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The breast cancer molecular subtype is an important classification to outline the prognostic. Gold-standard
assessing using immunohistochemistry adds subjectivity due to interlaboratory and interobserver variations.
In order to increase the diagnosis confidence, other techniques need to be examined, where the FTIR spectros-
copy imaging allied with machine learning techniques may provide additional and quantitative information
regarding the molecular composition. However, the impact of co-added scans acquisition parameter into ma-
chine learning classifications still needs better evaluation. In this study, FTIR images of Luminal B and HER2
subtypes were acquired varying the scan number and preprocessing techniques. It was demonstrated a spectral
quality improvement when the scan number was increased, decreasing the standard deviation and outliers. Six
machine learning models were used to classify the subtypes: Linear Discriminant Analysis, Partial Least Squares
Discriminant Analysis, K-Nearest Neighbors, Support Vector Machine, Random Forest and Extreme Gradient
Boosting. Best mean accuracy of 0.995 was achieved by Extreme Gradient Boosting model. It was found that all
models achieved similar high accuracies with groups b256_064 (256 background and 064 scans), b256_128 and
b128_128. Besides assessing the performance of different models, the b256_064 was established as the optimal
group due to the minimum acquisition time. Therefore, this work indicates b256_064 for breast cancer subtype
classification and also as a basis for other studies using machine learning for cancer evaluation.

1. Introduction Infrared (FTIR) spectroscopy has been studied as a further cancer eval-

uation technique in the past years, not only to overcome the variations,

The breast cancer molecular subtypes classification plays an import
role in its treatment, sorting patients with divergent prognoses and
helping to select an appropriate and specific therapy [1]. Subtypes are
mainly classified according to its expression of three hormone receptors:
estrogen receptor (ER), progesterone receptor (PR), and human
epidermal growth factor receptor 2 (HER2). There are four subtypes:
luminal A (ER/PR positive, HER2 negative); luminal B (ER/PR positive,
HER2 variable); HER2 (ER/PR negative, HER2 positive); and Triple
Negative (ER/PR/HER2 negative) [2].

Subtypes are widely classified by immunohistochemistry semi-
quantitative techniques, however, several issues affect its assessment
quality, such as interlaboratory (antibodies, detection systems, and
protocols used) and interobserver variations [3]. Fourier Transform
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but also to provide additional information regarding the biochemical
content, contributing to improve assessment quality [4,5].

With the consolidation of FTIR spectroscopy imaging, which pro-
vides thousands of spectra in a single acquisition, machine learning
approaches stood out as powerful tools for many diagnostics, including
cancer classification [6,7]. Several protocols for using FTIR to analyze
biological samples have been published [8-10], standardizing acquisi-
tion and processing parameters, although number of co-added scans is
minimally commented, without considering its effects in machine
learning classifications.

Tahtouh et al, 2007 [11], studied parameters optimization,
including three scans numbers (4, 16 and 64), although no biological
samples or machine learning techniques were applied. Recently, Sacharz
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etal., 2020 [12], evaluated acquisition parameters in an empirical study
with brain tissue samples, varying scans from 1 to 128. Nonetheless, the
background scans number were kept the same of the sample scan
number, and only k-means clustering was applied. In this way, there is
still a lack of consensus for a systematic approach to define an optimal
number of co-added scans regarding a classification task.

