distribution between cancerous regions with different degrees in
differentiation and stromal regions. As show in Supplementary Fig. 3, at least two
typical cancerous regions can be classified by using immunohistochemistry (IHC)
analysis according to the chromogranin A expression, including the cancerous region
with NED (18%) and cancerous region (15%), as well as respective typical invasive
regions.

To explore the molecular phenotypes and microenvironments in tumor sample, we
build a model of dc-DeepMSI with the specific mode spat-SPECT on the MSI data of
human breast tumor sample. dc-DeepMSI cluster data points in the intact tumor sample

into ten-different sub-regions (Fig. 3b), in which most of sub-regions are in agreement
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with the results of the morphological information. For example, three sub-regions are
assigned and associated to two major molecular phenotypes (Fig. 3c, 3d, 3e).
Additionally, there are one invasive sub-region (Fig. 3f) and six stromal sub-regions
(Fig. 3g-3l). Herein, invasive ductal carcinoma with NED-related segmentation from
intact tumor sample is given in Fig. 3c, 3d, showing the discrete imaging patterns with
obscure boundary between the nests of neoplastic cells, which is basically consistent
with morphological results. We also achieve the accurate invasive ductal carcinoma-
related segmentation (Fig. 3e). The results exhibit the clear boundary between the nests
of neoplastic cells according to the morphological results. Continuously, typical
invasive region (Fig. 3f) and stromal region (Fig. 3j) are segmented from the intact
sample, demonstrating the sporadic infiltration of neoplastic cells in the fibrous stroma,
as well as the randomness of spatial distribution of stromal region, respectively.
Scatter plot shows that data points from a same sub-region are gather together,
while data points from different sub-regions are clearly separated from each other in
the embedding space, which illustrates the distinct metabolic difference among the ten
sub-regions (Fig. 3m). Scatter plots of the ten sub-regions are shown in
Supplementary Fig. 4. Violin plots display the distribution of Euclidean distances
between data points of each sub-region and data points of para-carcinoma in the
embedding space (Fig. 3n). As we can expected, the data points of two molecular
phenotypes-related regions are far away from each other in the cubic embedding space,
while data points of the stromal sub-regions locate in between the molecular phenotypes

and the para-carcinoma, which indicates that lipid profiles of stromal sub-regions are
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319  phenotypes-related regions. The results show the ability of dc-DeepMSI in exploring

320  metabolic heterogeneities from MSI data of tumor sample.
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322  Fig. 3 | Results of dc-DeepMSI on human breast cancer data. a, Cancerous and

323  para-carcinoma regions. b, Intact tumor sample. ¢, d, Invasive ductal carcinoma with
324  NED-related sub-regions, called IDC-NED-1, IDC-NED-2, respectively. e, Invasive

325  ductal carcinoma-related sub-regions, called IDC. f, Typical invasive region. g-l,
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Stromal regions 1-6, called str 1-6. m, Scatter plot of data points in embedding space
corresponding to b. n, Violin plot of Euclidean distances between data points of each

sub-regions in cancerous and data points of para-carcinoma in the embedding space.

4. Screening of the underlying molecular markers

The underlying molecular markers from ROIs can help us to interpret and validate
dc-DeepMSI segmentation results. As a traditional application scenario, MSI is capable
of providing the spatial distribution of marker by an expression of single ion.
Nevertheless, both multiple molecules and their interaction play an important role in
complex biological regulations, making it difficult to use the expression of single ion
to elaborate the spatial heterogeneity of bio-samples. To solve this problem, a two-stage
screening approach is used here to identify the molecular markers between two given
ROIs, namely target ROI and control ROI, as follows:

The first stage uses three univariate statistics to quantify the difference of abundance
of a ion between target and control ROIs, that is, fold-change (FC), area under the
receiver operating characteristic curve (AUC) and Hedges’g effect size (ES)*. Then
ions are defined as markers of the target ROI with respect to control ROI if they satisfy
with the criteria as follows,

