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Abstract

Metals play a critical role in cancer biology, yet current analyses rely on bulk measurements
or qualitative observations and thus lack spatial quantification. In this thesis, I present a
systematic computational pipeline for quantitative spatial metallomics analysis and apply it to
predict Neoadjuvant chemotherapy (NACT) response in Triple-Negative Breast Cancer
(TNBC) patients. Using Laser Ablation Inductively Coupled Plasma Mass Spectrometry
(LA-ICP-MS) imaging, of magnesium, iron, copper, and zinc, in pretreatment core biopsy
TNBC tissue samples, our pipeline transforms spatial metallic readouts into histogram-based
features that serve as inputs for machine learning models predictive of NACT-response. We
demonstrate that the spatial distributions of all four metals contain predictive information for
NACT response and identify tissue subregions with high metal concentrations, that we term
“hotspots”, that play a key role in these predictions. These hotspots partially align with
pathological annotations such as tumor, inflammation and fibrous stroma regions, suggesting
that they contribute to biologically meaningful regions. While models based on single metals
are predictive, we demonstrate that aggregating their predictions enhances the classification
of patient response, which further underscores the value of integrating spatial, multi-metal
information to uncover predictive biomarkers in TNBC. Altogether, my thesis provides a
computational pipeline for quantitative analysis of spatial metallomic bioimaging and
demonstrates the importance of multimetal hotspots as informative regions for predicting
treatment response.
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Introduction

Metals are integral to the human body. They participate in numerous physiological processes.
For example, iron and copper are essential for the process of oxygen transport [1], [2], zinc is
coupled to electrophysiological activity of neurons [3], and magnesium regulates
fundamental functions such as muscle contraction, neuromuscular conduction and blood
pressure [4]. Imbalanced metal concentration can lead to severe health disorders [1], [2], [3],
[4]. For example, an excessive copper deposition in the liver (also known as Wilson disease)
can be fatal if untreated [5], an iron overload, related to decrease in immune cells response,
reduces the body’s ability to fight diseases [6]. There is extensive evidence about the
interplay between metals and tumor related processes such as tumor metastasis [7], [8], [9],
[10], angiogenesis [10], [11], and cell proliferation [8], [10], [12], [13]. For instance, iron was
shown to act as a catalyst in cancer metabolism and fuels tumor growth [14], while blocking
copper delivery was related to Triple Negative Breast Cancer (TNBC) cells’ death and is
known to prevent blood vessel formation which supports tumor development [15].
Additionally, zinc is considered to be a cofactor in the process of DNA damage [16], and
magnesium deficiency has been shown to promote breast cancer metastasis [17].

Physiological understanding of the role of metals in cancer development and suppression
relies on the ability to measure and quantify metals within tissue samples. Current studies
typically perform bulk metal measurements of the tissue, meaning they assess average metal
concentrations across pooled populations of cells without resolving cellular or spatial
heterogeneity. The tissue’s bulk metal measurements are performed using technologies called
“Inductively Coupled Plasma Mass Spectrometry” (ICP-MS) or “Inductively Coupled Plasma
Optical Emission Spectroscopy” (ICP-OES) that involve digesting the tissue into a liquid
form, introducing it into a high-temperature plasma to ionize the elements, and then detecting
and quantifying the metal ions based on their mass-to-charge ratio or optical emission spectra
[18]. Using these technologies, Toker et al. have found that blood samples from breast cancer
patients contain higher levels of sodium and potassium compared to those of healthy people
[19]. Analysis of zinc, copper, iron and magnesium in hair samples conducted by Czerny et
al. with ICP-MS and ICP-OES revealed lower concentrations of these elements in cancer
patients compared to non cancer patients [20]. Ghezzi et al. used ICP-MS to measure how
breast cancer cells absorb different platinum based chemotherapy drugs. They found that the
drugs passively diffuse into the cells rather than being actively transported [21]. While bulk
metal measurements are useful for measuring overall metal content, they average the spatial
heterogeneity within the tissue. This spatial heterogeneity is critical for understanding the
mechanistic roles of metals in breast cancer biology, as metal distributions within tissues can
reveal microenvironmental characteristics and localized changes between tissue samples with
different breast cancer state progression.

To address this need for spatial context we can use Laser Ablation Inductively Coupled
Plasma Mass Spectrometry (LA-ICP-MS), an advanced technique that combines laser
ablation (to sample material from a solid surface) with ICP-MS (to ionize and analyze the
elemental composition), allowing for spatially resolved metal analysis. LA-ICP-MS acquires
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spatial metal images of tissue samples by measuring the metal ions mass at each spatial
location during the laser ablation pass over the tissue sample [22]. Current LA-ICP-MS
analysis typically rely on biologist experts annotations of specific tissue subregions (e.g.,
tumor vs non-tumor) [23], followed by statistical comparison of metal distribution across
these annotated regions [24], [25], [26], or examining the entire tissue metal map in relation
to Hematoxylin and Eosin (H&E) staining [24], [25], [26]. For instance, Rusch et al. found
within tumor tissue samples a high accumulation of zinc levels with the increase of
histopathological grade of malignancy through statistical comparison of pooled pixels from
expert selected subregions [25]. Escudero-Cernuda et al. mapped multiple elements (iron,
coppet, zinc, strontium and barium) and found higher levels of these elements in breast tumor
areas compared to stroma, but this required prior tumor localization on H&E images and
statistical testing of pooled pixels [26]. The analyses were based on prior expert knowledge
or intuition, which drived the research hypothesis. Such qualitative or semi-quantitative
analyses workflows can not be applied to large scale tissue sample cohorts, and can not
discover patterns that were not pre-defined by the human annotator.

In this thesis, I have focused on establishing a systematic quantitative workflow for spatial
multi-metal analysis, exemplifying it within the context of predicting TNBC patient’s
response to Neoadjuvant chemotherapy (NACT) by leveraging the LA-ICP-MS TNBC cohort
(70 core biopsy samples) collected through the A-Tissue project [27]. This Single-Arm
Prospective cohort contains LA-ICP-MS metal maps of magnesium, iron, copper and zinc
alongside an H&E image with pathologist annotations. I present a treatment response
classification pipeline of a TNBC patient pretreatment sample. While the pipeline is applied
independently on each sample’s metal channel (magnesium, iron, copper, and zinc) to train a
predictive model, it takes into account multi-metal information during the pre-processing
steps. Initially, the pipeline removes “background pixels”, defined as low intensity readout
across all measured metal channels. Subsequently, it excludes pixels with high metal
concentration in all metals, termed as “outlier pixels”, which are characteristic of technical
noise like salt-and-pepper noise artifacts. Following this background and outlier pixels
removal, a histogram-based representation of pixel intensities is constructed for each
individual metal and is used to train a treatment response classifier. I demonstrate that the
spatial readouts of magnesium, iron, copper, and zinc each independently carry a predictive
signal for NACT response. My findings show that this predictive signal is associated with
pixels characterized by high intensity in at least one, but not all, metal channels. I termed
these pixels as “hotspot pixels”. The “hotspot” pixels are clustered together at coherent tissue
subregions and partially align with pathological annotations such as tumor areas,
inflammation and fibrous stroma regions. This alignment shows the potential of hotspots to
capture biologically meaningful features relevant to treatment outcome. Additionally, to
further enhance the discriminative signal of this single metal histogram-based representation,
two approaches are incorporated. First, “magnitude encoding” features contextualize each
sample's intensity distribution relative to the broader cohort measured range, thereby
capturing information about absolute intensity. Second, a Yeo-Johnson transformation [28] is
applied to the single metal pixel distribution before constructing metal’s histogram, this
mitigates data skewness while preserving the predictive signal contained within the hotspot
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regions. Finally, aggregating predictions of these independent single-metal models led to
better prediction of treatment response. Altogether, my thesis provides a computational
pipeline for quantitative analysis of spatial multi metallomic bioimaging and demonstrates it
on TNBC patient treatment response prediction.