2. Material and methods
2.1. Sample preparation

SK-BR-3 cells (ATCC number: HTB-30), a HER 2 subtype, ER/PR
negative, HER2 positive, and BT-474 (ATCC number: HTB-20), a
luminal B subtype ER/PR/HER2 positive [13], were cultured in DMEM
(Gibco, Life technologies, MD, USA) supplemented with 10 % of fetal
bovine serum (Gibco, Life technologies, MD, USA) and 50 pg/mL of
gentamicin (Gibco, Life technologies, MD, USA). For in vivo studies,
eight-week-old female Balb/c nude mice were subcutaneously injected
with 1 x 10° BT-474 or SK-BR-3 cells and tumor growth was followed for
4 weeks. Balb/c nude mice were bred at the animal facility of Nuclear
and Energy Research Institute, and all experiments complied with the
relevant laws and were approved by local animal ethics committees
(protocol number: 203/17). When tumors volume reached approxi-
mately 0.5 cm®, biopsies were collected and processed by formalin fix-
ation and paraffin embedding (FFPE) method. Twenty sections of 5 pm,
ten for each cell line, were then obtained using a microtome and fixed in
low-e microscope slides (MirrIR, Kevley Technologies, USA).

2.2. Image acquisition

Spectral images acquisition was accomplished using a Cary Series
600 system (Agilent Technologies, USA), composed by a Cary 660 FTIR
spectrometer and a Cary 620 FTIR microscope. This system has a focal
plane array (FPA) detector of 32 x 32 elements and 5.5 pm spatial
resolution, providing 1024 spectra per acquisition. The system was set to
operate between 3950 and 900 cm ™!, with 4 cm ™! spectral resolution in
transflection mode, due to the use low-e slides.

In each histological section, the FTIR image was acquired by varying
twice the number of co-added scans of the background, where each one
was acquired before a batch of varying sample scans six times, totalizing
12 acquisition per section. Background scans were set to 128 and 256,
while sample scans were set to 4, 8, 16, 32, 64 and 128. The groups were
labeled as “bx_y”, where x and y are the number of scans for the back-
ground and sample, respectively. Furthermore, adjacent paraffin regions
images were acquired, varying scans from 4 to 128 as sample scans.

For a reproducibly purpose, the same histological section region was
settled during the collection of all scans. Hence, single acquisitions were
performed instead of mosaics (grouping several single acquisitions in
one measure), resulting in 12,288 sample spectra acquired for each
section. In addition, scans of the same section were collected in
sequence, within the same spatial position, even for different back-
ground scans.

2.3. Data preprocessing and analysis

Data preprocessing was applied according to the protocols [8-10].
The pipeline was defined depending on the analysis, as describe in the
next paragraph. General steps included fingerprint truncation; Savitz-
ky-Golay (SG) filtering for smoothing with window size of 7 and for
obtain the second derivative; extended multiplicative signal correction
(EMSC) [14], with a zero degree polynomy, as second derivative does
not need baseline correction, and digital de-waxing [15]; and outlier
detection (quality test) using Hotelling’s T2 versus Q residuals with a
fixed removal threshold of 95 % confidence interval.

The analysis was divided in two: a spectral analysis to better visu-
alize the spectra distribution and variations; and a classification analysis
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to check how each group performs within the machine learning
approaches.

For the spectral analysis, each scan group was preprocessed by three
different pipelines, which originated three main groups division: RAW,
PP and OUT. The Table 1 describes the applied preprocessing steps in
each one.

Cell lines were not considered as a grouping feature for spectral
analysis, therefore only scan number and preprocessing steps were
compared in this part. The groups were analyzed using mean + standard
deviation (SD) plots and principal component analysis (PCA) scores
plots. The PCA scores and all the other analysis which used the finger-
print preprocessing refer to the biofingerprint region (1800 to 900
ecm™1), excepts the spectra for mean + SD plots, where the dead region
(2000 to 1800 cm 1) was added, hence showing spectra truncated from
2000 to 900 cm ™.

For the classification analysis, PP and OUT groups division were
used, besides the scan group division. In addition, another main division
was also applied in this part, splitting the previous groups according to
the cell line. In this way, the classification could be compared by scan
number, preprocessing steps, and machine learning technique.

Six machine learning classifiers were modeled using default
hyperparameters:

Linear Discriminant Analysis (LDA): number of components = 1;
singular value decomposition solver with tolerance (significance
threshold) = 1e-4.