(ESx AUC) > 1.5 and |log, FC| = 1.
If no marker is found in the first stage, we continue the second stage.
The second stage builds a linear regression model on the abundance matrix X and
the ROIs belonging vector y vector 2,
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Where B = (B, B2, -+, Bi,-++) is the regression coefficients for ions, and & is the
residuals errors. By imposing a least absolute shrinkage and selection operator (LASSO)
penalty on the optimization of 8, only a few ions are of non-zero coefficients, then
these ions are defined as the co-expressive ions of the target ROI, which acts as a marker.
More detailed definitions of FC, Hedges’ g ES and LASSO optimization can refer to
“Methods” section.

The existing evidences have suggested that abundances and spatial distribution of
lipids are expressed abnormally in human breast tumor tissues, with a close relationship
to aggressiveness and metastatic potentials of tumors. Tumor cells can generate excess
lipids to maintain metabolic supplies and support tumor proliferation and invasion®>3?,
Taking the human breast tumor for instance, the two-stage screening approach is carried
out on each sub-region (target ROI) with respect to the other 9 sub-regions (control
ROI) to identify the lipid markers or co-expressive lipid ions of the target ROI. VVolcano
plots and ion images are used to visualize the screening results (Fig. 4). And the lists
including single- and multi- co-expressive lipid markers from the ROIs of breast tumor
sample can refer to the Supplementary Table 2.

According to the results of two-stage screening approach, 4 lipid ions are found to
be the lipid markers of carcinoma with respect to para-carcinoma regions. For example,
the abundant m/z 743.65.73 PE (36:2), which is observed in cancerous regions

corresponding on the haematoxylin and eosin (H&E) stain image, is absent in the para-

carcinoma regions (Fig. 4b). We find that 8 lipids up-regulate in the specific sub-
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regions containing invasive ductal carcinoma with NED, such as m/z 839.98 PC (40:3)
(Fig. 4d) and m/z 795.89 PE (40:4) (Fig. 4f).

In the tumor sample at the invasive ductal carcinoma, invasive and stromal sub-
regions, the results have shown a series of ions jointly contribute to shape their own
molecular profiles. For example, co-expression of 17 ions in invasive ductal carcinoma-
associated sub-regions (Fig. 4h), which is equivalent to a complex marker with ES =
1.57,AUC = 0.87 and log,(FC) = —0.15. Similarly, co-expression of 10 ions is
accumulated in invasive sub-regions (Fig. 4j), which is equivalent to a complex marker
with ES = 3.49,AUC = 0.94 and log,(FC) = —0.26. In addition, the one of stromal
sub-regions is delineated by the co-expression of 30 ions (Fig. 41), which is equivalent
to a complex marker with ES = 1.66, AUC = 0.83 and log,(FC) = —0.13. A more
detailed result is available in Supplementary Fig. 5.

We have demonstrated the significant heterogeneity of spatial distribution of lipid
markers in the form of single-ion expression and multi-ions co-expression by the
proposed two-stage screening approach, which has an important conductive function to

metabolic reprogramming of tumor progression.
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Fig. 4 | Molecular markers among sub-regions identified by dc-DeepMSI. The

volcano plots show three measures including ES, AUC and log,(FC) between the
target sub-region and the control region for all ions. Color encoded ion’s images show
the normalized abundances of selected markers or co-expressive ions. In volcano plots,
the color represents the value of ES * AUC * |log,(FC)|, and the warmer the color, the
larger the value. The point size in volcano plots represents the absolute LASSO
regression coefficient, the larger the size, the bigger the absolute coefficient. The target
and control regions in a,b are cancerous and para-carcinoma regions, respectively. The
target sub-region is ¢, d, IDC-NED-1. e, f, IDC-NED-2. g, h, IDC. i, j, Invasion. k, I,
Stromal 5; respectively, and the control region is the remain sub-regions excluded the

target sub-region.

