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An integrated mass spectrometry imaging and
digital pathology workflow for objective detection
of colorectal tumours by unique atomic signaturest
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Tumours are abnormal growths of cells that reproduce by redirecting essential nutrients and resources
from surrounding tissue. Changes to cell metabolism that trigger the growth of tumours are reflected in
subtle differences between the chemical composition of healthy and malignant cells. We used LA-ICP-
MS imaging to investigate whether these chemical differences can be used to spatially identify tumours
and support detection of primary colorectal tumours in anatomical pathology. First, we generated
quantitative LA-ICP-MS images of three colorectal surgical resections with case-matched normal
intestinal wall tissue and used this data in a Monte Carlo optimisation experiment to develop an
algorithm that can classify pixels as tumour positive or negative. Blinded testing and interrogation of LA-
ICP-MS images with micrographs of haematoxylin and eosin stained and Ki67 immunolabelled sections
revealed Monte Carlo optimisation accurately identified primary tumour cells, as well as returning false
positive pixels in areas of high cell proliferation. We analysed an additional 11 surgical resections of
primary colorectal tumours and re-developed our image processing method to include a random forest
regression machine learning model to correctly identify heterogenous tumours and exclude false
positive pixels in images of non-malignant tissue. Our final model used over 1.6 billion calculations to
correctly discern healthy cells from various types and stages of invasive colorectal tumours. The imaging
mass spectrometry and data analysis methods described, developed in partnership with clinical cancer
researchers, have the potential to further support cancer detection as part of a comprehensive digital
pathology approach to cancer care through validation of a new chemical biomarker of tumour cells.
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Introduction

Metabolic reprogramming during the earliest stages of cancer
growth initiates a radical change in cell chemistry.* Evidence of
oncogenesis can be found in subtle changes to the composition
of tumours as they progress from abnormal cells to aggressive
metastatic cancers.”> The cytopathological features used to
visually diagnose and characterise tumours have remained
largely unchanged for over half a century,® and are a direct
result of changes in the underlying chemical composition of
pre-malignant cells. Therefore, more accurate and precise
measurements of subtle variations in cell composition may
allow proto-tumour cells to be identified before visibly identi-
fiable characteristics appear.

Carbon, hydrogen, nitrogen, and oxygen account for >95% of
all chemical elements in the human body. The remaining
fraction is a dynamic mixture of minor and trace elements at
micro-to-nanomolar concentrations. Initially termed the met-
allome when first introduced in the early 2000s,"*° this
exchangeable pool of elements has now grown to include
abundant non-metals and metalloids that encompasses the
chemical base units of cell physiology. In total, 28 elements
have been identified as essential for life, with bromine added to
the list in 2014.” Non-essential environmental elements are also
common in human tissue and fluids, such as inert alkali metals
absorbed from drinking water to highly toxic anthropogenic
metals. Importantly, this complement of elements is in
a constant state of flux between cellular compartments that
comprise the genome, transcriptome, proteome, and metab-
olome; and capturing a snapshot of this atomic signature gives
one of the most comprehensive pictures possible of a biophys-
ical state.

Concentrations and arrangement of chemical elements in
the cellular milieu is the ultimate determinant of tissue
morphology, changing as cells divide, develop and reach
maturity. Similarly, there is a quantitative and spatial rear-
rangement of elements that commences when a cell shifts from
a healthy cell to becoming a proto-tumour environment.® These
fundamental biochemical processes occur prior to any of the
morphological changes or immunoactivity that are currently
used to detect the appearance of malignancy. Common across
all forms of cancer, this “Warburg effect” of increased ATP
production, biosynthesis of the four major macromolecule
classes (carbohydrates, proteins, lipids, and nucleic acids), and
tightened redox control serves as a prelude to tumour growth
and differentiation.’ Subsequent cell division, angiogenesis,
autoimmune responses, and eventual metastasis all stem from
this shift in fundamental cell chemistry.

Early-stage alterations in small molecule metabolites
produced through the pentose phosphate pathway," Krebs
cycle,” Ser-Gly-one carbon metabolism,”®* glutathione
synthesis," and choline metabolism* have all been identified
as diagnostic and biomarker discovery targets for colorectal
cancer (CRC),** as well as other tumour types.”” When consid-
ering that redox-active metal species, such as iron-containing
haem, copper, and manganese redox substrates, are all
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metabolic cofactors within mitochondrial one-carbon metabo-
lism,*® there is an innate link between metals and tumorigenic
disruptions to crucial metabolic processes. Iron, copper, zinc,
and calcium ions are all intrinsically linked to chemical
processes that promote metastasis;' from the generation of
reactive oxygen species (ROS) by labile iron*® to copper-
mediated acceleration of angiogenesis.”*