Partial Least Squares Discriminant Analysis (PLS-DA): number of
components = 10; nonlinear iterative solver with tolerance (conver-
gence criteria) = le-6; maximum number of iterations = 500; discrim-
inant threshold = 0.5.

K-Nearest Neighbors (KNN): number of neighbors = 5; Euclidean
distance metric.

Support Vector Machine (SVM): radial basis function kernel with
gamma coefficient = one divided by number of features times feature
variance; cost parameter (regularization) = 1; tolerance (convergence
criteria) = le-3.

Random Forest (RF): number of trees = 100; split metric = Gini
impurity; maximum features = 21 (square root of the number of fea-
tures); minimum impurity decrease = 0; no pruning.

Extreme Gradient Boosting (XGB): gbtree booster; learning rate =
0.3; maximum depth = 6; L2 regularization = 1; no L1 regularization;
minimum loss decrease = 0;

Model training was performed by a stratified 5-fold cross-validation
(CV), varying the fold split seed 10 times, resulting in 50 trainings per
model. Preprocessing steps were applied after each fold split, where test
data were only transformed according to the train fitting, preventing
information leakage between train and test data. Models were assessed
independently, where intra-groups test accuracies, i.e., different scans
performances from a same model and same PP or OUT group, were
evaluated using Friedman + Nemenyi test [16] with a significance level
of 5%.

All the study was accomplished using in house algorithms in Python,
except by Friedman + Nemenyi test, written in R language. The main
source codes can be found at https://github.com/delvallem/specDS and
the usage at the supplementary material.

Table 1

Preprocessing steps applied in each group: RAW, PP, OUT.
Step RAW PP ouT
Outlier x x v
Fingerprint v 4 v
Derivative v 4 v
Smoothing x v v
EMSC x v v
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3. Results and discussion
3.1. Spectral analysis

The Fig. 1 shows a representative spectra comparison of lowest and
highest scans for both background and sample (b128_ 004 and
b256_128). The RAW plots demonstrate greater SD of b128_004 group in
comparison to b256_128, as evidenced by its wider range of shades in
relation to its mean, especially at Amide I and II region (1700 to 1500
cm ) [8,17]. The PP group presented a decrease in b256_128 SD,
enabling a better visualization of the mean spectrum shape, while
b128_004 did not present visual improvements due to the high SD. These
findings suggest more outliers in b128_004, as the preprocessing tech-
niques so far were not able to improve its quality. This tendency also
occurs in OUT group plots, as the implementation of outlier removal
method decreased b128_004 SD and made possible to distinguish its
mean spectrum shape, which became like to b256_128. When compared
to its PP, the OUT b256_128 group presented a slight decrease of its SD
and a similar mean spectrum, indicating less impact of outliers, since
there was less improvement than b128_004 after the outlier removal.

Comparing all groups (please check Supp. Fig. S1 to S6 in Supple-
mentary Information), it is possible to verify the same changes, SD
decrease and better definition of the mean spectrum shape, progres-
sively from lowest to highest sample scan (004-128). The OUT plots
(Fig. S5 and S6) evidence a SD decrease not only in Amide I and II re-
gion, but also within 1350 to 900 cm™!, which are mainly related to
amide ITT (1350 to 1200 cm ™), DNA and RNA (1235 to 1080 cm ™), and
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carbohydrates (1200 to 900 c¢m ') content. Lower SD in this region is
expected as amide III is not reported with intense variation in breast
cancer [17], and as BT-474 and SK-BR-3 present similar DNA features
[18]. Besides, tumors from xenograft cells exhibit a less heterogenous
tissue than a regular human tissue [19], thus decreasing features vari-
ation in this analysis.