Discussion

The screening and identification of metabolism-related sub-regions plays an
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important role for better describing the molecular characteristics throughput the
biological process and for optimizing the diagnosis and treatment of diseases™*.
Previous studies reported the potential of MSI for the discovery of metabolic
heterogeneity in tumor tissues®. Actually, MSI dataset is appropriate for the metabolic
heterogeneous analysis because of MSI provides us with: (1) very rich biological
information from molecular level, usually achieve thousands of compounds
simultaneously; (2) spatial resolved and (3) (relative) quantitative molecular
information for in situ analysis of bio-samples. In this paper, for the first time, we
introduce a divide-and-conquer strategy into deep neural network, and present a flexible
dc-DeepMSI model to screen ROIs of spatially sporadic or spatially contiguous from
MSI datasets of complex bio-samples, like human tumor or mouse fetus. dc-DeepMSI
provides the possibility to characterize the molecular phenotypes and biomarkers in

human tumors, and as well identifies sub-organs in mouse fetus based on spectral

similarity and spatial closeness of targeted subpopulations.

The proposed model of dc-DeepMSI outperforms state-of-the-art MSI
segmentation methods, which benefits from the following aspects: (1) The adoption of
divide-and-conquer strategy greatly reduces complexity of a deep learning model, and
as well improve the model stability. (2) The autoencoder based dimensionality
reduction leads to a stable and low-dimensional representation of MSI data while
minimizing information loss. (3) Feature clustering using two structurally identical but
randomly initialized CNNs achieves a robust segmentation, in which the two CNNs

work in an adversarial-and-collaborative way. Moreover, two temporally ensemble
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CNNe s stabilize effectively the segmentation. Several results have proven dc-DeepMSI
is a straightforward and more robust approach to identify the presence of sub-regions
characterized by similar mass spectrometry profiles, providing results that are not

captured by histological technologies.

We provide in this paper a deep learning-based method to identify underlying
metabolic heterogeneity from high-dimensional MSI data. Nevertheless, the proposed
model is also expected to be broadly applicable in multiple computational tasks with
hyperspectral imaging techniques, such as microscopy imaging, remote sensing
imaging, and other medical imaging. We believe that our work will facilitate the

extensive applications of unsupervised deep learning on high-dimensional data analysis.
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Methods
Experimental datasets.

The procedures of animal experiments are approved by the Institutional Animal
Care and Use Committee at Shenzhen Institutes of Advanced Technology, Chinese
Academy of Sciences (Shenzhen, China). All of mice are treated humanely with the
consideration of alleviating suffering. Six-week-old C57BL/6 male and female mice
are housed under specific pathogen free condition with controlled temperature,
humidity and 12 hrs dark: light cycle. One male and two females are bred and observed
by a vaginal plug. And then, females are placed in a separate cage after successful
mating. We collect the whole-body mouse fetus at embryonic day 18 for MALDI-MSI
analysis.

Human tumor samples are collected from patients with breast caner during the
surgical tumor operation at the Second Aftiliated Hospital of Medical College, Xi’an
Jiaotong University. The patients are recruited with consent in this study and handled
in accordance with approved procedures from the Institutional Review Board of the
Second Affiliated Hospital of Medical College, Xi’an Jiaotong University and
Shenzhen Institutes of Advanced Technology, Chinese Academy of Sciences.

The procedures of MALDI-MSI and histological analysis are described in the
previous work of Zhao et al ?22°, In short, the mouse fetus and human breast tumor
samples are sectioned at a 14 pm-thickness by using CryoStar Nx79 cryostat (Thermo
Fisher Scientific, Germany). Then, sections are thaw-mounted onto ITO slides for