Related Work

My thesis lies within the domains of computational biology and metallomics, a research field
which focuses on the role of metals in biological systems. Specifically, my thesis presents a
pipeline for quantitative analysis of spatial metallomics that is applied to examine the
relationship between the spatial localization of metals and the response of TNBC patients to
neoadjuvant chemotherapy.

The roles of metals in breast cancer

Metals are increasingly recognized for their functional role in breast cancer. Iron and
magnesium were shown to affect cancer metabolism and tumor growth [14], [29]. Copper is
also required for key processes of cancer progression such as proliferative immortality and
metastasis [30]. Copper homeostasis-related genes are associated with breast cancer
prognosis, with lower copper related gene expression correlating with better survival outcome
[31]. Copper homeostasis-related long non-coding RNAs were identified as prognostic
biomarkers, with high-risk gene signatures correlating with poorer clinical outcomes in breast
cancer patients [32]. A copper-dependent redox protein was shown to play a role in breast
cancer cell migration and metastasis, by increasing intracellular reactive oxygen species
levels [33]. Elevated serum copper/zinc ratio at diagnosis was associated with poorer survival
in breast cancer patients, suggesting that the balance between these elements provides
predictive value for patient outcomes [34]. Blocking copper delivery leads to TNBC cells’
death and was shown to be involved in stopping the growth of blood vessels that feed the
tumor [15], [29], [30]. Zinc was shown to be involved in TNBC invasion and colonisation in
healthy tissue [35]. Metallic nanoparticles, including iron oxide, zinc and copper demonstrate
therapeutic potential in TNBC by enabling targeted drug delivery [36]. Collectively, these
studies highlight the multifaceted roles of metals in breast cancer progression and specifically
in TNBC progression, underscoring the importance of getting a better understanding of the
interplay between metals and breast cancer.

Metal measurement techniques from patient’s samples

One of the first instrumental techniques for bulk measurement of metallic elements in organic
materials is atomic absorption spectroscopy (AAS) [37]. While AAS remains a widely used
method for elemental analysis, other common techniques rely on Inductively Coupled Plasma
(ICP). Inductively Coupled Plasma Atomic Emission Spectroscopy (ICP-AES) (also known
as ICP-OES) requires less preparation and analysis time and enables the simultaneous
measurement of multiple elements within the same sample [38]. Furthermore, Inductively
Coupled Plasma Mass Spectrometry (ICP-MS) offers increased multi-element measurement
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capability and higher resolution data [39]. It should be noted that while ICP-based methods
provide enhanced measurements compared to AAS, they are typically associated with higher
operating and equipment costs.

These methods provide bulk metal readouts, but fail to capture how metals are distributed
across distinct tissue regions. As such, recent efforts have turned to LA-ICP-MS, an
imaging-based method to visualize and analyze metals spatially. LA-ICP-MS enables
high-resolution mapping of trace elements in tissue sections (on the order of a few
micrometers) [26], and potentially is able to reveal informative metallic heterogeneity that
bulk methods overlook.

Spatial metallomic bioimage analysis using LA-ICP-MS in breast
cancer

Early studies demonstrated the effectiveness of LA-ICP-MS technique in conducting spatial
analysis within the context of breast cancer. For instance, de Vega et al. [23] applied
LA-ICP-MS to test the hypothesis proposed by Kenyon et al. [40], who used bulk
measurement of cellular metabolic activity and suggested that copper is essential for cell
migration that can lead to cancer metastasis. The LA-ICP-MS imaging analysis by de Vega et
al. [23] revealed locally elevated copper levels in carcinoma tissue areas, thereby providing
spatial readout evidence supporting Kenyon et al.'s hypothesis.

Rusch et al. [25] showed elevation of zinc concentration in LA-ICP-MS with the increase of
the histopathological grade of malignancy. Escudero-Cernuda et al. employed LA-ICP-MS to
map iron, copper, zinc, strontium and barium. They found that the levels of these elements
are higher in breast tumor niche areas compared to stroma [26]. Riesop et al. found high zinc
levels in tumor regions compared to normal stroma using LA-ICP-MS imaging [24]. Doble et
al. found that manganese levels in tumor regions appear to correlate with radiation resistance
[41]. Such results exemplify the value of LA-ICP-MS imaging for qualitative analysis of
metals. However, these early studies focus on manually annotating subregions [23] and
comparing the aggregated metal levels using simple statistical tests and visual comparison
against H&E image [24], [25]. Despite its proven capabilities, the potential of LA-ICP-MS
for systematic and large-scale quantitative analysis of spatial metal distributions is yet
underexplored.
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Research Objectives

The primary objective of this thesis is to move beyond the limitations of bulk measurements
and qualitative visual assessments of spatial metal distributions. We achieve this goal by
establishing a systematic and quantitative computational pipeline for spatial metallomic
analysis. By leveraging high-resolution LA-ICP-MS imaging, we exemplify this systematic
workflow in pretreatment tissue samples in analysis of spatial heterogeneity of metals and
evaluation them as predictive biomarkers for Neoadjuvant Chemotherapy (NACT) response
in Triple Negative Breast Cancer (TNBC) patients. The results of this analysis and evaluation
are then manually verified in comparison to matched H&E-stained images to drive a
biological interpretation of the results.
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Results

Treatment response prediction pipeline of metallomics bioimaging

We used a TNBC patients tissue samples cohort collected by our collaborators from Maddy’s
Parsons team in King’s College London as part of the A-Tissue project. This Single-Arm
Prospective cohort includes 70 ‘core’ biopsy tissue samples collected from 66 TNBC patients
before neoadjuvant chemotherapy (NACT) (Fig. 1A). Based on treatment response, each
patient was classified as either a ‘responder’ (pathological complete response) or
‘non-responder’ pathologically (Fig. 1A-B). We analyzed two matched sections from the
same tissue, imaged 12 um apart. The first section was H&E-stained and partially annotated,
with detailed pathologist-annotations for 21 out of 70 tissue sections. The matching section
was imaged by LA-ICP-MS for magnesium, iron, copper, and zinc (Fig. 1C). Each pixel
intensity in the LA-ICP-MS metal map represents a metal readout in pg/g units with a pixel
resolution of 20 um. The tissue segmentation mask was acquired from scanning the tissue
sample at predefined key points. The LA-ICP-MS data was acquired and calibrated using
certified reference materials by our collaborator, Dr. Alex Morrell (Methods).