Laser ablation-inductively coupled plasma-mass spectrom-
etry (LA-ICP-MS) was first introduced in 1985 for discrete micro-
sampling of geological samples.”” Imaging applications were
first described in 1994,* and the technology has matured into
a key component of the broader mass spectrometry imaging
field.**** Applications for LA-ICP-MS imaging in cancer research
have grown steadily over the last decade, ranging from obser-
vational studies of in*® and ex vivo27 tumour chemical micro-
environments to the development and commercialisation of
time-of-flight LA-ICP-MS instruments for high-dimensional
multiplexed immunoimaging®® and precision oncology.*

Here, in this proof of concept study, we present a completely
new approach to supporting cancer detection using LA-ICP-MS
that is inspired by recent innovations in chemical imaging that
fuse automated feature detection and molecular mass spec-
trometry imaging.*® We describe each step in the development
and preliminary validation of an atomic signature biomarker of
colorectal cancer and discuss where next generation analytical
technology and digital pathology can be used for future
validation.

Table 1 Deidentified case numbers and pathological examination of
H&E-stained surgical resections for algorithm development. CRC =
colorectal cancer; NIW = normal intestinal wall; TNM = tumour, node,
metastasis; x = could not be assessed

TNM

Case ID Case notes classification

NIW2  Normal intestinal wall, single lymphoid follicle n/a
in bottom left submucosa

NIW3  Normal intestinal wall, three lymphoid follicles n/a
in mucosa

NIW1 Normal intestinal wall, no lymphoid follicles  n/a
present

CRC12 Colon cancer. Moderately differentiated T4AN1MO
adenocarcinoma. Small clusters of tumour cells
infiltrating muscle layer

CRC13 Colon cancer with adenomatous polyp on left T3NOMx
edge. Moderately differentiated
adenocarcinoma

CRC10 Colon cancer. No normal mucosa, muscle or ~ T3NOMO
polyp. High levels of mucin at leading edge of
tumour. Poorly differentiated mucinous
carcinoma

CRC11 Colon cancer. Moderately differentiated T3NOMO
adenocarcinoma. Small clusters of tumour cells
infiltrating muscle layer

NIW4  Normal intestinal wall, no lymphoid follicles  n/a
present

CRC18 Colon cancer. Moderately differentiated T3NOMO
adenocarcinoma

© 2021 The Author(s). Published by the Royal Society of Chemistry
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Results and discussion
Elemental imaging of surgical colon resections

For the initial algorithm development, we began with formalin-
fixed, paraffin-embedded (FFPE) tissue blocks taken from
human subjects during surgical colorectal resectioning. Cohort
characteristics that were relevant for this study are presented in
Table 1. Our training cohort consisted of FFPE sections of
matched normal intestinal wall (NIW) and tumour-containing
tissue from three CRC patients, as well as one additional
tumour-containing known-unknown section for supervised
algorithm testing and a matched case for unsupervised
testing.**

Dewaxed sections were analysed by LA-ICP-MS at 40 x 40 pm
spatial resolution (Fig. 1A; total pixel area = 1600 um?; see
Methods and materials for complete experimental parameters).
Periodic analysis of in-house prepared matrix-matched tissue
standards®* was used to correct for signal instability (or
instrument ‘drift’) over the 24 hours needed to collect image
data for one sample. Image pre-processing was performed using
the biolite* add-on for iolite 3 (University of Melbourne, Park-
ville, Victoria, Australia);** and post-processing in Igor Pro 6.37
(WaveMetrics, Portland, Oregon, USA). After background
subtraction, the measured mass in each pixel was normalised to
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the corresponding high intensity (>8%) phosphorus signal. This
step was applied to remove uncertainty between imaging
experiments arising from variable element response when using
LA-ICP-MS. We reason that applying a high abundance refer-
ence element that meets most of the criteria set by Austin et al.*
during this stage of algorithm development was necessary to
correct for possible inter-sample variability in ablation perfor-
mance for a sample set collected over a six-month period on
a high-use LA-ICP-MS system. Carbon normalisation was not
applied, as '*C signal showed a poorer signal-to-background
ratio in dewaxed FFPE tissue and the total *C signal was <8%
of the total ion count.*® Tissue standards were also used to
generate multi-point external calibrations, which were then
applied to each image pixel, producing fully quantitative images
for each measured m/z. The experimental parameters used were
optimised for polyatomic interference-free®® imaging using
a triple quadrupole ICP-MS,*” and we refer to these maps as
elemental images hereafter. The raw data used to produce the
images shown in Fig. 1A and subsequent figures can be
accessed via the ESL}

