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ARTICLE INFO ABSTRACT

Keywords: Background: Metabolites, especially lipids, have been shown to be promising therapeutic targets. In conjugation
Sample age with genes and proteins they can be used to identify phenotypes of disease and support the development of
Lipids

targeted treatments. The majority of clinically collected tissue samples are stored in formalin-fixed and paraffin
embedded (FFPE) blocks due to their tissue conservation ability and indefinite storage capacity. For metabolic
analysis, however, fresh frozen (FF) samples are currently preferred over FFPE samples due to concerns of
metabolic information being lost when preparing the samples. With little or no sample preparation, desorption
electrospray ionisation mass spectrometry imaging (DESI-MSI) allows for the study of spatial as well as spectral
information.

Methods: DESI-MSI analysis was performed on FFPE breast cancer tissue microarray samples from 213 patients
collected between the years 1935-2013. Logistic regression (LR) models were built to classify samples based on
age and FF samples were used for feature validation.

Results: LR models developed on the FFPE samples achieved an average classification accuracy of 96% when
predicting their age with a 10-year grouping. Closer examination of the metabolic change over time revealed that
the mean signal intensities for the lower mass range (100 - 500 m/z) linearly decrease over time, while the mean
intensities for the higher mass range (500 - 900 m/z), remained relatively constant.

Conclusions: In our samples, which span over 70 years, sample age has a weak yet quantifiable impact on
metabolite content in FFPE samples, while the higher mass range is seemingly unaffected. FFPE samples thus
provide an alternative avenue for metabolic analysis of lipids.

DESI-MSI
FFPE
Mass spectrometry imaging

1. Introduction sources or signal transducers for regulatory processes by interacting
with proteins. In particular, lipids are essential components of biological

Metabolites are small molecular products or substrates of metabolic membranes [4,6-8]. Along with genes and proteins, metabolites can be a
processes that play a critical role in a variety of cellular functions [1,2]. powerful tool for identifying disease phenotypes, placing metabolomics
They can be divided into multiple classes including nucleotides, sugars, at the forefront of pathological biomarker discovery [1-4]. Numerous
and lipids [3-5], serving different biological functions, such as energy human diseases such as cancer, diabetes and neurodegenerative
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pathologies, exhibit lipid homeostasis imbalance, making lipids essen-
tial therapeutic research targets [8,9]. Metabolites have often been
difficult to analyse due to their chemical complexity and variety, but in
recent years, metabolomics has emerged as one of the most rapidly
developing and evolving fields. This is largely due to the advances in the
field of mass spectrometry (MS) [6,9].

Mass spectrometry has been widely used in metabolic research. MS is
especially appealing because of its speed of analysis, and its use in
conjunction with separation techniques, such as liquid chromatography,
gas chromatography, and ion mobility analysis [8,10,11]. With its high
sensitivity, MS can provide extensive metabolomic coverage, however,
consistency in preparation, handling and storage of samples is critical
[10,11]. Existing literature has yet to quantitatively demonstrate the
impact of sample preparation and storage conditions on metabolic-
relevant spectral details. Several ambient ionisation MS techniques
have been introduced that require little or no sample preparation, with
desorption electrospray ionisation mass spectrometry (DESI-MS) being
one of them [10,12].

The integration of sample scanning and DESI-MS imaging (together
called MSI) allows the investigation of the spatial distribution of a wide
range of molecules in biological samples providing crucial knowledge of
biological processes occurring within tissues [13,14]. For clinical
studies, DESI-MSI analysis has been shown to be both reproducible and
repeatable [15]. Furthermore, DESI-MSI has also shown great potential
in analysing different forms of fresh frozen (FF) cancer tissues, including
breast [16-18], ovarian [19,20], and colorectal [21,22].

