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ABSTRACT

FTIR spectroscopy is a common technique for cancer diagnosis. Applied tissue samples are
heterogeneous and may be damaged in preparation procedures. Easier sampling, more avail-
able samples and also easier process with assured results would be interesting. Whole blood
samples include all of these qualifications and our hypothesis was the bio-molecular changes
in blood which manifest themselves in different optical signatures, detectable by FTIR spec-
troscopy. Noncancerous blood samples were differentiated from cancerous ones using ATR-
FTIR spectroscopy and LDA classification method. Procedure was 100 percent and 90 percent
accurate in prediction of cancerous or noncancerous situation for 33 known and 10 unknown
samples, respectively.

INTRODUCTION

Cancer is one of the leading causes of death in the world.
Many efforts have been made to improve the diagnostic meth-
ods in order to reduce the amount of death by cancer disease.
Nowadays, the pathologic methods are most common proce-
dures for cancer diagnostic studies. Although spectroscopy has
been also applied as an efficient tool for these studies.
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Recently Fourier-transform infrared (FTIR) spectroscopy has
been employed to detect cancer tissues from noncancerous ones
in different types of cancer such as colon cancer, cervical cancer,
gastric cancer and bowel disease (1–7). In the most of these
researches the infrared spectral characteristic has been studied.
Specific regions of the spectra have been analyzed by statistical
tools to study variations in metabolites that signified changes
between the 2 pathological conditions.

In a research work, normal and cancerous breast tissue sam-
ples have been detected by FTIR spectroscopy with an attenu-
ated total reflection (ATR) probe, comparing the band variations
by using standard statistic methods. The results demonstrate
that bands of protein, lipid, carbohydrate, and nucleic acid from
cancerous samples are significantly different from those normal
ones (8).

However, the preparing of biopsy samples involves 4 steps:
fixation, embedding, sectioning and mounting on a glass slide,
and finally staining, in which fixation and embedding process
are dangerous, as the treatment may distort the cell structure and
immersion of tissues in lipid solvents, such as xylene, dissolves
the tissue lipids (9). On the other hand, any tissue samples are
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normally very heterogeneous, comprising several components
and different cell types.

It has been tried to distinct the premalignant and malig-
nant cells and tissues from their normal state using specific
parameters obtained from FTIR spectra, making it a rapid and
reagent-free method. It could be called as a substantial progress
in computational methods to increase the sensitivity, making it
an objective and sensitive technique suitable for medical de-
mands (10). FTIR spectroscopy with ATR also has been utilized
to estimate the secondary structure of amide I in normal and
cancer tissue of human colon results, in which it was shown that
conformational changes of the secondary structure of protein in
normal and cancerous human colon tissue are: increment in beta-
turns and composition of alpha-helixes and also decrement in
beta-sheets due to cancer while the composition of random coils
would not be significantly different between normal and cancer
tissues (11). Glycogen levels in normal and cancerous tissues
have also been measured by the FTIR spectroscopic method.
Its reliability has been confirmed by chemical analysis of the
same tissues used for the FTIR spectroscopic measurements,
suggesting that this spectroscopic method has a high specificity
and sensitivity in discriminating human cancerous tissues from
noncancerous tissues (12). ATR-FTIR technique also has been
used for analysis of healthy and breast cancer affect people’s
hair, which was shown to increase the -sheet/disorder structures
(relative to -helix structures) and C–H lipid content of hair from
breast cancerous patients. Thus, it was supposed that the pres-
ence of breast cancer appears to alter the hair growth process,
resulting from changes in the composition and conformation of
cell membrane and matrix materials of hair fiber. The results
were tested for other types of cancer such as prostate and lung
but results were not completely reliable (13).

Nowadays chemometrics has become a powerful tool for
many analytical purposes. Gazi et al. applied chemometric treat-
ment of FTIR spectra, using the linear discriminant algorithm, to
demonstrate a promising method for the classification of benign
and malignant tissues. Using the principle component analysis,
they achieved the separation of FTIR spectra of prostate can-
cer cell lines derived from different metastatic sites for the first
time. Of course all merits of sample preparation were yet re-
mained (14). Some other chemometric methods such as “Soft
Independent Modeling of Class Analogy (SIMCA)” (15) and
“Noise Band Factor Cluster Analysis (NBFCA)” (16) also have
been researched for classification of spectral data obtained from
tissue sample studies.