Extraction of tissue-specific elemental profiles

A pathologist provided a roughly annotated photomicrograph of
an adjacent section stained with haematoxylin and eosin (H&E),
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Fig. 1 Workflow for data generation, image analysis, and feature detection. (A) Surgical tissue resections were analysed by LA-ICP-MS to
produce quantitative maps of each measured element. (B) Haematoxylin and eosin (H&E) stained sections were annotated according to tissue
type by a pathologist, which were then overlaid on LA-ICP-MS images and used to extract spatial element concentrations in four distinct
anatomical features: primary tumour, adenomatous polyp, mucosa layers, and smooth muscle tissue.
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which was then coarsely overlaid on corresponding LA-ICP-MS
images and used to extract elemental data (Fig. 1B). Tissue
was classified according to four major anatomical categories:
smooth muscle, mucosa, adenomatous polyp, and primary
tumour (where present). On average, a 40 x 40 pm laser spot
produces images of colorectal resections with approximately
200 000 pixels per measured m/z, with sufficient signal-to-noise
ratios for up to eight mid-mass range elements with a scan cycle
time of 0.25 s. We experimented with 6-8 element panels with
m/z ranging from 13 to 66, and a conservative laser scan speed
of 160 um s~ ', and acknowledge that future clinical translation
work will require the use of new hardware advances® that
eliminate laser and ICP-MS syncing issues and aliasing effects
for statistically robust high throughput imaging.* Pixels falling
within these set x-y coordinates were extracted in Igor Pro (see
Methods) using the annotated H&E for later statistical analyses
and comparisons.

Training a detection algorithm for atomic signatures of
colorectal tumours

The training cohort of matched NIW and primary tumour
resections were imaged using LA-ICP-MS and the quantitative
phosphorus-normalised calcium, copper, iron, magnesium,
sulfur, zinc data; as well as "*C signal standardised to matrix-
matched tissue standard carbon content for each tissue type
was extracted (Fig. 2A). The mean and two standard deviations
(SD) per tissue type was pooled to produce a universal coarse
value (expanded mean + 2SD) for the sample training set. The
areas identified by a pathologist in the annotated H&E image
were used to create a binary ideal image, where each tumour
pixel was assigned a value of 1 and all others assigned a value of
0 (Fig. 2B). For matched NIW sections that did not contain
identified tumour cells, the ideal image had a value of 0 for all
pixels. Ideal images and elemental maps were merged into
a single hyperspectral dataset for optimization of tumour
threshold signatures for each analyte. We used a Monte Carlo
optimisation approach (Fig. 2C), similar to that previously used
to detect serum biomarkers of ovarian cancer using bead-based
immunoassays*® and spatially profile microscale tooth miner-
alisation patterns by synchrotron X-ray tomography.** In our
application, each pixel was treated as an independent obser-
vation, resulting in approximately 1.4 million (7 analytes with
c.a. 200 000 pixels each) measurements that were used in the
predictive model.

Testing the automated tumour detection algorithm

The supervised Monte Carlo optimisation experiment was
tested using a tumour-positive case (6451T). The final ideal
threshold-set was determined by applying a brute-force search
within the pooled mean + 2SD of tumours and summing the
total difference between each ideal image and the resulting
tumour map for each sample in the training set. Specifically,
a random P-normalised atomic threshold within the defined
mean + 2SD range was tested for each element; a process
repeated 1000 times. In each iteration, the pixels for each
elemental image were compared to the threshold and those
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Fig. 2 Determination of atomic thresholds for colorectal tumours. (A)
LA-ICP-MS images were made for a total of six matched tissue
samples from three colorectal cancer patients, three containing the
primary tumour and three of normal intestinal wall. Each phosphorus-
normalised image was used to extract the mean + 2SD according to
tissue type. From these values, a pooled mean + 2SD for tumours was
generated. (B) A binary ‘ideal’ image of a tumour-containing biopsy
was then generated using an annotated H&E image as a reference,
where tumour-containing pixels were assigned a value of 1 and all
others assigned 0. (C) A Monte Carlo simulation for each atomic
threshold was performed, where each pixel with a value below the
optimised cut-off were considered positive signatures of pixels rep-
resenting areas of high cell proliferation. Phosphorus-normalised Ca
was a strong discriminator between tumour and non-tumour pixels:
here, (i) a total difference of approximately 220 000 pixels is the
default case where no pixels pass the threshold process, and the
Monte Carlo process determined Ca/P < 0.140 as the optimized
threshold. (ii) Below this value, the Ca:P threshold becomes over-
specific, and the match metric shows this as trending back up towards
the no match value of 220 000. (iii) For the optimized threshold value
of 0.14, there is still some variation in the total difference due to the
random trial of other atomic threshold values in the Monte Carlo
process.

greater than the threshold were eliminated from the map of
pixels identified as tumour. (Fig. 3A) Only pixels that passed all
stages of the thresholding process and a 3 x 3 Gaussian filter
applied to remove pixels representing intrinsic MS noise®
remained in the final predictive map (Fig. 3B). Overall, Ca
content showed the highest discriminating power and was
generally lower in tumours relative to non-malignant tissue,

© 2021 The Author(s). Published by the Royal Society of Chemistry
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though the subsequent optimisation of copper and zinc
thresholds removed approximately 10% of remaining false-
positive pixels.