In existing metabolomics workflows, FF samples have traditionally
been preferred over formalin-fixed and paraffin embedded (FFPE)
samples due to concerns with metabolite changes in FFPE samples.
However, recent studies have shown that FFPE samples still contain
useful biochemical information [23-27]. Currently, the majority of
clinically obtained tissue samples are processed as FFPE samples due to
its tissue preservation ability [28]. Worldwide, FFPE encompasses vast
repositories of clinical samples spanning decades. Unsurprisingly, these
samples have drawn interest due to the tremendous amount of clinical
information that they may still contain [24,27,28]. Moreover, compared
with FF samples, FFPE samples undergo minimal tissue degradation, and
can be stored at room temperature, making FFPE samples ideal for a
convenient and cost-effective workflow [29]. Therefore, FFPE samples
are extremely valuable resources for clinical research [24,28,29].
Despite the clear attraction that the FFPE sample bank presents,
particular care must be taken when extracting information from these
long-storage samples. Namely, the age of the sample may affect the
metabolic information over time. In this study, with a clinical dataset
spanning over 70 years, we explore the possible effect of sample age
using data analytical approaches and present qualitative results based
on predictive modelling of the impact of sample age on metabolomic
content in FFPE samples.

2. Materials and methods
2.1. Sample preparation

Human FFPE breast cancer tissue microarrays (TMA) and FF breast
cancer tissue samples were obtained from the Department of Pathology,
Landspitali Hospital in Iceland (Reykjavik, Iceland). A total of 9 FFPE
TMA blocks were prepared including 583 breast cancer tissue cores from
213 patients (1-6 cores from each patient) diagnosed from 1935 to 2013
[30]. Each TMA FFPE slide includes a kidney and a liver core as control,
the former was used to scale the data to avoid inter-run batch effect
(Section 2.3). Fresh frozen breast cancer tissue samples and adjacent
normal breast tissue samples from 44 individuals collected in the years
of 1990-2003 were hydrogel-embedded [31] into TMA blocks (n = 7)
and stored at —80 °C. The FF TMAs were cryosectioned to 12 pm
thickness and stored in —80 °C. The study was approved by the Icelandic
Bioethics Committee (reference number: VSNb2017030012-03.03) and
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was carried out in accordance with The Code of Ethics of the World
Medical Association (Declaration of Helsinki) for experiments involving
humans:https://www.wma.net/policies-post/wma-declaration-of-helsi
nki-ethical-principles-for-medical-research-involving-human-subjects/.

2.2. DESI-MSI analysis

Tissue samples were analysed using a Xevo G2-XS QTOF mass
spectrometer (Waters Corporation, Milford, MA, USA) controlled by
MassLynx 4.1 software (Waters Corporation, Milford, MA, USA) in
negative ion mode with mass range 50 - 1000 m/z. The mass spec-
trometer was coupled to a two-dimensional DESI stage from Prosolia Inc.
(Indianapolis, IN, USA) and set at a spatial resolution of 85 pm. The
instrumental parameters can be seen in Supplementary Table 1. FFPE
samples were deparaffinized prior to DESI-MSI analysis by incubating
the samples for 1 h at 60 °C, rinsing with xylene (2 x 8 min) and air-
drying in a fume-hood overnight [26]. Following DESI-MSI analysis,
FFPE TMAs were stained with haematoxylin and eosin (H&E) and
scanned with a high-resolution digital slide scanner (NanoZoomer2.0-
HT, Hamamatsu City, Japan). Consecutive samples were H&E stained
due to the deterioration of the analysed tissue.

2.3. Data analysis

Data pre-processing was first performed on the raw data using an in-
house Python [32] pipeline. Briefly, the main steps consist of a signal-to-
noise ratio peak picking procedure to filter the background signal, the
intra-data (between pixels) and inter-data (between MSI runs) vari-
abilities were then removed consecutively using peak alignment algo-
rithms [33]. To reduce the effective data size, tissue-specific regions
were semi-automatically identified [34,35] and peaks that were char-
acterized as noisy or unlikely spatial distributions were removed using
algorithms by means of the R package SPUTNIK [36]. A single data cube
of dimension M x N was produced as output for each run, where M is the
total number of pixels and N is the length of the common mass axis,
which was shared between data from all runs.