437
A B 40 40
Biopsy a Responder 35
A\ - :: 30
( | —p | L — 26
\: J/ ./ ! . Non b 25
| Responder 3
TNBC 1 Treatment ) 020
patient 15
Pre-treatment L
sample (Core) 5 == Non Responder
BN Responder
. Key points Samples Patients
Calibration
& Segmentation Mask

Reconstruction

1. Magnesium
2. Iron

3. Copper

4. Zinc

Metal Maps

Figure 1. (A) Overview of tissue sample collection and patient classification into responder (pathological
complete response) and non-responder groups after NACT treatment. (B) Distribution of responder vs.
non-responder at patient and sample levels, illustrating dataset imbalance. (C) LA-ICP-MS imaging process:
laser ablation in a raster scan between predefined key points over an optical image of the tissue. The raw data
was calibrated and reconstructed into a 2D image of magnesium, iron, copper, and zinc channels.
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Using this data, we first examined if metal “bulk” measurements are predictive biomarkers of
treatment response. We simulated a metal bulk readout from the spatial metal image by
averaging the metal intensities, per sample, over all the pixels. Then, for each metal, we
conducted a t-test over these bulk measurements to separate between responder and
non-responder tissue samples. Our simulated bulk readout didn’t reveal a discriminative
signal (Fig. 2A).

Hypothesizing that the metal heterogeneity within the tissue section could discriminate
between these two clinical states, we developed a computational pipeline to analyze the
spatial metal distribution in the LA-ICP-MS images. Our pipeline consists of three stages
(Fig. 2B). First, extracting the pixels’ metal values according to the pixels’ intensities within
the tissue segmentation mask. Second, constructing a pixel-based metal intensity histogram
for each tissue section, where each value records the fraction of corresponding tissue pixels
populated on that bin. Third, we used this histogram-based representation to train an
Adaboost classifier that was evaluated using leave-one-patient-out cross validation. In each
cross validation fold we took out one test patient’s tissue samples as the testset samples. We
used the pooled classification scores, obtained through all cross validation folds, to compute
the ROC AUC score. We repeated this process with 100 random seeds to assess each model’s
stability/variation. Although our data has a slight imbalance of 40:60, 28 non responder vs 42
responder samples, it doesn’t reach a severe imbalance such as 5:95 and this makes ROC
AUC a reasonable metric for our case [42]. Our results revealed varying performance across
different metals (Fig. 2C). Specifically, we observed marginally discriminative signals for
magnesium and iron, with ROC AUC scores above the 0.5 (random classification). In
contrast, copper and zinc showed ROC AUC scores close to 0.5, indicating random
classification performance for these elements. These initial results highlighted that
magnesium and iron may serve as potential biomarkers for patient treatment response.

13
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Figure 2. (A) Bulk measurements t-test comparison between responder and non responder tissue samples, for
each metal. Bulk measurement is the average of metal readout over all pixels within the tissue segmentation
mask. (B) Classification pipeline using single metal histogram representation of all tissue pixels within the
tissue segmentation mask. (C) ROC AUC based on the prediction scores obtained through
leaving-one-patient-out cross validation, repeated 100 times per metal.

To better understand why our metal readout distribution models did not perform well, we
took a closer look at the metal distribution. We broadly identified 3 intensity intervals (Fig.
3A): (1) low pixel intensities; (2) high pixel intensities; and (3) the rest of the distribution
in-between these extreme values. Spatial characterization of the low metal intensity pixels
confirmed that pixels with low intensities in all metals are associated with background, i.e.,
holes within the tissue sample that are included in the tissue segmentation mask (Fig. 3B).
Correspondingly, we defined a pixel as “background” if all of its metal intensities were below
the Freedman-Diaconis estimator threshold [43], where this threshold was computed
independently for each metal and each sample. Since the amount of background, non-tissue
pixels, should not be associated with the disease state we excluded these pixels from the
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downstream analysis. As for high metal intensity pixels - these formed a skewed distribution,
with a long tail on the right - meaning a small number of high values that stretch the
distribution. This property led to a sparse histogram representation where most of the pixels
populate the low bins. Importantly, pixels with a high value in some, but not all, metals could
be physiologically-relevant. Castellanos-Garcia et al. [44] analyzed mouse liver tissue
samples and identified regions of veins characterized by high iron levels and low gold levels
due to short circulation duration of positively charged nanoparticles in the bloodstream
compared to negatively charged nanoparticles. Oros-Peusquens et al. [45] examined rat brain
tissue sections and observed that white matter regions are characterized by high phosphorus
and zinc levels but have low iron levels. In agreement with [46], [47] iron and phosphorus
concentrations affect the signal transmissions in the white matter, and with [48] where zinc is
related to white matter development and injury. Following these observations, we have
distinguished between two populations of pixels with high intensity values and defined
“outlier pixels” as pixels with high metal intensity above a percentile threshold in all metals
(magnesium, iron, copper and zinc) and “hotspot pixels” as pixels with high value in at least
one metal but not all. To assess the difference between these populations we examined the
hotspot pixels spatial localization within the tissue and compared them to outlier pixels
location. Visual comparison of hotspots spatial location over the tissue segmentation mask
showed that they clustered together at coherent regions (Fig. 3C). While outlier pixels are
spatially distributed as salt and pepper noise (Fig. 3C), supporting them being a technical
imaging noise. In our analysis we assume that outlier pixels are caused by a technical issue
and thus we exclude them from the downstream analysis.

To address the issues mentioned above, we adapted our computational pipeline as follows
(Fig. 3D). First, we performed background removal by removing pixels whose all their metal
intensities were below the Freedman-Diaconis estimator. Second, outlier removal was
performed by removing pixels that are higher than percentile 80 across all metals. We
validated that outlier with background removal did not discard too much tissue, typically
removing 4% with a maximum removed fraction of 10% (Fig. S1 and Methods section).
Third, as before, we constructed a pixel-based metal intensity histogram for each tissue
section, where each value records the fraction of corresponding tissue pixels populated on
that bin. Lastly, we used this representation to train an Adaboost classifier (Fig. 3D).
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Figure 3. (A) Schematic drawing of typical tissue metal pixel distribution characterized by 3 pixel groups: (1)
low intensity pixels, (2) distribution center mass pixels with reasonable metal intensity, (3) high intensity values
which are larger by several factors than the reasonable metal intensity. (B) Optical image of the tissue over the
sample slide with marked holes and background regions. Tissue segmentation mask, obtained during the
imaging process, includes holes and background. Background pixels identified as low intensity pixels in all
metals, overlaid on the tissue mask. (C) Spatial distribution of hotspot pixels (green) over the tissue
segmentation mask (grey) compared to outlier pixels (red) spatial location produced by percentile 80 threshold.
Hotspot pixels are clustered in cohesive regions compared to outlier pixels that are distributed in a salt and
pepper noise manner. (D) Proposed classification pipeline of tissue treatment response with data preprocessing.
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Hotspots are important for treatment response prediction

We assessed our proposed pipeline (Fig. 3D) using the same evaluation protocol described in
previous experiments. That is using leave-one-patient-out cross validation, in each cross
validation fold we took out the test patient’s tissue samples as the testset samples and used
their pooled classification scores, obtained through all cross validation folds, to compute the
ROC AUC score. We repeated this process with 100 random seeds to assess each model’s
stability/variation. Our results show a weak discriminative signal ranging between AUCs of
0.66 and 0.54 for each of the metals without metal specific adjustments (Fig. 4A). We
confirmed that the discrimination itself is significant by performing a permutation test, i.e.
shuffling the cores’ labels (Fig. S2). I will later report how we further improved the
discriminative power, but before that, in the next two sub-sections, I will focus on the role of
the hotspots in classification.