Assessing algorithm specificity

We tested the Monte Carlo optimisation using an unsupervised
learning test case with a moderately differentiated adenocarci-
noma tumour iz situ and matched NIW. The algorithm and
learned atomic signatures from the individual quantitative
element maps were applied to the dataset to produce two binary
thresholded images, which were then compared against H&E
and Ki67 immunohistochemical stains. Ki67 is widely used in
clinical cancer research as an endpoint biomarker*® and
debated prognostic indicator for colorectal tumours.**** The
non-histone nuclear protein is expressed throughout the active
phase of cell cycle, and increased expression in tumours above
a 25% cut-off is associated with higher levels of cell proliferation
in colorectal cancer.*®

The NIW image (Fig. 4A) showed sparse clusters of positive
pixels, and when overlaid on the adjacent H&E section it was
confirmed these areas did not correspond to any visible inva-
sion of the submucosa required to meet the standard histo-
pathological classification of a T1 primary tumour.” False-
positive pixels did, however, correspond to high Ki67 expres-
sion in lymphoid follicles; consistent with increased expression

A

All pixels —»  Fe

Il = n < combined atomic thresholds

Fig. 3 Application of a supervised learning model for detecting atomic
signatures in tumours. (A) The P-normalised quantitative element
thresholds were optimised in a stepwise fitting of the Monte Carlo
simulation, (B) leaving an image where only pixels fitting the model
criteria were displayed (i) that can be contrasted side-by-side with
a H&E-stained slide (ii; primary tumour outlined in red). Scale bars = 2
mm. All colour LA-ICP-MS images are overlaid on greyscale images of
P distribution to show anatomical boundaries.

© 2021 The Author(s). Published by the Royal Society of Chemistry
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A Normal intestinal wall

B Tumour (adenocarcinoma)

Fig. 4 Testing the predictive Monte Carlo simulation model. (A) NIW
tissue (sample NIW4) returned matching pixels (i) in lymphoid follicles
(via H&E; ii) but no apparent primary tumour mass (CRC11, via Ki67
expression in; iii). (B) In tissue taken from the primary tumour site,
adenocarcinoma infiltration of submucosal layers is apparent in
tumour signature maps (i), and H&E (ii; tumour outlined in red) and Ki67
(iii) images. Scale bars = 2 mm.

in germinal centres and distal lymph nodes of colorectal cancer
patients.*®* Conversely, the moderately advanced T3 primary
adenocarcinoma was clearly demarcated from the adjacent non-
neoplastic tissue and showed infiltration into the submucosa
and smooth muscle tissue layers (Fig. 4B).

A visual inspection of corresponding atomic signature
images was used to assess specificity of the Monte Carlo opti-
misation approach in identifying tumour cells, with and
without assistance from cell morphology (H&E) and Ki67
expression micrographs (Fig. 5).

Monte Carlo optimisation detects an atomic signature of cell
proliferation

The Monte Carlo approach used to this point appeared to
accurately detect and discriminate tumour tissue from adjacent
non-neoplastic cells, though two of the three NIW cases
consistently returned false positive results that were confirmed
to correspond with lymphoid follicles (shown in Fig. 6A). H&E
staining confirmed that they were too small and displayed no
invasion of the submucosa to meet the standard classification
of a primary tumor.”” Additionally, NIW3 showed 63 positive
areas (maximum width > 0.2 mm) in the lower crypts of normal
mucosal epithelium, where Ki67 expression is typical of
gastrointestinal cell proliferation® and may represent an early
marker of adenocarcinoma formation.”® While we cannot
determine if these signatures are specific to tumours without
unmatched samples, the possibility these signatures represent

Chem. Sci,, 2021, 12, 10321-10333 | 10325
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Fig. 5 Atomic signature images of high cell proliferation in TANOMO colorectal adenocarcinoma (case CRC18). (A) LA-ICP-MS imaging and
application of the Monte Carlo optimisation algorithm returned positive pixel results in areas corresponding to the primary tumour margins (i and
i), distal lymph lodes (iii), and mucosal crypt cells, as confirmed by (B) H&E staining and (C) Ki67 immunoreactivity. Scale bars = 1 mm (whole

sections) and 2 mm (i—-v).

a chemical state of pre-malignancy and hyper-proliferation
cannot be excluded.

