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Abstract. This work presents a pilot study to illustrate the potential of Fourier transform infrared (FT-IR) imaging in breast
cancer research. Using this technique, we have acquired infrared (IR) microspectroscopic images from healthy and cancerous
breast tissue section from one patient. First of all, a Student t-test was applied, showing DNA/RNA spectral region (1400–
1000 cm−1) as the most discriminant for the differentiation between healthy and tumor samples. Afterwards, a supervised
pattern recognition method, Partial Least Squares (PLS) was used to develop an automated classifier to discriminate the two
classes of data. Infrared spectra of independent IR measurements were used to test the classifier. The class identity was cor-
related with information obtained by histopathologic gold standard. The results showed that more than 95% of the training
and validation spectra were correctly identified. We demonstrate that combination between IR microspectroscopic imaging and
multivariate data analysis can be used as a complement to present diagnostic tools for breast cancer.
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1. Introduction

Breast cancer is the most frequently diagnosed cancer in women in Western countries. This cancer
represents approximately 30% of all cancers diagnosed and 16% of all cancer deaths [3]. The prognosis
and diagnostic of breast cancer has always been based on clinical variables such as histologic type and
grade, lymph node involvement, tumor size and status of hormonal receptors. After surgery or biopsy,
a specimen is prepared using histology procedures for viewing under a microscope and the diagnosis of
tumors relies on the visual inspection of stained tissue sections by a trained pathologist. The visualisation
of the structure and distribution of cellular components in tissue sections using light microscopy has
become the histopathologic gold standard procedure.
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Because of its potential to probe tissues and cells at the molecular level without requirement for
extrinsic contrast agents, infrared spectroscopy could become an attractive tool in clinical and diagnostic
analysis to complement the existing methods. Hundreds of biological applications of this technology
have been published since it was demonstrated, in the eighties, that FT-IR spectra of bacteria provide a
unique fingerprint that allows the identification of bacteria species [4,9,14]. In cancer research, it was
demonstrated that different tumor cell lines can be identified by statistics analysis of their FT-IR spectra
[10,15,16]. Furthermore, tumor cell lines with different biological behaviour can be separated thanks
to this technique. For instance, in vivo aggressiveness and in vitro migration of glioma cell lines were
successfully predicted from their IR spectra while no molecular biology technique was available [5].
As IR spectroscopy is based on the absorption of infrared light by vibrational transitions in covalent
bonds, characteristic spectral features are correlated with biological properties of the sample. So, useful
diagnostic information can be extracted from infrared spectra in case of different pathologies [7,12].

The recent availability of IR-sensitive multi-channel array of detectors allows to obtain spatially re-
solved chemical and structural information of tissue sample. IR imaging presents several advantages.
(i) This technology is rapid as IR data can be collected and interpreted within minutes by statistical
analysis; (ii) neither staining of the samples nor chemical reagent additions are necessary as the intrinsic
molecular vibrations probe the chemical composition and structural properties of the sample; (iii) this
technology is non-destructive. Because of the subtle alterations in the morphological and biochemical
composition of the tissue associated with cancer transformation, collection of high-quality spectra and
high spatial resolution is necessary for the diagnostic of cancer disease.

Here, we applied mid-IR microspectroscopic imaging to breast cancer tissue and demonstrate that the
differentiation between normal and malignant tissue can be obtained by statistical analysis of their IR
features. Because the distinction between tumor and normal tissue is crucial in surgery to maximally re-
move tumor cells and minimally affect normal breast tissue, we evaluate in the present work the potential
of IR microspectroscopy for diagnostic of breast cancer disease. Importantly, we show that the identi-
fication of cell type can be achieved on formalin-fixed paraffin-embedded tissues (FFPE) which gives
access to a large tumor tissue bank and allows direct comparison with histopathologic gold standard
procedures.

2. Materials and methods

2.1. Sample preparation

Human breast tissue was obtained from the FFPE Tumor Bank of the Institute J. Bordet in Brussels.
The breast sample corresponds to one surgical piece of one patient. A 3 µm tissue section was cut
from paraffin-embedded tissue block mounted on a glass slide and stained with Hematoxylin and Eosin
(H&E) for histological assessment. Regions of interest (healthy and tumor tissue) were identified using
the stained section by a trained pathologist. A second 3 µm tissue section was mounted on a barium
fluoride (BaF2) disk for IR imaging analysis. This section was subsequently deparaffinized, rehydrated
and dried but not stained.

2.2. Spectroscopic data acquisition and processing

The IR data were collected using a Hyperion 3000 IR imaging system (Bruker Optics, Ettlingen,
Germany), equipped with a 64 × 64 Mercury Cadmium Telluride (MCT) Focal Plane Array (FPA)
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detector. The data were collected in transmission mode from sample regions of 170 × 170 µm2. Every
individual element of the array detector covers an area of 2.7 × 2.7 µm2. The spectral resolution was set
to 8 cm−1. One IR image results in 4096 spectra, each one being the average of 256 scans (ca 5 min
recording). All the spectra were preprocessed as follows. The water vapour contribution was subtracted
as described previously [6] with 1956–1935 cm−1 as reference peak. Spectra were retained for further
analysis when, on the Amide I and II region, the absorbances were superior to −0.2 and inferior to 1.4
absorbance units and when the Signal-to-Noise ratio was better than 500:1. This ratio is calculated using
1750–1480 cm−1 spectral range for signal and 2000–1900 cm−1 region for noise determination. Finally
the spectra were normalized for equal area between 1481 and 1725 cm−1 (Amide I peak) and converted
into second derivative spectra.