To verify that the hotspots were important for the prediction we took an “ablation” approach
by excluding hotspot pixels from the analysis and evaluating the alteration in treatment
response prediction. Specifically, we excluded all high intensity pixels according to a
threshold determined for each metal separately, thus ignoring the distinction between outliers
and hotspots. We evaluated thresholds determined at the 80th, 90th, 95th, and 99th percentiles
of each metal. Removing all high metal values harmed the discriminative signal between
different tissue states for most of the metals (Fig. 4B). These results suggest the potential role
of hotspots as biomarkers for TNBC treatment response. Importantly, hotspots are determined
by integrative analysis across multiple metals, thus underscoring the necessity of integrative
multi metal profiling for TNBC tissue state prediction.
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Figure 4. (A) ROC AUC scores of our pipeline on the preprocessed data. The tissue treatment response
probability obtained through a fold of leaving one patient out cross validation, repeated 100 times per metal. (B)
Variant of our pipeline that removes background and all high value pixels above a single metal threshold, thus
removing both outliers and hotspots. ROC AUC scores are reported exactly as in Fig. 4A.
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Spatial characterization of hotspots

Appreciating the potential role of hotspots in tissue disease state we next examined their
spatial localization within the tissue. Hotspot pixels spatially clustered to form coherent
regions of high metal composition that can not be explained by chance (Fig. 5A).
Interestingly, some hotspots appeared in the context of a single metal, for example iron
hotspots (Fig. SA blue and cyan ellipse). Other hotspots emerged across multiple metal
channels (e.g., yellow, red, purple, orange and pink ellipses in Fig. 5A). These repeated
spatial patterns provide further support to the possibility that metal hotspots may have a
physiological role in tissue disease state. To further investigate the potential biological
relevance of these hotspots, we associated metal hotspots to their corresponding H&E-stained
tissue sections images 12 um apart from the tissue section used for the LA-ICP-MS
acquisition (Fig. 5B). This analysis found that many of the metal hotspots resided in dense
tissue regions that the pathologist decided to annotate as tumor, inflammation, and fibrous
stroma (Fig. 5B, Fig. S3-S6). This association suggests that metal hotspots might have a
physiological role in the context of chemotherapy resistance in TNBC tissues.

We observed that metal hotspots are concentrated in dense pathological subregions. The
absence of hotspots in certain areas can be explained by the presence of sparse tissue regions,
such as fat areas, which contain fewer cells compared to dense regions like tumor or
inflammation. Consequently, these sparse regions exhibit much lower metallic concentrations
and do not fall under the definition of hotspots. These low-concentration regions are
non-informative to treatment response prediction, as demonstrated in our results when the
classifier’s discrimination degraded when we excluded hotspot pixels and retained the low
level pixels (Fig. 4B).

It is important to note that, at this stage, this is merely a qualitative evaluation limited by the
availability of detailed pathologist annotations, i.e. to 21/70 patient samples (see Fig. S7 and
Methods). For each of these detailed annotated samples we counted how many pathologist
annotations overlapped with hotspot clusters per metal, but did not find a clear association
between specific pathologist annotations and metallic hotspots (Table S1). A comprehensive
quantitative analysis will require detailed H&E annotations of more samples along with
co-registration of the H&E and LA-ICP-MS images, and is left for future work.
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Figure 5. (A) Three tissue sections (columns) of samples Leap007a (left), Leap082a (center) and Leap073a
(right) across 4 metals (rows). Metal’s hotspot pixels (green) are overlaid over the tissue segmentation mask
(grey). Hotspot regions are marked in colored ellipses and arrows in corresponding color. (B) Matched
H&E-stained tissue sections. H&E regions that spatially associate with the hotspots are marked with the same
colored ellipse and a corresponding colored arrow. Some of the hotspots overlap with pathologist annotation and
dense tissue areas (fine freechand marking).
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Inclusion of the magnitude encoding enhances discriminative
power of metal distributions

Our machine learning evaluation relies on a normalized pixel intensity histogram-based
representation and thus ignores the absolute metal magnitude. This relative representation
was selected to account for the high variability, skewed, and long-tailed distributions of metal
intensities across samples. A fixed-range histogram would either need an excessive number
of bins to capture the full intensity spectrum or, conversely, lose crucial structural information
if too few bins were used. To address this limitation, for each tissue section relative-intensity
histogram representation we incorporated three additional features that encode the absolute
metals’ distribution (Fig. 6A-B): (1) median (2) 75th percentile, and (3) interquartile range
(IQR). These features are computed directly from the tissue pixels after background and
outlier removal, representing the absolute magnitude of the metallic readout in pg/g units. As
shown in Fig. 6C, incorporating these magnitude encoding features improved classification
performance, particularly for iron and zinc, demonstrating that absolute intensity information
provides additional discriminative power. In contrast to iron and zinc, the copper classifier’s
performance slightly degraded with the inclusion of these absolute magnitude features. We
attribute this to the observation that copper distributions across tissue samples varied more in
their shape than in their overall magnitude (Fig. S8). Therefore, the magnitude-encoding
features for copper exhibited low variance across the dataset, offering little discriminative
power. Adding these non-informative features may have introduced noise, thereby harming
the classifier's performance. These findings underscores the importance of modeling both the
shape and the scale of metal distributions, rather than relying solely on normalized bin-based
representations.
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Figure 6. (A) Classification pipeline with the addition of magnitude encoding features to the histogram input
(B) Schematic visualization of the median, percentile 75 and IQR of the tissue pixels (C) ROC AUC score
comparison of the classification pipeline with and without magnitude encoding features, repeated 100 times per
metal with different random seeds.

Addressing distribution skewness through data transformations

Our computational pipeline relied on histogram-based representation from raw tissue pixels
after background and outlier removal. However, retaining hotspot signal results in preserving
the skewed long-tailed distribution. Consequently, many bins are needed to represent the
data, most of which are sparsely populated, making this representation inefficient (Fig. 7A).
We therefore applied a data transformation to normalize the distribution while retaining
hotspot information. A common approach is the log(x+1) transform [49], [50], which
accounts for zero-valued pixels by adding a constant offset, and compresses skewed
distributions. However, while log transformation mitigated skewness, it over-compressed the
higher values (including hotspots) of the distribution (Fig. 7B), potentially diminishing the
biological relevance of high-intensity pixels. In our work we used the Yeo-Johnson
transformation [28] substantially reducing skewness by redistributing the intensity values
more uniformly across the histogram bins (Fig. 7C). Yeo-Johnson transformation is designed
to stabilize variance and reduce skewness, for both positive and negative values, controlled
by a continuous parameter A. Different values of A will compress or expand different parts of
the distribution, where for A=0 Yeo-Johnson acts as the identity transformation. As Yeo and
Johnson mentioned [28], an optimal A is found using maximum likelihood estimation. To
incorporate Yeo-Johnson transformation in our pipeline (Fig. 7D), we performed maximum
likelihood estimation using Brent minimization [51], [52] for each sample. The transformed
representation enhanced the capacity to discriminate between responders and non-responders
(Fig. 7E). A permutation test, i.e., shuffling the cores’ labels, confirmed that the
discrimination itself is significant (Fig. 7F). These results further highlight the importance of
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hotspots in treatment response classification as the transformed representation was designed
to preserve these hotspots' information.
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Figure 7. (A) Original 20-bin histogram representations (B) After applying log(x+1), and (C) After
Yeo-Johnson transformation. Columns represent the cores and rows represent the histogram’s bins. The intensity
in a bin represents the fraction of tissue pixels populated in a specific bin, such that the integral across a core
(column) sums to 1. (D) Revised classification pipeline. The Yeo-Johnson transformation is applied after
background and outlier removal and before computing the histogram representation. (E) ROC AUC score
comparison of the classification pipeline with and without Yeo-Johnson transform, repeated 100 times per metal
with different random seeds. (F) Permutation test of the classification pipeline with Yeo-Johnson transform,
repeated 1K times per metal with different random seeds.
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Integrating multi-metal for enhanced treatment response
prediction