Colorectal tumours have a characteristic atomic signature

In addition to identifying lymphoid follicles and proliferating
mucosal cells in NIW tissue, the Monte Carlo method demar-
cated tumours from visually non-neoplastic tissue in tumour
resections (Fig. 6B). Interestingly, the algorithm correctly
identified tumour cells in one case where the primary malig-
nancy was a mucinous carcinoma. Detection of mucinous
carcinoma, which account for 10-15% of colorectal tumours, is
prone to errors arising from subjective assessment, and diag-
nosis is generally associated with poorer prognosis and treat-
ment response.”* Our algorithm delineated tumour from high
levels of mucin, and lesion dimensions accordingly reflected
a poorly differentiated tumour. We were also able to correctly
identify a contiguous adenomatous pre-malignant polyp in one
adenocarcinoma case.

The detection algorithm correctly identified NIW and
adenocarcinoma cells in the unsupervised learning stage
T3NOMO moderately differentiated adenocarcinoma test case
shown in Fig. 4, again observing areas of high cell proliferation
below the dimensional threshold for primary tumours in the
NIW sample. Significant tumour area and clear infiltration of

10326 | Chem. Sci, 2021, 12, 10321-10333

the adjacent muscularis propria confirmed staging as a T3
primary tumour.*”*?

Improving the predictive model using random decision
forests

Our initial attempt at determining a unique chemical signature
for tumours used a very basic decision tree. This decision tree
only used each element once, and the output of this decision
tree is a simple 1 where the pixel is considered to be part of
a tumour, and 0 elsewhere. The optimum value for each
element’'s threshold was determined by this Monte Carlo
approach of setting each threshold and passing each pixel value
through the decision tree, and then calculating the total error
with each set of thresholds. Here total error refers to the sum of
the difference between the ‘ideal’ image, and output of the
decision tree.

Machine learning performs best with larger datasets and
confidence in the training data. We investigated if more
sophisticated machine learning methods were able to improve
model specificity and eliminate false positive pixels from the
final predictive images. Random forests are a deep ensemble
learning method for natural non-linear predictive modelling
with a greater tolerance for noise and outliers and less likeli-
hood of data overfitting.*** We used an expanded set of

© 2021 The Author(s). Published by the Royal Society of Chemistry
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A Normal intestinal wall

LA-ICP-MS

H&E

B Primary tumour

LA-ICP-MS

H&E

Ki-67

Fig. 6 Atomic signatures of cell proliferation and malignancy. (A) NIW
samples (left to right NIW2, NIW3, NIW1) had scant areas with positive
LA-ICP-MS image pixels that corresponded with lymphoid follicles (i)
and basal crypt cells (ii and iii) in two cases. (B) Two adenocarcinoma
(CRC12, left; and CRC13, middle columns) and one mucinous carci-
noma (CRC10, right column) were accurately detected with positive
atomic signature values corresponding to confirmed primary tumours
in HE&E stain (outlined in red) and Ki67 expression micrographs. Black
arrow indicates an adenomatous polyp. Scale bar = 2 mm.

samples from the Australasian Colorectal Cancer Family
Registry (ACCFR; see Table 2)**°® to develop an extended algo-
rithm using random forests instead of Monte Carlo optimisa-
tion, and demonstrate how deep learning reveals a new
biomarker for colorectal tumour growth in elemental
composition.

Using random forests, the “yes/no” output describing
whether data aligns to the ideal tumour is exponentially
improved. Given that our initial results justified the confidence
in our background subtraction and between-run stand-
ardisation,* that data was collected with a varying panel of
analytes resulting in P signal not consistently being >8% of total
signal intensity, and the possibility that false positives reflect
a discriminating variable in hyperactive phosphate metabolism
in neoplastic tissue* we did not normalise signal to P when
using random forests. We included all tumour and NIW data
from the Monte Carlo algorithm development, which were used
in algorithm training and blinded testing.

© 2021 The Author(s). Published by the Royal Society of Chemistry

View Article Online

Chemical Science

Introducing a quantitative and spatial metric of algorithm
performance

The model design is presented in Fig. 7. The pooled data were
divided into training, testing, and validation groups, and then
split into 100 different decision trees to build the final model
(Fig. 7A). Each tree can be visually depicted as a series of chal-
lenges, where each element concentration determines the next
decision leaf in the growing tree (ESI Fig. 171). A total of 168 930
samples were used per tree, which amounts to 1.6893 x 10°
total decisions, or “leaves” used in the final model. A pixel that
successfully meets all criteria and remains after 100 iterations
of the random decision forest processing has a perfect score of
1, which was assigned to a simple RGB colour scale for all scores
above an arbitrary cut-off that we set at 50 positive hits for that
data pass. This can be interpreted as a yellow pixel having
a value that met the predefined conditions (as determined by
manual input of tumour-positive training data from annotated
H&E images) in ~90% of the 100 decision trees.