MALDI-MSI analysis. Subsequently, the serial sections are mounted on 4%
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paraformaldehyde coated glass slides then used for H&E staining. MSI datasets are
collected by using the RapifleX MALDI Tissuetyper (Bruker Daltonics, Germany) with
N-(1-Naphthyl)-ethylenediamine dihydrochloride matrix. H&E images are acquired
using by Nanozoomer 2.0RS digital pathology scanner (Hamamatsu, Japan) with 0.4 x
amplification.
Data Preparation. The raw MSI data is collected using Bruker RapifleX MALDI
Tissuetyper. SCIiLS Lab vendor software is used to read and export MSI data to .imzML
files. MALDIquant package is then used to carry out data preprocessing including
spectral alignment, peak detection, peak binning, etc *’. Finally, we obtain a data matrix
Xy xnxy»> iIn which M, N are pixel numbers of horizontal and vertical coordinates of
MSI image respectively, and H is the hyperspectral dimensionality, or say the ions
(m/z) number.
The architecture of dc-DeepMSI. dc-DeepMSI is consisted of two modules, i.e.,
dimensionality reduction (DR-module) and feature clustering (FC-module), as shown
in Fig. 1a. DR-module is to learn a nonlinear mapping f (- |[9) to project the high-
dimensional data X,y nxy 1Into a low-dimensional data Yy yx; as follows,

Yusnxe = f Xnpxnxu[9) (1)
Where 9 is the network parameters in DR-module to be trained. FC-module is to learn
a nonlinear mapping function g(:[0) from Yyxnyx; to segmentation map/cluster
label Cpxy as follows,

Cuxn = 9(Yyxnxs|0) (2)

where 0 is the network parameters in FC-module to be trained.
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To achieve the nonlinear mapping, FC-module is designed with two parallel feature
extraction (FE) blocks and two temporally ensemble FE blocks, as shown in Fig. 1a.

Firstly, each FE block is implemented by a CNN of n components and a linear
classifier (Fig. 1b), in which the CNN component is consisted of a 2D convolutional
layer of p channels and s X s kernel size, a batch normalization layer and a ReLU
activation function, while the linear classifier is consisted of a 2D convolutional layer
of g filters and 1 X 1 kernel size. The output of FE block is a response map
Ruyxnxg = (rm,n,l-), on which a segmentation map, or say cluster label Cpuy =
(Cm,n), will be produced by applying argmax classifying,

Conn = {t] Tmni = Ty Vi # 1 < q} 3)

Secondly, the temporally ensemble FE block is accomplished by averaging the
parameters of its corresponding FE block at each iteration t as follows,

) =a-0ft—-1D+{1—-a) 0(t) 4)
where O(t) and OF(t) are the parameters of FE block and its corresponding
temporally ensemble FE block at time ¢,and 0 < a < 1 is the ensemble momentum.

Specifically, the two FE blocks and two ensemble FE blocks map the input

Yuxnxr to 4-different segmentation maps as,

Cl}/lxN = 9" (Yuxnx10%)
CI%/IXN = gz(YMxNxLlez)
CbExN = glE(YMxNxLlelE)
CI%/IEXN = QZE(YMxNwaZE)

(5)

The four FE blocks work adversarially and collaboratively to achieve a final
segmentation map Cpsxy.

Training strategy and implementation. Divide-and-conquer strategy is designed to
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train the DR module and FC module, respectively. DR-module is implemented by an
autoencoder framework 2°, which is consisted of two blocks, i.e., the encoder block and

the decoder block as follows,

Yusnxr = f Xpxnxul9)
X mxnxu = fd(YMxNwad)
where f and f¢ are the mapping functions of encoder and decoder, 9 and 9¢ are
the parameter of encoder and decoder blocks respectively. Yy «nyx; 1s the reduced data.

We use a loss function £,... to train the autoencoder module as follows,

" M N X X’
L = Z Z 1— < TR __ TR > 6)
ree = XN Rorewllz - X ool (

m=1n=1

where [|*]|, is [,-norm.
The loss function £ in FC-module is a weighted combination of three parts as,
L = (Lsim(RY, CY) + L (R?,€C?))
+ ;- (Lsta(RY, €2F) + Lo (R?, CF)) )
+ w3+ (Lry(RD+Lry (R?))
where wq, w,, w3 are combinational weights, Lg;,, Lgq, and Lr, are three loss
functions to optimize the network parameters.
Firstly, the similarity loss of Lg;, is to make pixels with similar features be
assigned to same cluster, which is designed based on cross entropy between the

response map R and segmentation map C as follows,

where
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(1, ift=0
8(8) = {0, Otherwise