As mentioned before, studying the tissue samples has draw-
backs such as difficult sampling, low speed sample preparation
and very sensitive keeping conditions. Thus, it seems neces-
sary to look after a substitute for tissue samples which would
be easier in providing and analysis, while its results are reli-
able. According to our review, there is no report in all around
the world to indicate the analysis of whole blood by ATR-FTIR
spectroscopy using discriminant analysis for cancer diagnosis.
In this work we replaced whole blood sample instead of the tis-
sue, because blood is a homogeneous sample and the sample
preparation procedure is very simple.

As we know, ATR has added a quantitative analysis power to
the FTIR spectroscopy. Also, both the quality and the quantity
of the samples are possible to be analyzed by using ATR-FTIR
spectroscopy. It is mentioned that “quality” stands for study-
ing the presence of a proposed functional group and “quantity”
stands for measurements indicating the concentration of fore-
said functional group in the sample. So it may be possible to
compare 2 groups of bloods: cancerous and noncancerous.

The Linear Discriminant Analysis (LDA), one of the chemo-
metrics classification methods, was employed to classify the
spectra of both cancerous and noncancerous samples.

MATERIALS AND METHODS

Sample preparation

Sample preparation in this work is very simple and it is one
of the advantages of proposed method which involves providing
2 ml blood of both noncancerous and cancer affected people.
Of course, all keeping conditions for blood samples must be the
same. All used malignant samples were from different forms
of cancer and were obtained from 40 to 65-year-old randomly
selected peoples.

As mentioned, all blood samples were kept in same condition,
25◦C in EDTA vials, being analyzed till 20 hours after bleeding.
EDTA was used as anticoagulant agent.

ATR-FTIR spectroscopy

About 2 ml of blood was placed on a zinc-selenide ATR cell.
Measurements on blood samples were performed using the FTIR
spectrometer ABB-BOMEM, MB-100, active in mid-IR region
with DTGS detector. Thirty-six scans were performed in the
wavenumber region of 2000–900 cm−1 in each measurement.

The main problem in this region is the absorbance of water
which consists about 90 percent of blood. To avoid of this prob-
lem, we used water as background spectrum. As can be seen in
Figures 1 and 2, in this way the absorbance of water does not
affect the absorbance of the other blood components. The wave
number region of 2000–900 cm−1 was chosen for the analysis
because the previous studies have demonstrated many spectral
differences between cancer status and noncancerous status in this
region (1–7, 17–20). In the other words, there are some func-
tional groups, existing in this region for which their infrared
signal in noncancerous and cancerous samples would be differ-
ent with each other. Amides are an example of these functional
groups and Figures 2-1 and 2-2 show the absorbance related
to amide I and amide II (1650 cm−1 and 1550 cm−1) are the
sharpest peaks in this region.

Statistical analysis of FTIR spectra

“Chemometrics” is a chemical discipline that uses mathe-
matical and statistical methods to design or select optimal mea-
surement procedures and experiments, and to provide maximum
chemical information by analyzing chemical data. One of the
first and the most publicized success stories in chemometrics
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Figure 1. The ATR-FTIR absorption spectra of (1) cancerous blood, (2) noncancerous blood, and (3) water sample, using air as a reference.

is pattern recognition. Much chemistry involves using data to
determine patterns. There are a large number of methods for
supervised pattern recognition, mostly aimed at classification.
Multivariate statisticians have developed many discriminant
functions, some of direct relevance to chemists. Consider using
a chemical method such as infrared spectroscopy to determine
whether a sample of brain tissue is cancerous or not. A method
can be set up in which the spectra of 2 groups, cancerous and
noncancerous samples, are recorded. Then some form of math-
ematical model is set up. As a standard model, finally by using
the proposed model, the diagnosis of an unknown sample can
be predicted.