Random forests outperform Monte Carlo simulations

Eleven confirmed primary tumour resections were used to train
the random forests model. The data from these cases was then
used to validate model accuracy against the same ‘ideal’ tumour
image. The trained model correctly identified and visually
demarcated primary tumour cells from surrounding non-
neoplastic tissue, confirmed by pathological examination of
H&E-stained tissue (Fig. 8; ESI Fig. 27). A further six cases were
then used for operator blinded testing, all of which were
correctly identified as either tumour containing (n = 5; Fig. 9;
ESI Fig. 31) or NIW (n = 1). Previously false-positive pixels in
NIW4 (shown in Fig. 4A), which we attributed to lymphoid
follicles and areas of rapid cell proliferation were no longer
detected when reprocessed using the random forests (ESI

Fig. 47).

Interpretation of algorithm outcomes

The individual features for each element are broadly consistent
with established knowledge in oncogenetics. For instance, we
observed lower calcium levels in tumours relative to unaffected
mucosa and smooth muscle layers, which is consistent with
depleted intracellular Ca®* and broader Ca metabolic remod-
elling that occurs in colorectal cancer cells.”” While this has
preclinical research relevance-non-steroidal anti-
inflammatories like aspirin may have protective effects against
colorectal cancer®™ by regulating intracellular Ca>* levels-it is
also important to recognise risks of overinterpreting LA-ICP-MS
imaging. While it is certainly possible that elemental distribu-
tion changes are reflective of an wunderlying oncogenic
pathology, each mechanism must be further interrogated using
native-state conditions to preserve chemical state as much as
possible.®

Fixation, dehydration and paraffin embedding undoubtedly
and irrevocably alters tissue biochemistry in a way that limits
direct interpretation of changes in metal species, and each
analyte is affected to differing degrees. However, LA-ICP-MS
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Table 2 Unique case identifiers with AJCC stage (where available) and TNM classification for random forest algorithm development and testing.
Cases CRC10-14 and NIW1-3 from the Monte Carlo algorithm development were also included in the training set, and CRC18 and NIW4 were

used in blinded testing (see Table 1). AJCC = American Joint Commission on Cancer®?

Case ID Case notes AJCC stage TNM classification
Training set
CRC1 Moderately differentiated adenocarcinoma in caecum I T2NOMx
CRC2 Moderately differentiated adenocarcinoma in ascending colon A T3NOMx
CRC3 Well differentiated adenocarcinoma in ascending colon 1B T3N1Mx
CRC4 Moderately differentiated adenocarcinoma in ascending colon I T1NxXMx
CRC5 Moderately differentiated adenocarcinoma in caecum X T3NOMx
CRC6 Poorly differentiated adenocarcinoma in descending colon X TAN1MXx
CRC7 Poorly differentiated adenocarcinoma in rectum X T3NOMx
CRC8 Poorly differentiated mucinous carcinoma in transverse colon X T1NOMXx
CRC9 Poorly differentiated mucinous carcinoma in caecum X T3NOMx
CRC10 Moderately differentiated adenocarcinoma in ascending colon X T3bNOMO
CRC12 Moderately differentiated adenocarcinoma in sigmoid colon X TAN1MO
Blinded testing set
CRC14 Well differentiated adenocarcinoma in ascending colon 1A T3NOMXx
CRC15 Moderately differentiated adenocarcinoma in descending 1A T3NOMXx
colon
CRC16 Moderately differentiated adenocarcinoma site unknown U T2NOMx
CRC17 Moderately differentiated adenocarcinoma in sigmoid colon IIIB T3N1Mx
CRC19 Poorly differentiated adenocarcinoma in sigmoid colon X T3N1Mx
A All
data e - -
\ Training H Blinded testmg|
[ Validation
| spit1 | | spit2 | | spitn | [split100 |
Decision Decision Decision Decision
tree 1 tree 2 tree n tree 100
[
Final
me m
50 60 70 80 90 100
no. of hits (/100 trees)

Fig. 7 Random decision forest model design. (A) Input data were
allocated to training, testing, and blinded validation sets for later
comparisons against Monte Carlo simulation images; and used to
grow 100 decision trees that present a final result as a number, or
score, of hits against the training ideal dataset.

allows for thorough interrogation of tissue composition in the
same way histochemical staining allow for morphological
assessment. Our results show that even if prior chemical
treatment has influenced the chemical composition of tissue, it
has done so in a reproducible way that has not impaired accu-
rate detection of primary colorectal tumours.

