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Combined analytical approach empowers precise spectroscopic
interpretation of subcellular components of pancreatic cancer cells
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Supplementary Figure S1. The annotation process of CNN training dataset. On unstained tissue slides,
a pathologist marked areas of cancer cells and the tumor stroma (or clean space) with different labels.
The spectra from corresponding areas on the RHM map were extracted as the training dataset. As
depicted in (A) only a fraction of the total areas was marked for each label (approximately 22% of
spectra was extracted for the CNN training dataset), leaving the rest for the CNN as a validation dataset.
The CNN model generalized well on the whole RHM map (B), as confirmed by the pathologist.
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Supplementary Figure S2. Custom CNN and dense classifier architectures designed for training and
testing in differentiating subcellular areas of pancreatic tumors (AVAC, cPDAC, and IPMC). The
CNN was composed of a set of 3 convolutional layers with 32 filters (kernel size [3,]), followed by a
set of 3 convolutional layers with 64 filters (kernel size [3,]) and max pooling (pool size [3,], stride
[2]), and another set of 3 convolutional layers with 128 filters (kernel size [3,]), max pooling (pool size
[3,], stride [2]), and a batch normalization layer. Then a dropout (0.2) layer and set of 4 fully
connected classification layers. The ReLu activation was used for each convolutional layer. Afterward,
another dense classifier was used that combined the CNN-based classification result with DNA
methylation and proteins secondary structure ratios (see Methods section in the main document).
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Supplementary Figure S3. Various methods of PC tissues’ spectral analysis. CNN prediction map with
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Supplementary Figure S4. The juxtaposition of high-dimensional data visualization techniques. The
2D scores plots obtained from PCA of Raman spectra classified by the CNN as PC subtypes’ cellular
nuclei (left) and cytoplasm (right) (A), compared with the plotted results of tSNE of the same Raman
spectra (B).
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Supplementary Figure S5. CNN Prediction vs CNN Training. Exemplary comparison of the cytoplasm
of all AVAC cells included in the CNN training dataset compared with the spectra classified by the pre-
trained CNN as AVAC cytoplasm class depicted as (A) mean spectra — showing almost no spectral
differences and (B) PCA 2D scores plots, which shows the overlapping of both groups. Moreover, the
extended plotting of the prediction spectra highlights the generalization of the classification process.
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Supplementary section — Methods of multivariate data analysis used in the study

We used and compared different multivariate spectral data analysis methods in this study. They
all have advantages and disadvantages, some are better used in some specific conditions or expected
results requirements. Below, these methods, including supervised and unsupervised techniques, are
briefly described.

HCA is a useful method of clustering based on spectra similarity. As a result of the calculation,
the algorithm produces dendrograms and allows for assembling the false-color maps. In this method, we
observe the direct comparison, therefore the result is the mix of the signals from various bio-components
[1]. Due to this limitation, the conclusions can be difficult to obtain as the interferential effect may be
observed. However, with proper supervision and algorithm parameter adjustments, the resulting map
images allow for the distinction of the subcellular components, such as the nucleus and cytoplasm [2].

In NMF the algorithm is based on decomposing the data matrix into two lower-rank non-
negative matrices W of scores related to the individual chemical bases and H of factors. The main
advantage of using the NMF approach is the possibility to identify and differentiate biochemical
compounds (such as proteins, lipids, phospholipids, or nucleic acids) in the spectra with reasonable
confidence based on the H matrix. Similar to the HCA method, the maps that present the occurrence
region of the component are available after calculations. Importantly, NMF can extract the signal from
water as one of the components; thus, revealing the initially “covered” signals from other components,
such as proteins or nucleic acids). When analyzing the secondary structure of proteins this “uncovering”
ability is important, otherwise, the O-H bending motion at 1643 cm™ overlaps with the amide | band
making the proper interpretation of proteins’ structural conformation hard or impossible. Another
solution to proteins’ secondary structure interpretation might be analyzing the amide III region of the
spectra (1228-1218 cm™?) instead of amide I. Such an approach was utilized in the current study.

Although NMF is useful for analyzing whole RHM maps, and thus, good for tissue samples, the
research performed on singular spectra, which the beforementioned, promising ATR-FTIR-based serum
diagnostic results with, are more difficult. Because NMF extracts the general distribution of molecular
components, such as proteins, by analyzing the whole RHM map, it lacks precision, so important in
analyzing single cells in tissue samples. As depicted in Figures 2C, 2D, and 2E individual cells cannot
be identified. Moreover, the whole map instead of a single spectrum interpretation, makes NMF prone
to mixing the results with “unwanted” stromal cell compartments, such as inflammation cells (i.e.,
neutrophils, lymphocytes, or histiocytes) when analyzing nucleic acids NMF components (Figure 2C)
or stromal extracellular proteins (i.e., extracellular matrix, collagen, and fibroblasts) when investigating
proteins NMF components (Figure 2D).

An unsupervised tSNE is a common solution for “simplifying” and visualizing high-
dimensional data. It has been widely used in the DNA methylation-based classification of tumors of the
central nervous system [3]. It comprises complex math to reduce the number of dimensions in a non-
linear fashion. In simple words, the algorithm embeds points from higher to lower dimensions, but
without losing the neighboring points.

Another unsupervised technique, the PCA, comprises of automatic features extractor, however,
it cannot classify. Instead, it produces multidimensional space plots (scores) based on the linear
transformation of data to so-called principal components, which are described by orthogonal axes. The
relation and separation of data can be recognized according to their influence on the scores. Additionally,
PCA reveals the spectral differences among the data points by defining the “loadings”, which highlight
differentiating spectral bands.
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Supplementary Table S1. Characteristics of patients included in the study. IPTN, Intraampullary

papillary tubular neoplasm; IPMN, Intraductal papillary mucinous neoplasm; AJCC, American Joint
Committee on Cancer staging classification 8" edition;

# Gender Age Tumor location Diagnosis by WHO 5 edition Grade f}ggesm
1 M 53 Ampulla of Vater _IPTN_Wlth an associated carcinoma a2 oT2
intestinal type
) M 67  Common bile duct Adenocarc!n_oma of common bile duct a2 oT3
pancreatobiliary type
3 F 73 Ampulla of Vater IPTN with an associated carcinoma a2 oT1b
pancreatobiliary type
4 F 61 Pancreatic head Ductal adenocarcinoma, NOS G2 pT2
5 M 51  Pancratic tail Ductal adenocarcinoma, NOS G2 pT2
6 M 61 Pancreatic head Ductal adenocarcinoma, NOS G3 pT3
7 M 58 Pancreatic head IPM_N with an associated invasive Gl oT1a
carcinoma
3 M 76  Pancreatic head IPM_N with an associated invasive G2 oT3
carcinoma
9 . 68  Pancreatic head IPM.N with an associated invasive a2 oT2
carcinoma
Ampullar | carcinom
10 F 83  Ampulla of Vater putia y_d_ucta carcinoma G2 pT3b
pancreatobiliary type
11 F 54 Ampullaof Vater . mpullary ductal carcinoma G3  pT2
pancreatobiliary type
12 F 63 Pancreatic head Ductal adenocarcinoma, NOS G3 pT3
13 M 67  Pancreatic head Ductal adenocarcinoma, NOS G2 pT2
. IPMN with i i i
1 M 72 Pancratic tail _ with an associated invasive a2 oT2
carcinoma
15 . 78 Pancreatic head IPMN with an associated invasive a3 oT2

carcinoma
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