Up to this point, our analysis focused on using the single metal distributions to classify
responders versus non-responders. Where multiple metals integrative analysis contributes to
hotspots identification which was shown to be considerably important to response prediction.
Following this, we hypothesized that integrating predictions from multiple metal-specific
models could further enhance treatment response discrimination. Rather than explicitly
integrating the raw metal distributions, we have collected the prediction probabilities of the
four single-metal models’ (Fig. 7D) as a 4-dimensional integrative representation and
computed the average of these probabilities (Fig. 8A). This integrated information improved
treatment response classification to AUC of 0.76 (Fig. 8B-C), higher than the best single
metal models AUC (the Magnesium) that reached 0.69. These findings suggest that
multi-metal predictive modeling provides a stronger signal for treatment response
classification. Although we attempted to train learning models (e.g. Logistic Regression and
Adaboost) on the 4-dimensional vector of multi-metal prediction scores, they showed poorer
performance compared to simple probability averaging - an outcome that may appear
counterintuitive (Fig. S9).

We also experimented with training a model using the concatenated single metal
representation as input, but this approach produced overfitting (Fig. S9), likely because the
model couldn’t learn a generalizable pattern from 92 feature input from a dataset of 70
samples. We examined how responders and non responders are separated using PCA analysis
over the sample’s 4-dimensional vector of metal-specific prediction probabilities. A 2D
visualization of the first two PCs revealed some separation between the two groups (Fig. 8D).
However, the summed explained variance ratio of the first three principal components is only
80%, suggesting that dimensionality reduction captures only part of the information. This
implies that all four metal probabilities are required for responder vs non responder
separation. We further analyzed which metals contribute most to the probability average
classifier prediction by applying SHAP values analysis (Fig. 8E). This analysis shows that all
four metals contribute to the classifier’s prediction, as the SHAP values show both negative
and positive contributions to the outcome.
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Figure 8. (A) Classification pipeline that relies on the sample’s treatment response probability of all 4 single
metal models. (B) ROC AUC score of averaging four single-metal models’ output probabilities (orange) vs
single metal classification pipeline (Fig 4A) applied per metal. The experiment was repeated 100 times per
metal with different random seeds for the single metal classification pipeline. The probability average was tested
on the results of these 100 repetitions due to its determinism. (C) Permutation test of the four metal
classification pipeline (averaging probabilities), repeated 1K times with different random seeds. (D) 2D PCA
analysis examining the separation between responders vs non responders. Each sample is represented by a 4D
probability vector, with scores derived from the four single metal models. These probabilities were taken from
one of the 100 runs performed in Fig. 8B. (E) SHAP values analysis of averaging four single-metal models’
output probabilities taken from one of the 100 runs performed in Fig. 8B. X axis represents the SHAP value for
each single metal model probability. Each dot represents a sample and its color represents the probability of a

single metal model.
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Discussion

Our study introduces a computational pipeline for the quantitative spatial analysis of multi
metal imaging data. For the first time, we provide a systematic analysis of LA-ICP-MS
imaging and demonstrate the spatial relationships in and between metals in neoadjuvant
chemotherapy (NACT) response prediction. We showed that each of the metals, magnesium,
iron, copper, and zinc, hold a predictive signal for NACT response in TNBC. Our results
demonstrated a predictive signal using a single-metal model, as well as using 4D integrative
representation of the 4 single models’ probabilities. In multi metal integration the predictive
signal increased and each metal contributed to the final prediction. Contrary to previous
LA-ICP-MS studies that rely on expert-annotated regions or semi-quantitative comparisons
[23], [24], [25], [26], our approach discovered predictive patterns that were not pre-defined
by a human annotator. A central finding is the identification of "hotspot pixels" - high value
pixels in at least one metal but not all. We found that these hotspots are not random artifacts
and that they are spatially clustered to form coherent regions of high metal composition.
Furthermore, the repeated occurrence of these hotspots across multiple metal channels in
areas that coincide with pathologist annotations supports the likelihood of a physiological
role in the tissue's disease state.

Our findings support and extend the existing literature that links magnesium, zinc, and copper
to TNBC and breast cancer. It’s known that in breast cancer malignant cells often upregulate
magnesium transport channels to increase intracellular magnesium levels, which fuels tumor
cell growth through its function of increased energy demand [17]. Cancer patients often
exhibit high copper levels in both tumor tissue and serum, reflecting tumor cells’ increased
demand for this element [53]. Additionally other studies showed that breast cancer patients
with poor prognosis exhibit higher levels of copper importers and copper binding protein
[54], [55], [56]. Breast tumor tissues have been found to contain significantly higher zinc
concentrations than normal breast epithelium [57], [58], [59], with the most elevated zinc
levels reported in TNBC [25]. Malignant cells achieve this in part by overexpressing zinc
importers to boost zinc uptake. Notably, increased expression of zinc transporters correlates
with higher tumor grade and severity [59]. Our spatial analysis of hotspot regions with
pathologist annotations coincide with these results, showing that hotspots for these three
metals are typically located within pathologist-annotated tumor regions (Table S1). In
addition, our work reveals a new dimension - we found that these metal-rich regions have a
predictive signal for NACT response. This suggests that within the tumor mass, tumor
subregions characterized by high metal accumulation may point to a cellular state that is
resistant to chemotherapy.

Despite these promising findings, there are several limitations to our study that should be
addressed in future work. First, although our cohort of 70 samples is larger than many
previous LA-ICP-MS studies, it is still relatively small for training machine learning based
models. Despite this, we could still extract biological insights using simple representations.
Second, while our analysis suggests that hotspots correspond to histologically dense regions,
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the correlation between high-intensity metal regions and histological features still requires
more systematic investigation.

Methods

TNBC Patient dataset

In this study, we used the TNBC patients tissue samples cohort collected by our collaborators
from Maddy Parsons’s team in King's College London as part of the A-Tissue project. This
Single-Arm Prospective cohort includes 94 core biopsy tissue samples from 89 TNBC
patients, collected before or during neoadjuvant chemotherapy (NACT). Of these, 80 samples
(from 75 patients) were collected prior to treatment, and 14 samples (from 8 patients) were
collected during treatment. The difference between the number of patients and the number of
samples reflects cases where large biopsy samples were split and imaged separately.
Pretreatment samples were preserved in Formalin-Fixed Paraffin-Embedded (FFPE) blocks
and the 14 samples collected during treatment were snap-frozen. After chemotherapy, each
patient was assigned a Residual Cancer Burden (RCB) score and labeled as either a
“responder” or a “non-responder” (Fig. 1A). Non-responders who died within two years were
further labeled as “extreme non-responders”. Due to inaccurate lab evaluations, only 70 of
the 80 pretreatment samples (from 66 patients) had reliable response labels. The dataset also
includes resection tissue samples from patients who did not respond to chemotherapy and
therefore underwent surgery. We also note that, in this dataset, no metadata is available for
any of the patients. In this work, we focus on predicting treatment response (responder vs
non-responder), using 70 pretreatment samples (from 66 patients) with reliable labels, this
resulted in an imbalanced dataset, both at the patient level and at the sample level (Fig. 1B).