To further reduce possible batch effect, the reference cores on each
slide (i.e., kidney) were used to perform intensity scaling and finally the
resulting data underwent median fold change scaling [37]. Total ion
count images from each slide were co-registered with their corre-
sponding H&E images, specifically by the use of affine transformation by
gradient descent [22]. To enable supervised analysis, a clinical pathol-
ogist manually annotated cancerous tissue cores on the H&E optical
images with clinicopathological information that allowed for more in-
depth data mining.

To investigate the possible effect of sample age, cores from all
available slides were grouped based on their respective collection years.
The samples were grouped in 8 groups based on 10-year intervals of
samples collected in 1940-2013. There was a clear bias towards certain
year groups as the number of samples from each category ranged from 6
to 249 in this case. As such, a cost sensitive approach [38] was used to
weight each group accordingly during model training. Additional
groups were also tested based on 3-year, 5-year, 25-year, and 50-year
sample intervals to further verify that the prediction results are not
affected by the grouping. Weighted logistic regression (LR) classification
models were built using Python and their performance assessed using
leave-one-out-cross-validation between year groups. Model refinement
by means of feature selection was then performed based on both uni-
variate and multivariate statistical approaches. The pre-processed data
cubes along with the year group labels were uploaded to MetaboAnalyst
5.0 ( https://www.metaboanalyst.ca) [39] to undergo the Kruskal
Wallis test. A threshold of (p<0.05) was used to select significantly
different features in the intensity domain, which was followed by false
discovery rate correction. In addition, the LR coefficients obtained from
the cross-validated model were used as a measure of relative importance
and the top 30 features for each ‘one-vs-rest’ case (i.e., 8 classes in total)
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were extracted by ranking their absolute coefficient values. The unique
features selected using this methodology were then compared with the
univariate list. Overlapping features from the two approaches were ul-
timately considered features significantly affected by age for this study.
Metabolic features were identified via literature search and online da-
tabases, including HMDB [40], Lipid maps [41], and Metlin [42].

3. Results

Access to FFPE samples spanning several decades enabled investi-
gation into metabolite content over an unusually long period. The FFPE
samples were grouped based on 10-year intervals ranging from 1940-
2020, with the newest samples collected in 2013. Following this
grouping, cost-sensitive logistic regression models were built, with the
results illustrated in Fig. 1. The confusion matrix shows the performance
of the model developed where an average classification accuracy of 96%
was achieved. Further groupings were tested based on 3-year, 5-year,
25-year, and 50-year intervals with all showing similar average classi-
fication accuracies in the range of 96-98% (Supplementary Fig. 1A-D).

As the classification model indicates a clear dependence of data
variation on sample age in this case, further investigation was carried
out to determine the features that are involved in the differentiation.
Using LR coefficients generated by the fitted model for each feature,
which represent their relative weights and univariate analysis of vari-
ance, “important” features were extracted from the dataset. As such, a
total of 152 features were deemed significant in separating the FFPE
samples in terms of sample age. Using only these significant features, a
new LR model was trained. To visualise the effect and validity of the
feature selection process, Receiver Operator Characteristic (ROC) curve
analysis was applied on the LR classification models before and after
feature selection, where an overall macro-averaged ROC curve was ob-
tained by averaging the individual curves for every class with equal
weight. Fig. 2 thus shows that feature selection retained the model
performance with the area-under-the-curve (AUC) changing from 0.98
to 0.97.
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Fig. 1. Confusion matrix of the LR classification model produced by cross-
validating the FFPE samples with 10-year interval ranging from the years
1940-2013, comparing the predicted age (x-axis) against the true age (y-axis),
with true positives appearing along the matrix diagonal (A). The size of each
group is also visualised and colour-coded to display the imbalance in distri-
bution (B).
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Receiver Operating Characteristic (FFPE samples)
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Fig. 2. Macro-averaged ROC curves for logistic regression models for FFPE
samples. The blue line represents the model built using all spectral features and
the orange line represents the model using only selected features deemed to be
statistically significant.