Cautions against overinterpretation

It is important to highlight here that tissue heterogeneity is
a major consideration for the accuracy of any future algorithm

10328 | Chem. Sci, 2021, 12, 10321-10333

no. of hits (/100 trees)

Fig. 8 H&E stain micrographs and corresponding atomic signature
images for random forest regression model training. Primary tumours
(outlined in red) included T classifications of: (A) T2 and (B and C) T3.
Scale bar = 2 mm.
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A crc14

Bcrcis

50 60 70 80 90 100
no. of hits (/100 trees)

Fig. 9 Blind testing of random forest model for automated detection
of colorectal tumours by atomic signature. Primary tumours (outlined
in red) were classified according to TNM staging as: (A) T3, (B) T3, and
(C) T2. Scale bars = 2 mm.

that uses chemical imaging, much as it is for any other
approach to visualising tumour microenvironment.**** While
we used a rough-cut segmentation for ease of transfer between
imaging software and algorithm code, more detailed input from
a pathologist at the cellular level is an achievable mid-term goal.
Other mass spectrometry imaging approaches to examining
tumour heterogeneity, such as CyTOF imaging mass cytometry®
(which incidentally uses a modified LA-ICP-TOF-MS platform?®)
could be easily run in sequence in a multi-omic imaging
workflow using common metal tags for cell segmentation as
fiducial markers. Future integration with automated feature
detection from morphological classifiers like those used by Yu
et al.** to objectively predict non-small lung cell cancer prog-
nosis is a key research focus for integrating mass spectrometry
imaging with digital pathology.

© 2021 The Author(s). Published by the Royal Society of Chemistry
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Future analytical and experimental considerations

The most pressing limitations that must be overcome should it
have future implications in cancer research is the time taken for
analysis, and we were admittedly restricted with respect to
technical capabilities. As per our previous work on the funda-
mentals of LA-ICP-MS imaging using low repetition (<20 Hz)
lasers and sequential quadrupole-based mass analysers,* and
acknowledging the importance of avoiding image artefact when
increasing laser speed,®®®® we were limited with respect to
sample throughput. Future studies would be well suited to
newer LA-ICP-MS systems specifically engineered for high-
throughput bioimaging.*”

Elemental composition is not typically considered to be
a discriminating feature of cancer, and while variations in
inorganic content relative to control have been reported in
observational studies of small CRC cohorts®® 7 they lack the
specificity necessary for future translation as clinical
biomarkers. In practice, like any biochemical marker, diag-
nostic and prognostic value will ultimately be found in an
orthogonal approach that encompasses multiple imaging
modalities capable of spatially resolving visual and chemical
components of intact tissue specimens.” Alignment of LA-ICP-
MS images with data from spatial profiling of proteins,”
lipids,*® established tumour markers,” and other emerging
applications of MS imaging using an experimental paradigm
where optical microscopy and direct input from pathologists
extracts information not apparent in individual images.”™

Finally, we would like to further acknowledge and comment
on aspects of our experimental design that could be improved
in retrospect and highlight the importance of direct engage-
ment with clinicians. This study was performed over approxi-
mately three years on a high use LA-ICP-MS system using
relatively low clinical value surgical resections. As a method
development project, we were focused on creation of our image
processing algorithm rather than possible clinical translation.
Smaller punch biopsies or tissue microarrays that have previ-
ously been analysed by LA-ICP-MS imaging” could be measured
in less time and greater numbers with dedicated infrastructure
support. It is also important to note that no automated detec-
tion method can ever be devoid of human error, and we advo-
cate for this and all other LA-ICPMS methods to be developed
with and alongside pathologists to support diagnostic accuracy.
Further integration of digital pathology with mass spectrometry
imaging, where direct input from pathologists is determining
data extraction parameters, is essential if future clinical use is
the goal.

Conclusions

Our results using random forest regression highlights the
highly heterogeneous nature of in situ primary tumours over the
simpler “all or nothing” Monte Carlo simulation model. LA-ICP-
MS imaging was able to independently identify primary
tumours, confirmed by direct comparisons with histopatho-
logical stains by a trained clinician. As with any machine
learning approach to analytical biochemistry, the quality of
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training information and data is key to accurate detection, and
our proof-of-concept study justifies continued integration
between clinicians and mass spectrometry data analysts. Future
work using LA-ICP-MS imaging to chemically analyse tumours
should work in conjunction with innovations in digital
pathology to investigate how robust the atomic signature we
describe here is, which combined with multi modal imaging
may prove to be a useful diagnostic and prognostic tool in for
cancer research and management.

Methods and materials
Human ethics approval

Tissue samples were obtained from the Jeremy Jass Memorial
Tissue Bank from participants recruited to the Australasian
Colorectal Cancer Family Registry (ACCFR). Details of ACCFR
recruitment, tumour collection, pathological assessment, and
mutation testing have been described in detail previously*>”
and are available on the international Colon Cancer Family
Registry website.”® Written informed consent was obtained from
all participants to collect tumour pathology materials. The study
protocols were approved by Human Research Ethics Commit-
tees at the University of Melbourne (ID: 1339757).