A Student t-test is used in this work to determine whether two population means are equal or not. This
supervised statistical test requires a normal distribution of the IR data which was checked with success
for the two populations by a Kolmogorov–Smirnov test. The significance level (α level) was set to 0.1%.

Discriminant Partial Least Squares (PLS) is a supervised statistical analysis which requires a priori
identification of groups of data contained within the training samples; for example, in our case, the iden-
tification of IR spectra belonging to healthy tissue and those representing tumor tissue. This technique
will group the IR data into classes predefined by the operator and construct a discriminant model which
will be tested on a validation data set (IR images not included in the training data set).

3. Results and discussion

Four IR images were recorded in the healthy region of the tissue slice and four images in the tumor
(see Section 2.2). To gain more insight into the biochemical differences between the two breast tissue
regions of interest, a Student t-test was performed. After computation of the mean spectra for each
condition, significant differences (α = 0.1%) were observed mainly in the DNA/RNA spectral region
(1400–1000 cm−1) (Fig. 1).

On a second step, a discriminant PLS classifier was built based on the histopathological informa-
tion of the IR measurements. Four IR images per condition were used for the training data set. For the
discrimination between the healthy and tumor samples, the PLS model was constructed on the most
significant spectral region determined by the Student t-test (1400–1000 cm−1). After pretreatments and
filters (see Section 2.2), 100 spectra per IR image were randomly extracted and used as the training set
i.e. 400 spectra for each condition. Table 1 reports the results of the PLS classification for the training
set of spectra. For the validation data set, two additional IR images per condition were recorded from
the breast tissue sample. The results of the assignments for the validation data set are shown in Table 1,
after elimination of spectra with low intensity, saturation and low Signal-to-Noise ratio as explained in
Section 2. Between 3400 and 4000 spectra were retained per IR image and used for the statistical analy-
sis. Table 1 reports that more than 95% of the spectra were classified correctly by the PLS discriminant
model built on the DNA/RNA spectral region (1400–1000 cm−1).

In this article, we have applied a Student t-test, supervised statistical test to gain more insight into the
biochemical differences between diseased and healthy tissue which is mainly composed of collagen and
fibroblasts. Yet most of these differences were located in the DNA/RNA spectral region. Several studies
have previously reported spectral differences for cells at different stages of the eukaryotic cell division
cycle [1,2,13]. These differences are caused by the morphological and biochemical changes occurring
within the cell division cycle. It was suggested that cells DNA is detectable mainly during the replication
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Fig. 1. Spectral features comparison by a Student t-test between second derivative spectra recorded in healthy and tumor regions
of the breast tissue slice. Mean spectrum corresponding to healthy (A) and tumor class (B), obtained after averaging the spectra
of 4 IR images per condition. The standard deviations for the mean spectra are plotted in dashed lines. (C) The difference
spectrum between the two conditions was multiplied by a factor 2. The Student t-test was computed at every wavenumber
on the 1800–1000 cm−1 spectral region with a significance level of 0.1%. Each marked wavenumber (gray star) represents a
statistically significant difference between the two means.

Table 1

Identification accuracy of the training and validation data sets

Attribution by a trained Number of spectra included in Attribution by the PLS model
pathologist the training/validation data set % of correctly classified spectra
Healthy tissue Training set 400 100

Validation set #1 3782 99.9
Validation set #2 3447 95

Tumor Training set 400 100
Validation set #1 3982 100
Validation set #2 3742 99.9

Notes: Proportion of correct identification (in %) in the training and validation data sets by PLS discriminant
analysis applied to healthy and tumor breast tissues. For the training data set, 400 spectra per condition
(healthy and diseased samples) were used for the construction of the PLS model. For the validation set, two
additional IR images per condition were recorded.

stage. Otherwise, the nucleic acid contribution of the spectrum is mostly due to cytoplasmic RNA, DNA
being too tightly packed in the nucleus to allow the infrared radiation to cross through [1]. Meanwhile,
Mourant et al. demonstrated that the ratio RNA/lipid could be used to determine the proliferative status
of mammalian cells [13]. A diagnostic advantage of the FT-IR spectroscopy in cancer research is that
the development of a cancer DNA phenotype can be observed prior to the tumor formation, notably
for prostate carcinomas [11]. As tumorigenesis in humans is a multistep process, cells acquire several
capabilities leading to the progressive conversion of normal human cells into cancer cells, notably the
limitless potential of growth [8]. As cancer cells are in high proliferative stage and DNA is more de-
tectable in the S-phase of growth, it is not surprising that the DNA/RNA spectral region shows the most
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discriminative differences between healthy and tumor samples. Anyway, a PLS model based to this
spectral region shows good classification of the validation data set.

In conclusion, the present study demonstrates that healthy and tumor regions in breast tissue section
can be differentiated on the basis of their IR spectra. There are only small differences between mean
spectra of the two conditions, but thanks to the high Signal-to-Noise ratio obtained, the discriminant
PLS model was able to recognize characteristic spectral features which allow the construction of an au-
tomated classifier able to separate healthy from tumor tissue. Importantly, we show here that IR imaging
can be applied on formalin-fixed paraffin-embedded tissues paving the way to retrospective studies. We
also demonstrate that IR microspectroscopic imaging is a powerful tool for biodiagnostics respecting the
tissue microheterogeneity and requiring only a few minutes for IR data acquisition. In turn, this technol-
ogy has a great potential for the detection of isolated cells present in the healthy tissue like metastatic
cells.
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