Each tissue sample in the dataset was sectioned into six matched slices, 4 pm apart. Each
slice was imaged by our collaborators from Maddy Parson’s team using a different technique:
Hematoxylin and Eosin (H&E) staining, Spatial Transcriptomics (ST), Imaging Mass
Cytometry (IMC), Laser Ablation Inductively Coupled Plasma Mass Spectrometry
(LA-ICP-MS), Fluorescence Lifetime Imaging Microscopy (FLIM), and Desorption
Electrospray lonization (DESI). In this work, we analyzed two matched tissue sections
collected 12 um apart, for each sample. One section was imaged by H&E staining and then
annotated by a pathologist from Maddy’s team. Detailed pathologist annotations were
available for 21 out of 70 tissue samples (e.g. Fig. S7), marking pathological entities such as
invasive tumor, fibrous tissue, tumor with inflammation, and others. The other matched tissue
section, used in our analysis, was imaged by LA-ICP-MS for magnesium, iron, copper and
zinc (Fig. 1C). Our primary analysis focused on using LA-ICP-MS images of spatial metal
distribution to predict treatment response. We then visually compared the metal maps to
pathological annotations of the H&E images from the matched tissue section.

LA-ICP-MS imaging captures the spatial distribution of metal ions by measuring their
intensities at specific mass-to-charge ratios (m/z) over time, generating time series data of the
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measured mass, the laser’s spatial location and the time of sample ablation. Due to the long
imaging duration per sample, the dataset was imaged in batches, each containing 3-4 samples
imaged on the same day. To mitigate batch effects, our collaborator Dr. Alex Morrell from
Maddy’s team calibrated the intensity readout using certified reference materials (CRM).
CRM measurements were performed twice, during each batch: once before imaging the first
sample and once after the last sample of the day. The LA-ICP-MS time-series data were
reconstructed into two-dimensional (2D) images, with separate channels representing specific
metals: magnesium, manganese, iron, copper and zinc. Each pixel in these metal maps
corresponds to a metal concentration readout in pg/g units, at a spatial resolution of 20 pm
per pixel. Approximately 50% of the samples had corrupted manganese readouts because
imaging began during the machine’s initialization phase. While calibration successfully
recovered magnesium, iron, copper and zinc readouts, manganese measurements remained
unreliable. Therefore, manganese was excluded from further analysis. To reduce imaging
time, Dr. Alex Morrell predefined key points for laser ablation that marked the start and end
positions of each tissue sample within the field of view of the imaging machine. This
approach simplified the manual thresholding of background versus tissue signal in the raw
time series data. Using this manual thresholding combined with the reconstructed 2D
LA-ICP-MS image, a segmentation mask was created to distinguish tissue from background
(Fig. 1C). However, this segmentation mask did not account for holes within the tissue
resulting in a high pixel count at lower intensity values (Fig. 3B).

Computational analysis pipeline

We developed a computational pipeline to predict NACT response from LA-ICP-MS images.
For each metal channel (magnesium, iron, copper, and zinc), we trained a separate predictive
model. While each model was trained independently, it leveraged information from all four
metals to distinguish hotspot regions from outliers. Finally, we integrated the predictions
from the four single-metal models into an improved final classification.

Image Preprocessing and Hotspot Identification

Our initial attempts to predict treatment response based on the raw tissue pixels were limited
(Fig. 2). A closer examination of the metal distributions, we identified 3 intensity intervals
(Fig. 3A) background, hotspots and outliers. This led to a multi-metal preprocessing step
applied within the tissue segmentation mask. Our main goal was to establish a pipeline that
identifies discriminative signals across all metals using consistent parameters without
metal-specific optimizations, because otherwise our pipeline might capture discriminative
signals that were found by chance due to complex metal specific data processing.

Background Removal: Pixels were defined as background if their intensity fell below a
threshold determined by the Freedman-Diaconis estimator, applied independently to each
metal channel within each tissue sample. This estimator is commonly used to determine

IQR . .
—% , with the width

being proportional to the interquartile range (IQR) of the pixel intensities (a measure of

optimal bin width for histograms and defined as: bin width = 2 -
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spread), and inversely proportional to the cube root of n, the number of pixels within the
tissue segmentation mask for that sample. This formula balances two factors: the spread of
the data (capturing variability) and the number of observations (ensuring statistical stability).
A narrower bin width is chosen when more data points are available, allowing finer
resolution, while a wider bin is used when data is sparse to avoid overfitting noise. We chose
the Freedman-Diaconis method because of its robustness to high value pixels, and its ability
to adapt the threshold dynamically across samples and channels. Visual inspection of the first
bin removed for each histogram (Fig. 3B) confirmed that pixels with low intensities across
all metals were typically located in background regions, such as holes within the tissue that
were included in the tissue segmentation mask (Fig. 3B).

Outlier Removal: Pixels with intensities above the 80th percentile in all four metals
(magnesium, iron, copper and zinc) were defined as outliers. These pixels were removed
from the analysis, as they likely represent imaging artifacts, such as salt-and-pepper noise.
The 80 percentile threshold was chosen empirically to balance the exclusion of extreme
values with the preservation of relevant tissue data, typically removing less than 4% of tissue
pixels per sample, with a maximum of 10% (Fig. S1). We verified that identifying outliers
based on all four metals is essential, while removing pixels that are extreme in only one metal
would also eliminate hotspot regions, which were shown to be important for accurate
response classification (Fig. 4).

Single-metal feature representation

For each preprocessed metal map, we constructed a feature vector for every tissue sample.
This process was designed to capture the shape of the metal's spatial distribution while
mitigating issues of data skewness, and varying intensity ranges across samples. After
background and outlier pixels removal the tissue pixels are used to produce magnitude
encoded features, separately these tissue pixels underwent Yeo-Johnson transformation and
the transformed values were used for creating the histogram representation.

Yeo-Johnson Transformation: After background and outlier pixels removal, the raw
intensity values of the remaining pixels for each sample were transformed using the
Yeo-Johnson transformation [28]. This step was critical for reducing the severe skewness that
presents in the metal intensity distributions. This transformation creates a more balanced
distribution without over-compressing the high-intensity hotspot values, a known limitation
of log-transformations (Fig. 7). Yeo-Johnson transformation is designed to stabilize variance
and reduce skewness controlled by a continuous parameter A. Different values of A will
compress or expand different parts of the distribution, including when A=0 Yeo-Johnson acts
as the identity transformation. As Yeo and Johnson mentioned [28], an optimal A is found
using maximum likelihood estimation, in this work optimal A was found for each metal tissue
pixel and for each sample using maximum likelihood estimation using Brent minimization
[51], [52]. Brent’s method [52] is a numerical optimization algorithm used to find the local
minimum of a single-variable function within a given interval without requiring its derivative
and guarantees convergence. This method is useful due to the speed of quadratic
approximation and the guaranteed convergence of the bracketing method.
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Histogram representation: The transformed tissue pixel intensities were then binned into a
20-bin histogram. The frequency of tissue pixels in each bin was normalized to create a
20-dimensional feature vector representing the shape of the metal's distribution for that
sample. The bin count was determined to be 20 after comparing histograms constructed with
10, 20, and 30 bins (Fig. S10). This choice is based on a balance between resolution and
feature space dimensionality. A 10-bin histogram was found to be too coarse, obscuring
important details of the intensity distribution. Conversely, a 30-bin histogram resulted in a
sparse and inefficient representation, unnecessarily increasing the number of features for a
dataset of our size, which could increase the risk of model overfitting.