Supervised pattern recognition

Supervised pattern recognition–also called classification—
requires a training set of known groupings to be available in ad-
vance, and tries to answer a precise question as to the class of an
unknown sample is used to assign samples to a number of groups
(or classes). It differs from cluster analysis where, although the
relationship between samples is important, there are no prede-
fined groups. Although there are numerous algorithms in the lit-
erature, chemists and statisticians often use a common strategy
for classification with no care to what algorithm is employed:

a) Modeling the training set: The first step is normally to pro-
duce a mathematical model between some measurements (e.g.,

spectra) on a series of objects and their known groups. These
objects are called a training set. Then a parameter which repre-
senting the percentage correctly classified (%CC) can be calcu-
lated. After application of the algorithm, the origin (or class) of
each spectrum is predicted. A difficulty in many real situations
is that it can be expensive to perform experiments that result in
large training sets. Spectroscopy is a common method for screen-
ing and chemometrics combined with spectroscopy acts like a
“sniffer dog” in a customs checkpoint trying to detect drugs.
The dog may miss some cases, and may even get excited when
there are no drugs, but there will be a good chance the dog is
correct.

b) Test sets and cross-validation: However, normally training
sets give fairly good predictions, because the model itself has
been formed using these datasets, but this does not mean that the
method is yet safe to use in practical situations. A recommended
next step is to test the quality of predictions using an independent
test set. This is a series of samples that has been left out of the
original calculations, and is like a “blind test.” These samples are
assumed at first step to be of unknown membership class, and
then the model from the training set is applied to these samples.
Using a test set to determine the quality of predictions is indeed
a form of “validation.”

c) Improving the data: If the model is not very satisfactory,
there are some ways to improve it. Using a different computa-
tional algorithm could be the first one and the second one could
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Figure 2. The ATR- FTIR absorption spectra of (1) cancerous blood, (2) noncancerous blood, and (3) water sample, using water as a reference.

be modifying the existing method. But a common approach
might be involving wavelength selection in spectroscopy.

d) Applying the model: Once a satisfactory model is available,
it can then be applied to unknown samples, using analytical data
such as spectra or chromatograms, to make predictions. Usually
by this stage, special software is required that is tailor-made for
a specific application and measurement technique. The software
also will have to determine whether a new sample really fits into
the training set or not.

Discriminant analysis

Classification methods are based on statistical procedures
while objects (or sometimes variables) are analyzed with the
focus on samples belonging to categorical classes, groups

or clusters. Most traditional approaches for classification in
science are called discriminant analysis and are often also called
forms of “hard modeling.” The majority of statistically principal
software packages contain substantial numbers of procedures,
referred to various names such as linear (or Fisher) discriminant
analysis and canonical variates analysis. One of the most pow-
erful classification methods is Linear Discriminant Analysis
(LDA).

The LDA method may be applied with 2 different objectives,
first as a predictive method, with the goal of formulating a dis-
crimination rule used to predict or allocate unknown samples in
predefined classes, and second as an exploratory tool to increase
understanding of the differences between classes (9).

Both univariate and multivariate models are used in discrim-
ination but more often, several measurements are required to
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Figure 3. Discrimination between 2 classes, and projection.

determine the group to which a sample belongs. So multivariate
would be much more applied.

Figure 3 is a proposal example of multivariate procedure.
The objects represented by circles are clearly distinct from those
represented by squares, but neither of the 2 measurements alone
can discriminate between these groups and, therefore, both are
essential for classification. It is possible, however, to draw a line
between the two groups. If so, an object above the line, belongs
to class A, otherwise belongs to class B. Graphically, this can
be represented by projecting the objects on to a line at right
angles to the discriminating line, as demonstrated in Figure 3.
The projection can now be converted to a position along line
2 of the figure. The distance can be converted to a number,
analogous to a “score.” Objects with lower values belong to
class A, whereas those with higher values belong to class B.

Many chemometricians use the Mahalanobis distance, some-
times called the “statistical” distance, between objects. In areas
such as spectroscopy it is normal that some wavelengths or re-
gions of the spectra are more useful than others for discriminant
analysis.

It must be mentioned that the LDA method finds a decision
boundary between different classes by Fisher and Mahalanobis
distances. The boundary or hyper plane is calculated such that
the variance between the classes is maximized and the variance
within the individual classes is minimized. The linear discrimi-
nant functions’ weights (w) are found as the eigenvectors of the
following matrix:

G−1 Hw = λw, [1]

while λ is the eigenvalue and the matrix G is derived
from the covariance matrix (c) of different classes or groups
(g).