The dead region (2000 to 1800 em™!) does not contain tissue in-
formation, thus the SD of this region is only affected by environmental
fluctuations [7]. These fluctuations are mainly related to water vapor
content, as its absorption region is characterized from 2072 to 1205
em™! [20]. The dead region did not exhibit SD in any group, thus
indicating that there was no water vapor contribution to the different SD
range in the biofingerprint region (1800 to 900 cm ™) among the groups.
This fact is mainly related to the fast single scan acquisitions in a
sequential way. A 128 scan took an average of 2 min to be acquired,
where halving the scan almost halves the acquisition time, hence
obtaining scans variations in similar ambient conditions.

PCA plots (Fig. 2) corroborates with spectra comparison, where
b128_004 presented sparse scores distribution in RAW and PP groups,
which can also be evidenced by the scale range, and as observed in
b256_128 the distribution of same groups was concentric with few
sparse points. Both OUT plots show clustered scores, however b256_128
scale range is lower than b128_004. As in spectra plots, when comparing
all PCA plots (Fig. S7 to S12), it is possible to visualize the detailed
changes along the increase of scan number.

Although spectra and PCA plotting make possible to visualize the
changes as sample scan number is increased from 004 to 128, it is hard to
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Fig. 1. Spectra comparison of b128_004 and b256_004 for groups RAW, PP, and OUT. Mean spectrum (solid line) and standard deviation (shades).



M. del-Valle et al.

PP

PC-2 (12.07%)

PC-2(0.16%)

10

w

o

-5

600

500

400

300

200

100

-100

ouT

Fig. 2. Principal Component Analysis (PCA) of b128_004 and b256_004 for groups RAW, PP, and OUT. Dots denote PC-scores and red line the Hotelling’s T2 95 %

PC-2 (15.87%)

Vibrational Spectroscopy 117 (2021) 103309

PC Scores PC Scores
@® 1128 004 ‘ ® 1256128
6
4
- . o
9
8 2
o
(=1 Ols ¢
N 0 ‘
2 .
-2
.
-4
.
4 2 o 2 4 & 8 1 1
PC-1(17.21%) PC-1(49.45%)
PC Scores PC Scores
® 1128 004 . ® 1256128
04
.
= 02 N
9
o0
A
E *..
:' 0.0 £
4
-02
. .
-0.4 °
0 2000 4000 6000 8000 10000 12000 14000 16000 00 02 04 06 08 10 12
PC-1(99.64%) PC-1(32.16%)
PC Scores PC Scores

PC-2 (17.85%)

01

0.2

confidence ellipse. PC-1 and -2 cumulative variance between parentheses.

perceive major changes among highest scans, such as 064 and 128,
especially for OUT groups, where the preprocessing techniques, mostly
the outlier removal, approximate lower and higher scan samples. It is
even harder to distinguish between b128 and b256 for same sample
scans. In this way, a classification quantitative analysis can give an
additional perspective of these different scans and how they perform
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Fig. 3. Best model (XGB, Extreme Gradient Boosting) test accuracy boxplot by groups. Dashed blue line splits different background scans (b128 and b256).
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objective for many cancer evaluations.

3.2. Classification analysis
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the highest mean accuracy of 0.995 was achieved by OUT b256_128
group. It is possible to see an accuracy augmentation tendency in rela-
tion to higher sample scans, as well as for higher background scans, but
in a less evident way. Lower sample scans also demonstrate higher ac-
curacy SD, indicating a model generalization difficulty along the CV,
possibly due to noisy data varying during the folds. All models’ boxplots
can be seen in Supp. Fig. S13 and S14.

RAW groups were excluded from this analysis as EMSC application is
necessary. Most models are negatively affected when using non-
normalized data, and all of them would use paraffin bands variation
to misclassify the data. The fixed threshold for outlier removal in OUT
groups assisted to not result in biased data, such as removing more data
from lower scan numbers than from higher ones. On average, 10 % of the
data were removed by the outlier algorithm.