Magnitude encoding: Since the sample’s histogram is a normalized metal intensity
representation, it loses information about the absolute magnitude of the metal. This relative
representation was selected to account for the high variability, skewed, and long-tailed
distributions of metal intensities across samples. An alternative fixed-range histogram would
either need an excessive number of bins to capture the full intensity spectrum or, conversely,
lose crucial structural information if too few bins are used. Thus, we added three additional
features that encode the absolute metals’ distribution: (1) median, (2) 75th percentile, and (3)
interquartile range (IQR) from the sample's absolute tissue pixel intensities. These magnitude
encoding features, appended to the histogram feature vector, are measured after preprocessing
and before transformation.

Model Training and Evaluation

We trained a predictive single-metal model for each of the four metals using the metal’s
feature vector described above and used the same model parameters, training and evaluation
protocol for the experiments described in the results sections 4.1-4.5. We used an AdaBoost
classifier consisting of an ensemble of 50 decision trees, maximum depth 3 and minimum
sample split 8. We set class weights to be inversely proportional to their frequencies for
handling the response class imbalance - 42 responder samples and 28 non responder samples.
Model performance was evaluated using a leave-one-patient-out cross-validation (LOOCV)
strategy. In each fold, all samples from a single patient were held out as the test set, ensuring
that predictions for a patient were made by a model that had not been trained on any of their
tissue samples. The performance was measured by the ROC AUC score, which was
computed by aggregating the predicted responder probabilities from test set samples in each
fold of all LOOCYV folds. The ROC AUC score was measured on the samples and not on the
patients, because in our analysis we had 4/66 patients with a pretreatment sample that was
divided into two chunks and these two chunks were imaged separately. The decision of
measuring the ROC AUC per sample was due to minor influence of these 4/70 (only 5%)
extra samples from the same patients. Additionally, these two samples from the same patient
were imaged separately introducing potential batch effect differences of metallic readout. To
ensure the robustness of our results, the entire training and evaluation process was repeated
100 times with different random seeds.
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Multi-Metal Prediction Integration

We integrated the responder probability outputs from the individual single-metal models,
constructing a 4D representation of probabilities. We tested several models that used this
representation for treatment response prediction: (1) averaging probabilities, (2) Logistic
Regression and (3) Adaboost. When we used the same hyperparameters for Adaboost, i.e. 50
decision trees, maximum depth 3 and minimum sample split 8. Additionally, class weights
were set to be inversely proportional to their frequencies for handling the response class
imbalance (42 responder samples and 28 non responder samples). Logistic Regression and
Adaboost were trained on random seed results of a single-metal model predicted probability
results. Logistic Regression and Adaboost performance was evaluated using LOOCYV and the
ROC AUC score was computed by aggregating the predicted responder probabilities from
test set samples in each fold of all LOOCV folds. This evaluation was repeated 100 times
with different random seeds. Due to absence of training and the determinism of averaging
probabilities, the prediction results of 100 repetitions of single-metal models LOOCV were
used to measure the stability of this method. Averaging probabilities approach significantly
improved classification performance compared to any single-metal models alone,
demonstrating that multi-metal predictive modeling provides a more enhanced signal for
treatment response classification (Fig. 8B). We further conducted a permutation test for
averaging, to test the stability of this method results, by shuffling the ground truth labels 1K
times and measuring the ROC AUC for each shuffle (Fig. 8C). Although we attempted to
train Logistic Regression and Adaboost, they both showed poorer results compared to
averaging probabilities (Fig. S9). We also experimented to train an Adaboost model with the
same hyperparameters on concatenated feature vector representation from each metal. But
this approach produced overfitting (Fig. S9), likely because the model couldn’t learn a
generalizable pattern from 92 feature input from a dataset of 70 samples.

Metal importance for 4 metal integrative representation

To examine the metal importance for responder vs non responder classification we made
PCA analysis and SHAP analysis. We examined how responders and non responders are
separated using 2D PCA analysis over the sample’s 4D probability representation (Fig. 8D).
We used PCA analysis of 4D probability representations from one of the 100 repetitions of all
single-metal classifiers LOOCYV. Based on the separation and PCA explained variance ratio
of the first 3 PCA components, they can explain only 80% of the data. Meaning that there
isn’t an inferior metal that is redundant compared to the other metals. Then we used SHAP
values analysis which metals mostly affect the probability average classifier (Fig. 8E).
Similarly as for PCA analysis, we used one of the 100 repetitions of all single-metal
classifiers LOOCV.

Hotspot spatial comparison to H&E pathologist annotations

For visual comparison of hotspots per metal to pathologist annotations, we plotted the hotspot
over the tissue mask and compared to pathologist annotations on similar places. If the hotspot
cluster was large enough to significantly and clearly overlap with the annotation then we
marked it (Fig. 5 and Fig. S3-S6) and counted this annotation as overlapped with hotspots in
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Table S1. So for each sample and each metal we counted how many annotations for each type
had a significant overlap with hotspot regions, e.g. tumor, inflammation (inflam) and fibrous
stroma. We observed hotspot clusters in all LA-ICP-MS images, however we could examine
them to pathologist annotations only in 21/70 tissue samples. Because we have detailed
pathologist annotations only for these samples (Fig. S7).

Supplementary Figures
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Figure S1. Histogram of samples count showing the fraction of pixels removed at each sample due to
background and outlier removal.
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Figure S2. Permutation test of the classification pipeline with background and outlier removal (Fig. 3D),
repeated 1K times per metal with different random seeds.
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Magnesium

Figure S3. (A) Two tissue sections (rows) of samples Leap013a (top) and Leap032a (bottom) across 4 metals
(columns) and matched pathologist annotated H&E image of the tissue section. For each tissue section metal’s
hotspot pixels (green) are overlaid over the tissue segmentation mask (grey). Hotspot regions are marked in
colored ellipses and arrows in corresponding color. (B) H&E-stained tissue sections images 12 um apart from
the tissue section used in Fig. S3A. H&E regions that spatially associate with the hotspots are marked with a