Singular value decomposition (SVD) is performed on to ob-
tain the w. In the case that a matrix titled “loading” is concluded
from SVD, which is w, and is applied to obtain the discriminant
score (S):

G = (n − g)C = (n − g)
1

n − g

g∑

j=1

(n j − 1)C j [2]

So that:

C j = 1

n j − 1

∑

Leg j

(x1i − x̄ j i )(x̄ik − x̄ jk) [3]

while n is the number of total samples, n j is the number of
samples in group j , and Leg j indicates that 1 is a member of
group j .

Matrix H describes the spread of the group means over the
grand average.

H =
g∑

j=1

n j (x̄ j − x̄)(x̄ j − x̄)T [4]

x̄ = 1

n

1∑

j=1

n j x̄ j [5]

The linear combination for a discriminant analysis is derived
from following equation:

S = w11 X1 + w12 X2 + · · · + w1p X p, [6]

where S is the discriminant score, wi is the discriminant weight
for independent variable i and Xi is the independent variable
i . In order to predict the unknown object, it is assigned to that
class for which its centroid has the smallest Euclidian distance
(21):

Min‖W T (Xu − X j)‖ with j = 1, . . . , g
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The obtained IR absorption spectra were analyzed by dis-
criminant analysis software which was written by MATLAB7
software.

RESULTS

Typical IR absorption spectra of noncancerous and cancerous
blood samples in the range of 2000–900 cm−1 (Figure 1). Wa-
ter has been used as background for these spectra. The spectra
are dominated by 2 absorbance bands at 1643 and 1544 cm−1

known as amide I and II, respectively. Amide I arises from the
C O hydrogen bonded stretching vibrations, and amide II from
the C N stretching and a CNH bending vibrations. The weaker
aminoacid side chain from peptides and proteins at 1456 and
1401 cm−1 are associated with the asymmetric and symmet-
ric CH3 bending vibrations (22). The absorption peaks at 1243
and 1075 cm−1 are related to the PO2 ionized asymmetric and
symmetric stretching, respectively (1, 23).

The bands at 1025 and 1045 cm−1 in IR spectra are respon-
sible for the vibrational modes of CH2OH groups and the
C O stretching coupled with C–O bending of the carbohydrates,
C OH groups (includes glucose, fructose, glycogen, etc.).

In this work, 14 cancerous and 19 noncancerous blood sam-
ples were classified as calibration members. The following types
of cancer exist in the cancerous class: 4 breast cancer, 4 skin can-
cer, 3 gastric cancer, 1 bladder cancer, 1 esophagus, and 1 colon
cancer. Ten unknown blood samples were used for prediction: 6
noncancerous blood, 2 skin cancer, 1 breast cancer, and 1 colon
cancer.

Patients must be selected from those who are not treated by
chemotherapy, because the blood samples must be pure, oth-
erwise the comparison between noncancerous and cancerous
samples are failed.

It was important to find biomolecular changes between 2
classes: noncancerous and cancerous. For, this reason LDA
was employed using MATLAB (version 7: Maths Works, Inc.,
Natick, MA, USA). In order to apply the MALAB software
according to our aim, an algorithm was designed and its m.file
was introduced in this environment which was employed to
perform the linear discriminant analysis.

The first step was to classify the spectra of both classes. Fig-
ure 4 shows the s-value of 33 blood samples, classified by LDA
(14 cancerous and 19 noncancerous). The s-value of each sam-
ple in the calibration are shown in Table 1. Second step was
to predict the unknown samples by calibration. In this step, 4
cancerous samples and 6 noncancerous samples were employed
supposing that numbers 1–4 and 5–10 related to cancerous and
noncancerous samples, respectively.

The s-values of unknown samples are shown in the Table 2;
the s-values related to the cancerous samples are numbers 1–4
and the others are related to the normal samples.

The s-values less than −0.0313 are classified in the cancer-
ous group and the s-values bigger than −0.0313 are classified
in the normal group. For unknown samples 3 of the 4 cancer
samples and 6 of the 6 normal samples were correctly classified
(90%CC). The LDA program could predict these 10 samples
with 90 percent accuracy. So LDA can classify the spectra of
blood samples with high accuracy.