Further examination of the pre-processed FFPE data revealed 326
histological specific features in total, with the signal intensities in the
higher mass range (500-900 m/z) noticeably weaker than those in the
lower mass range (100-500 m/z). We thus further investigated the mean
intensities in these two regions separately as a function of time, which
revealed a decrease in intensity for the low mass range (100-500 m/z),
while higher mass range (500-900 m/z) features, including most lipids,
were relatively stable (Fig. 3), suggesting an independence of sample
age. Feature selection revealed 123 significant features detected in the
lower mass range (see Supplementary Table 2). 87 features were
detectable in the higher mass range, out of which 60 were found to be
stable with respect to sample age via the process of feature selection. As
FFPE samples underwent multiple solvent processing steps, FF samples
were used to evaluate the validity of the 60 features for tissue analysis,
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Fig. 3. The mean metabolic signal intensities of FFPE samples from the years
1935 - 2013. Blue crosses correspond to the lower mass range (100-500 m/z),
while red dots correspond to the higher mass range (500-900 m/z). The solid
lines represent the respective linear regressions performed on the data points.
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giving a total of 7 features overlapping between FF and FFPE samples
within a tolerance of 10 ppm. As an example, Fig. 4 displays the histo-
logical distribution of three features statistically unaffected by age and
found in both FF TMA and FFPE TMA samples, whereas the list of all
seven non-correlating and overlapping features can be found in Sup-
plementary Table 3.

4. Discussion

Based on the classification results from the previous section, FFPE
samples displayed clear separation when grouped by sample age. The
cross-validated model thus successfully identified the correct sample age
group with near perfect accuracy. Model optimisation by means of
feature selection further retained this accuracy and yielded a list of the
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most significant features behind the intensity separation of different age
groups. From the clear trend demonstrated in this representative data-
set, there is an evident sample age dependence in terms of the mass
spectral information, which was not removed by data pre-processing.
This potentially signifies that any subsequent classification is also
automatically influenced by this effect in features most affected. By
careful annotation of the significant features obtained, several meta-
bolically important features were highlighted. An example of which,
taurine, has been widely discussed to be a potential biomarker for
several diseases [18,20,43]. Taurine, however, is generally abundant in
the human body and reliable biomarkers usually require a specific
combination of multiple metabolites, whose intensities in the mass
spectrum may be influenced non-uniformally by the effect of aging. In
this regard, further investigation of metabolic spectral intensities (log-