colored ellipse and a corresponding colored arrow. Some of the hotspots overlap with pathologist annotation and
dense tissue areas.
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Figure S4. (A) Three tissue sections (rows) of samples Leap080a (top), Leap069a (center) and Leap068a
(bottom) across 4 metals (columns) and matched pathologist annotated H&E image of the tissue section. For
each tissue section metal’s hotspot pixels (green) are overlaid over the tissue segmentation mask (grey). Hotspot
regions are marked in colored ellipses and arrows in corresponding color. (B) H&E-stained tissue sections
images 12 pm apart from the tissue section used in Fig. S4A. H&E regions that spatially associate with the
hotspots are marked with a colored ellipse and a corresponding colored arrow. Some of the hotspots overlap
with pathologist annotation and dense tissue areas.
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Figure S5. (A) Two tissue sections (rows) of samples Leap105a (top) and Leap090a (bottom) across 4 metals
(columns) and matched pathologist annotated H&E image of the tissue section. For each tissue section metal’s
hotspot pixels (green) are overlaid over the tissue segmentation mask (grey). Hotspot regions are marked in
colored ellipses and arrows in corresponding color. (B) H&E-stained tissue sections images 12 pm apart from
the tissue section used in Fig. SSA. H&E regions that spatially associate with the hotspots are marked with a
colored ellipse and a corresponding colored arrow. Some of the hotspots overlap with pathologist annotation and
dense tissue areas.
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Figure S6. (A) Two tissue sections (rows) of samples Leap106a (left) and Leap087a (right) across 4 metals
(columns) and matched pathologist annotated H&E image of the tissue section. For each tissue section metal’s
hotspot pixels (green) are overlaid over the tissue segmentation mask (grey). Hotspot regions are marked in
colored ellipses and arrows in corresponding color. (B) H&E-stained tissue sections images 12 pm apart from
the tissue section used in Fig. S6A. H&E regions that spatially associate with the hotspots are marked with a
colored ellipse and a corresponding colored arrow. Some of the hotspots overlap with pathologist annotation and
dense tissue areas.
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Sample ID Sample ID
Leap 007a Leap 003a

Figure S7. (Left) Tissue sample with non granular expert annotation (Right) Tissue sample with granular expert
annotation. In the left example the annotation marks the whole tissue sample without addressing the local
subregions unlike the right example: e.g. tumor area, normal tissue, fibrous stroma etc.
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Figure S8. Copper readout distribution per sample when hotspots are included. (Left) shows the boxplot of the
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excluded for better visualization otherwise they will add a very long right tail. As we can see the magnitude
encoding features (median, quantile 75 and IQR) vary less for most of the samples compared to the distribution
shape on the right figure.
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concatenated 4 metals sample representation of Fig. 7D and compared to (blue) single metal classification
pipeline (Fig 4A) applied per metal. The experiment was repeated 100 times per metal with different random
seeds for the single metal classification pipeline. The probability average was tested on the results of these 100
repetitions due to its determinism.

1L
SunnnnL SunnnnL E =
— = . - =
— = = = = =
= — - = =
- = - - -
= 3 E = E
- = - - -
= E = E e
AlmnnnneE AlnnnnnE
Histogram size 20 Iron Histogram size 10 Iron 05 Histogram size 30 Iron
(=] . a
=] - -0.25
~ 0.30 -
o~ - - z
o n
- -0.4 =
. -0.20
o -0.25 ™ -
o m we
£ £m £
2, o20f £ 03y 25 045 O
Iﬂm g W = g w B g
ED S E E E.‘A E
= = o [ o
S 0158 5 g 5 g
8 n s 8 0.2C 8z 010
o - 2w 05 )
= T Tz
= 0.10 5
- [ B
2 0.1 5
© . 3 0.05
by 0.05 @ 4
g >
2 &
SN PNORIRNEIRNB3ER YOOI RRIIVNR3ER STENERIRAESIINRELE
Samples Samples amples

Figure S10. (A) Samples’ tissue pixels after background and outlier removal and without Yeo-Johnson
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Sample ID | Magnesium Iron Copper Zinc
Leap003 1 Tumor 1 Fibro with inflam |2 Tumor 1 Tumor
1 Tumor with inflam 2 Tumor with inflam |2 Tumor with inflam
Leap009 1 Tumor 1 Tumor 1 Tumor
1 Tumor with inflam
Leap013 1 Invasive 2 Tumor; 1 Fibro 2 Tumor 1 Tumor
1 Fibro with inflam 3 Tumor
Leap019a 2 Tumor 1 Necrosis 1 Necrosis
Leap019b 2 Tumor 1 Necrosis 1 Tumor; 1 Necrosis
Leap023a 1 Tumor in fibrous |1 Tumor with fibro |1 Tumor with fibro
Leap023b 2 Inflam 1 Tumor in fibrous |1 Tumor with fibro |1 Tumor with fibro
1 Normal; 1
Leap032a 1 Necrosis; 1 Inv 2 Necrosis; 3 Tumor |2 Necrosis; 2 Tumor |Necrosis
2 Inflam with tumor 1 Tumor with 1 Tumor with
Leap042a 1 Fibrous stroma inflam; 1 Fibrous inflam; 1 Fibrous 1 Inflam
1 Fibrous tissue with inflam 1 Fibrous with
1 Tumor with inflam in 1 Tumor with inflam inflam
fibrous stroma in fibrous stroma 1 Tumor with inflam |1 Tumor with inflam
Leap043a 1 Fibrous tissue 1 Fibrous tissue in fibrous stroma in fibrous stroma
1 Normal fibro 1 Normal fibro
1 Normal fibrous 1 Fibrous with 1 Fibrous tissue with |1 Normal fibro
1 Fibrous with inflam inflam inflam 1 Fibrous tissue with
2 Tumor 2 Tumor 2 Tumor inflam
Leap064a 1 Necrosis 1 Necrosis 1 Necrosis 2 Tumor
1 Tumor 1 Tumor 1 Tumor 1 Tumor
Leap066a 1 Tumor with inflam 1 Tumor with inflam |1 Tumor with inflam |1 Tumor with inflam
1 Tumor with inflam 1 Tumor with inflam |1 Tumor with inflam |1 Tumor with inflam
Leap068a 1 Tumor 1 Tumor 1 Tumor 1 Tumor
1 Tumor with inflam 2 Tumor; 2 Fibrous |1 Tumor with inflam |1 Tumor with inflam
Leap069a 2 Tumor 1 Inflam 2 Tumor 2 Tumor
1 Necrosis 1 Necrosis
2 Tumor 2 Tumor 4 Tumor
Leap073a 3 Tumor 1 Tumor with inflam |1 Tumor with inflam |1 Tumor with inflam
2 Tumor with inflam |2 Tumor with inflam |2 Tumor with inflam
1 Tumor within 1 Tumor within 1 Tumor within
Leap077a 3 Tumor with inflam fibrous fibrous fibrous
1 Fibrous
1 Fibrous with
inflam
Leap080a 1 Tumor; 2 DCIS 2 DCIS 1 Tumor; 2 DCIS 1 Tumor
2 Fibrous with inflam 2 Fibrous with 1 Fibrous with
Leap082a 3 Tumor with inflam inflam inflam 3 Tumor with inflam
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2 Infalm with fibrous |3 Tumor with inflam
5 Tumor
4 Inflam 1 Fibrous 4 Tumor
1 Tumor with inflam 2 Tumor 1 Necrotic tumor 2 Inflam
Leap087a 1 Tumor in blood vessel 1 Necrotic tumor 1 Tumor with inflam |1 Tumor with inflam
1 Tumor
Leap090a 1 Tumor; 2 DCIS 3 DCIS 1 Tumor; 4 DCIS 1 Tumor; 2 DCIS
1 Tumor with inflam
1 Inflam at edge of
tumor
2 Fibrous stroma in
Leap105a 1 Tumor; 1 Inflam the tumor 2 Tumor; 1Inflam 2 Tumor

Table S1. Table of 21 samples with detailed pathologist annotation (like Fig. S7 right). For each sample we
counted pathologist annotations with clear overlap of hotspot regions per metal (like Fig. S3-S6).
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