DISCUSSION

In the present study using ATR-FTIR spectroscopy, at the
first, we classified the 33 spectra of human blood samples in two
groups of noncancerous and cancerous by LDA. In the second

Figure 4. The graph of s-values for 33 blood samples. (cancerous class: samples 1–14 and noncancerous class: samples 15–33).
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Table 1. The s-values related to the 14 cancerous and 19
noncancerous samples. The s-values less than -0.0313 are classified
in the cancerous group and the s-values bigger than −0.0313 are
classified in the normal group

s-values

Cancerous −0.0395 −0.0391 −0.0316 −0.0351 −0.0420
−0.0348 −0.0358 −0.0313 −0.0371 −0.0365
−0.0303 −0.0373 −0.0395 −0.0326

Noncancerous −0.0287 −0.0300 −0.0242 −0.0262 −0.0262
−0.0219 −0.0234 −0.0290 −0.0255 −0.0281
−0.0286 −0.0298 −0.0247 −0.0262 −0.0249
−0.0280 −0.0313 −0.0263 −0.0250

step 10 unknown samples were predicted as noncancerous or
cancerous.

The wave number region of 2000–900 cm−1 involves the
bands related to asymmetric and symmetric phosphate stretching
modes, asymmetric, and symmetric CH3 bending modes, C O
stretching mode of C OH groups and collagen. So it is possible
that the biomolecular changes made by cancer disease manifest
themselves in this wavenumber region.

Blood was selected as sample instead of tissue sample be-
cause of its homogeneity and simple preparation. To classify
the blood samples into cancerous and noncancerous classes, the
LDA method was correctly employed.

LDA is a strong classification method that finds a deci-
sion boundary between classes so as the variance between the
classes is maximized and the variance within the individual
classes is minimized. Applying this method, surprisingly, re-
vealed some advance benefits in addition to accurate and reliable
results. Modeling test was not expensive, just a simple bleed-
ing is enough for sample preparation, no data improvement was
needed as the MATLAB software results a reliable accuracy,
no change in the wavenumber region was done as our selected
region—due to our previous studies and research on wavenum-
ber region selection—but with satisfactory results, and at last
but not at least, sampling time till 20 hours after bleeding and
condition has no effect on prediction results and it is just enough
to define a standard condition for sample preservation.

Different types of cancer were used in this study because of
discrimination between noncancerous condition and all of the
cancerous conditions. It made this method a powerful one for
cancer diagnosis, because it is not dependent on cancer types.
First, 33 blood samples were classified in 2 noncancerous and
cancerous groups, and then 10 unknown samples were predicted
based on this classification. Over the last decade, studies using

Table 2. The s-values related to unknown samples. For unknown
samples 3 of the 4 cancer samples and 6 of the 6 normal samples
were correctly classified (90 percent correct classification)

s-values

Unknown samples −0.0352 −0.0329 −0.0346 −0.0247 −0.0162
−0.0129 −0.0268 −0.0267 −0.0265 −0.0288

vibrational spectroscopy have been conducted on samples from
a variety of organs.

The results of all these studies, on a gross level, can be sum-
marized as follows: “normal and malignant tissues can be dif-
ferentiated on the order of 80–100 percent accuracy with the
use of some statistical analysis” (24). Our initial results showed
that the normal and malignant blood samples could be identified
with about 90 percent accuracy.

The present study showed the cancerous blood samples were
correctly segregated from the noncancerous samples using LDA.
The 90 percent sensitivity in cancer detection suggests that this
ATR-FTIR method is a promising method for cancer diagno-
sis. FTIR spectroscopy is a promising tool for cancer diagnosis
because of the rapid processing time and easy operation.

The simple method for sample preparation, quick diagnosis
and high accuracy are other advantages of this method. Our re-
sults suggest that ATR-FTIR spectroscopy is a useful technique
for cancer diagnosis. It is noticeable that all of samples either
in calibration series or prediction were from people who had
been tested by pathologic cancer diagnosis methods, earlier and
spectroscopy-chemometrics results were completely compatible
with pathologic results. Therefore, normal can be differentiated
from abnormal with good accuracy.
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