Sample preparation

FFPE tissue was obtained from surgical colectomy specimens
collected and routinely processed from various pathology
laboratories throughout Australia. 4 x 4 pm serial sections were
obtained from each block. Slides were air-dried and stored in
a dust-free environment prior to analysis. The sections were
floated and mounted on to uncoated Superfrost Plus® adhesive
glass slides (ProSciTech, Kirwan, Queensland, Australia).
Sections were taken from the same paraffin ribbon cut from
each tissue block but were not immediately adjacent. All
sections underwent the same dewaxing procedure of three
changes xylene followed by two changes of 95% ethanol (EtOH;
v/v) in H,0, and a H,0 wash. Sections were then either stained
using H&E, used for immunohistochemistry, or analysed by LA-
ICP-MS according to the methods described.

Histochemical and immunohistochemical staining

Sections were stained with H&E per standard protocols.”” Slides
with dewaxed sections were immersed in a 0.5% hematoxylin
(w/v) solution for four minutes, rinsed in distilled H,O, differ-
entiated using 0.3% HCI (v/v) in 70% EtOH (v/v), rinsed in
distilled H,O again, and counterstained in a 0.1% acidified
eosin (v/v) solution in 95% EtOH (v/v). Stained sections were
mounted in Depex® and cover slipped. Photomicrographs were
recorded using a Mirax digital slide scanner (Zeiss). The Ki67
staining was be performed on the Ventana® Ultra platform
using the OptiView® detection system using established anti-
bodies and protocols carried out as part of the ACRF cohort
study.
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Laser ablation-inductively coupled plasma-mass spectrometry

All mass spectrometry imaging experiments were performed
using an Elemental Scientific Lasers NWR213 (Kenelec Scien-
tific, Mitcham, Victoria, Australia) laser ablation system and an
Agilent Technologies 8800x Series (Mulgrave, Victoria, Aus-
tralia) triple-quadrupole inductively coupled plasma-mass
spectrometer (ICP-QQQ-MS), using methods previously
described.?” The NWR213 was fitted with a standard 15 x 15 cm
two-volume cell. Argon was used as the carrier gas at 1.05
mL min~'. A constant laser fluence of 0.3 mJ cm ™2 was used,
which was sufficient to ablate tissue but below the minimum
threshold of 2.4 J em™ 2 required to ablate silicate glass.”® A 40
um square 213 nm laser pulse with a frequency of 20 Hz was
used, scanning the sample at 160 um s~ . The total integration
time for each scan cycle was 0.25 s, producing pixels with 1600
um? total area.®® The ICP-MS was fitted with a tapered quartz
torch and Pt sampler and skimmer cones. The ICP-MS was
operated in MS/MS mode with time resolved analysis. Hydrogen
was used as a reaction gas (3 mL min~") to eliminate *°Ar'°0"
polyatomic interference on *°Fe arising from O, impurities in
the Ar carrier gas.” Each sample required approximately 24
hours to complete data acquisition.

Image pre-processing

Data were exported from MassHunter (Agilent Technologies) as
comma separated value (.csv) files, which were then collated
into a single file using a Python script. Images were constructed
using Igor Pro 6.37 (WaveMetrics, Portland, Oregon, USA). Data
were then imported using the Biolite** module for iolite 3.>* See
Hare et al.* for a step-by-step visual tutorial.

Image post-processing

Elemental concentration data from tissue sections were
extracted by manually drawing regions of interest (ROIs) onto
the P image using the pathologist-annotated H&E-stained
images for reference and using these ROIs with Igor Pro's
ImageStats function. The ‘ideal’ image (see Fig. 2) was con-
structed by using the tumour ROI, and setting all values within
this ROI to 1, and all outside to 0 (ideal images for NCW
samples were set to 0 for all pixels).

Thresholding, and optimization of the threshold values, was
conducted using a custom script written in Igor Pro. The opti-
misation process selected a random threshold for each
elemental image from a defined range (initially informed by the
tumour average and 2SD results from the previous step). A
tumour map was created for each sample where 1 a pixel
identified as tumour, and 0 everywhere else. Initially all pixels in
the tumour map were set to 1. Each image was then examined in
turn, and any pixels within the current image that are above the
set threshold were set to 0. At the end of the thresholding
process, the only pixels that were still set to 1 were those that
have passed each step of the thresholding process. The pixels in
the tumour map were then compared to the ‘ideal’ image for the
sample, and the absolute difference between the two was
recorded as the result for that set of threshold values. The set of

© 2021 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d1sc02237g

Open Access Article. Published on 29 June 2021. Downloaded on 12/7/2025 8:23:52 AM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Edge Article

threshold values with the lowest total result (that is, the lowest
total difference between the ideal image and tumour map for
each sample) was considered the optimised threshold result.
Following application to each case, a 3 x 3 Gaussian filter was
applied to remove pixels representing intrinsic noise.

Data availability

Data for this paper, including mass spectrometry data and
processed LA-ICP-MS images are available online at https://
doi.org/10.26188/14912964.
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