Secondly, the stability loss of L, is to stabilize the segmentation result, which
is calculated using to the response map of one FE model (R) and the segmentation map

of the temporally average of another FE block (C~E) as follows:

M N
1
L,(R,CE)= XN Z Z max(0, Tnqe — T + @) (9)

where a is a margin parameter, and

neg ._ ; 2 ~E ~E .
Ty = {ri,j |mm(||rm_n - ri_j||2),v Cif#Crl &mmn# l,]}

os 2 ~ ~ ..
oy = {ri_j |max (||rm_n - ri,j||2),v Cf=Crl&mmn+ L,]}
Thirdly, the total variation (TV) loss of Ly is to make pixels of spatially close
be in a same cluster, which is used to decrease the differences between neighboring

pixels,

1
M X N
m

Z ||rm+1,n - Tm,n”1 + ||rm,n+1 - Tm,n”l (10)

=1

£TV(R) =

M-1N-1
n

=1

where [|*]|; is [;-norm.

Stochastic gradient descent optimizer is adopted to train both DR-module and FC-
module, where the learning rate and the momentum are set to be 0.01 and 0.9
respectively. Network parameters are initialized to be normal distribution N(0,0.02).
The proposed model is implemented in Python with PyTorch library and trained the
models on a workstation equipped with a GPU Nvidia GTX 2080Ti graphics card.
Lipid ions screening method. Three commonly used metrics including Hedges’ g
effect size (ES), Fold-change (FC), area under the curve (AUC) are used to screen lipid

markers for each sub-region in breast tumor sample,
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Hedges’ g is a measure of effect size (ES) that tells us how much one ROI differs
from another, which can be calculated as,

Hedges' g = I”i_—lhl (11)

0-pooled

where pu,, WU, are the mean abundances of the target ROI and the control ROI

respectively, and )50 1S the pooled and weighted standard deviation,

n, — 1)o? + (n, — 1)o?
0-:Joole(i:\/( . ) : ( - ) 2 (12)

ny+n,—1

where 0; and o, are the standard deviations of the target ROI and the control ROI
respectively. The larger the effect size, the greater the difference between two ROIs.

Fold-change (FC) is used to evaluate the abundance difference between two given

ROIs, which is calculated as follows:

_H
%)

FC (13)
where p;, W, are the mean abundances of the target ROI and the control ROI
respectively.

The area under the curve (AUC) is a measure of the ability of a classifier to
distinguish between classes and is used as a summary of the receiver operating
characteristic (ROC) curve. The higher the AUC, the better the performance of the
model at distinguishing between the positive and negative classes. Here the positive
and negative classes are the target and control ROIs respectively, and logistic regression
is adopted to be the classifier model.

Furthermore, least absolute shrinkage and selection operator (LASSO) regression

is used to identify co-expressive lipid ions for the target ROI with respect to the control
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ROP!.
Let Xyxp be the data matrix of two given ROIs with N data points (pixels) and
P lipidions in each pixel, y be the ROI belonging vector of the N pixels. We can build
a linear regression model on (X,y) as follows,
y=Bo+BX+E (14)
where B = (B4, L2, -+, Bp) isthe regression coefficients, and € is the residuals errors.

Impose LASSO penalty on the optimization of B, we have’!

P P

N

R 1

Blasso = arg‘r;nin Ez(yi — Bo — Z xijﬁj)z + AZlﬁjl (15)
i=1 =1

Jj=1

Then most of the regression coefficients will be zero.
The lipid ions of non-zero regression coefficients are defined as the co-expressive

lipid 1ons of the target ROI, which acts as a lipid marker.

Data availability.

All of the datasets analyzed in this paper are public and can be referenced at
https://github.com/gankLei-X/dc-DeepMSI.

Code availability

Source code is available at https://github.com/gankLei-X/dc-DeepMSI.
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