FFPE

Fig. 4. Histological distribution of features of interest in one FF breast TMA and one FFPE breast TMA. To validate features from FFPE samples, ion images of the
same features were explored in FF breast TMAs. A) H&E stain of FF TMA and FFPE TMA, B) Ion image of 587.50 m/z for FF TMA and FFPE TMA, C) Ion image of
585.49 m/z for FF TMA and FFPE TMA, D) Ion image of 560.47 m/z for FF TMA and FFPE TMA.
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transformed) as a function of sample age was carried out by dividing the
spectral range into low mass (100-500 m/z) and high mass (500-900 m/
z) regions. It was found that the mean intensities (for every patient) in
the low mass region decreased linearly as the samples aged, further
validating the identification of certain distinguishing features such as
taurine (m/z 124.0074). Linear regression performed on these data
points produced a fit with a weak gradient of 0.218, hence displaying a
direct, but weak, dependence on sample age with calculated F-statistics
of 15.8 when null hypothesised against a constant model and a corre-
sponding p-value of 2.76 e-4, indicating that the model is statistically
significant within a confidence interval of 95%. On the other hand, the
high mass region observed much lower mean intensities over the same
time points, which is consistent with previous observations that depar-
affinizing samples with solvents (e.g., xylene) removes lipid information
that lies in this range [24]. Rather counter-intuitively, however, these
intensities are more consistent with respect to sample age. A regression
calculation in this case produced a low gradient (value) of 7.93 e-3 with
the corresponding F-statistics and p-value at 1.08 and 0.305, respec-
tively. This suggests that the null hypothesis that the data are constant in
time cannot be rejected, thus statistically supporting the qualitative
observation stated above. An apparent disadvantage of using FFPE
samples for metabolic study is that the amount of solvent used in sample
preparation reduces the lipid signal. Nonetheless, using matrix-assisted
laser desorption ionisation mass spectrometry imaging (MALDI-MSI),
several groups have shown that FFPE samples are appropriate for
analytical purposes, with a 72% overlap of metabolites between FF and
FFPE tissue [24,26,44]. Furthermore, our results suggest, despite their
comparatively low intensities, features in the high mass region remained
relatively constant over time. While solvent-resistant lipids have been
reported to remain in FFPE tissue [45], these findings also hint at the
auspicious possibility of using FFPE samples for meaningful metabolic
analysis and diagnosis. In fact, the phosphatidylinositols (PI) PI (38:3),
and PI (36:2) (887.56 m/z and 861.55 m/z) have been identified as
potential biomarkers in breast cancer [16-18,46]. It should also be
noted that the FF samples used as histological ‘ground truth’ in this case
exhibit uncharacteristically low intensities in general, most probably
due to their age, since the most recent sample was collected in 2003. The
relatively low SNR is thus expected to introduce mass inaccuracies and
may explain the sparsity in overlapping features with a stringent
threshold of 10 ppm. Similarly, a few other overlapping features remain
unidentified in this study, although further experimentation and
perhaps comparative study with a dataset more representative in in-
tensity can confirm their chemical species, as well as introducing more
common features. In fact, inspired by this finding, our pilot study has
also shown that FFPE samples could still be used to distinguish between
normal and malignant tissues (unpublished data), demonstrating that
the samples still contain sufficient biochemical information. This makes
FFPE particularly interesting to study in the future given the plentiful
and accessible nature of these kind of samples world-wide. With respect
to the linear effect of sample age on low mass metabolites, this repre-
sents the well-documented issue of concept drift in machine learning
[47]. Numerous approaches could be adopted to remedy the potential
inaccuracy this may cause in predictive modelling. As demonstrated by
the presented results, a simple linear relationship is expected from the
effect of aging and such prior knowledge allows for the effective
weighting of data from different age groups accordingly, although the
weakness of the observed effect in this case may not pose serious diffi-
culties even for a fixed model, which is consistent with some previous
reports [24,25]. Alternatively, an ensemble approach is also possible
where multiple models could be constructed from data of different ages,
to avoid any overall bias towards any age group. Lastly, for the discovery
of biomarkers, in particular, existing strategies often rely on the inter-
play and relative changes between a group of metabolites, which should
stay consistent regardless of their individual intensity values. Specif-
ically, the transformation of the intensity data into feature ratios should
inherently remove this linear effect in the intensity domain.
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5. Conclusions

The age of samples has long been hypothesised to affect the meta-
bolic information contained within FFPE samples. In this work, the
validity of this hypothesis was probed by means of supervised classifi-
cation based on manual curation of FFPE samples into age groups. This is
to our knowledge the first study of this kind showing the quantifiable
impact of sample age on metabolic information in clinical samples as
revealed by mass spectrometry imaging. Conversely, other factors such
as possible changes in chemicals used in tissue processing over the years
and solvents used in dewaxing the paraffin that are known to degrade
metabolites will have to be considered for a truly quantitative analysis of
said effect which sets the scene for future work. Overall, the FFPE
samples appear to be affected weakly and linearly by sample age,
especially in the low mass region, where the intensity of metabolites falls
as the sample ages. On the other hand, albeit lower in intensity, the high
mass region containing many useful lipid species retained stable signals
over time, making FFPE samples a promising alternative for metabolic
analysis in the future.
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