Tree-based models, XGB and RF, presented similar PP and OUT
groups metrics, endorsing their robustness to outliers [21]. Even though
XGB tends to be more prone of being affected by outlier than RF, since
each individual tree learns from the previous, its techniques, mainly the
regularization [22], enabled to perform similar with PP and OUT. The
others models exhibited better accuracies for OUT groups than for PP,
specially the SVM model, once outliers affect its hyperplane separation
and make it a fragile model for this case [23].

SVM and KNN models presented the lowest accuracies, that may be
related to their difficulties when dealing with large features number [23,
24], while tree-based models apply subsampling techniques, and LDA
and PLS employ dimensionality reduction. Using feature selection and
extraction approaches, such as feeding the models with n PCs instead of
the whole spectra, could help to overcome this issue, although it was not
tested in this study for the sake of comparison. Additionally, to stan-
dardize the comparison, default hyperparameters were chosen for all the
models to avoid better results due to improved optimization in one
model in comparison to the others. Still, feasible hyperparameters were
used in relation to the data, making a general evaluation of the models.

PCA noise reduction [8] was also tested, using n PCs until 99 % of
explained variance was obtained, but no accuracy improvement was
presented by the models, corroborating with the clustering analysis

XGB-OUT
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performed by Sacharz et al., 2020 [12], thus this result was omitted for
simplicity.

The Friedman test indicated significant difference in all the models,
for both PP and OUT, hence the Nemenyi test could be performed, where
its results are shown in Fig. 4. It is possible to see a pattern of better
critical values (closer to one) when increasing the number of sample
scans for both backgrounds. All the models presented no significant
statistical difference between b256_128, b256_64 and b128_128, except
for SVM-PP model, which had its shortcomings already discussed and
exhibited difference for b128_128. Therefore, these three scan groups
demonstrated similar prediction performance, especially when applying
the outlier removal algorithm.

While it is plausible in terms of accuracy to choose 128 sample scans
with any of the backgrounds, b256 or b128, the b256_64 choice brings
the additional of time optimization. In real clinical tasks, larger areas of
the biopsies have to be evaluated, requiring mosaic acquisition to cover
a region in order of centimeters. In this way, halving the sample scan,
almost halves the time acquisition, improving the clinical applicability
of the technique. As the background can be collected in a single scan,
even if sample mosaics are performed, using b256 scans instead of b128
does not imply in a significant impact to acquisition time.

Luminal B and HER2 subtypes were chosen for this study to focus on
ER/PR classification, as up to 80 % of breast cancer are ER positives and
up to 65 % are PR positives, besides presenting the best treatment
outcome when they are both positive and diagnosed in early stage [25].
Hence, a better evaluation between them may provide important prog-
nostic and therapeutic information. In addition, this scan evaluation can
be used as a basis for other studies using machine learning with cancer
samples.

4. Conclusion
The analysis of co-added scans number for FTIR spectroscopy images
demonstrated great impact on the acquired spectra, where higher sam-

ple scans decreased the standard deviation and the outlier impact.
Preprocessing techniques can help to improve the quality of data,

-12

-11

- 10

008 016 032

b256

Fig. 4. Critical values heatmap for the Nemenyi test. Yellow stars denote the best tied accuracies within each model (scans where the critical distance presented no

significant statistical difference).
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approaching the characteristics of lower scan groups to higher ones. The
256 background and 064 sample scans group (b256_064) showed up as
the best cost-benefit for machine learning classification tasks, presenting
the best classifications together with b256_128 and b128_128, but with
approximately half the acquisition time, thus a better clinical trans-
lational potential.

Improving the machine learning classification of breast cancer sub-
types may lead to a better prognostic, where the ER/PR positive subtype,
assessed in this work, present the best treatments responses among the
subtypes when diagnosed in early stage. This work also suggests
b256_064 as a basis for other studies using machine learning for cancer
evaluation.

In order to test the code, measurements in other equipments should
be evaluated, since the scans numbers performance may vary from
different spectrometer manufactures. Other preprocessing steps,
models’ parameters optimization and different machine learning models
may also be evaluated in other studies.
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