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Abstract Recently Fourier Transform Infrared (FTIR)
spectroscopic imaging has been used as a tool to detect the
changes in cellular composition that may reflect the onset
of a disease. This approach has been investigated as a mean
of monitoring the change of the biochemical composition
of cells and providing a diagnostic tool for various human
cancers and other diseases. The discrimination between dif-
ferent types of tissue based upon spectroscopic data is often
achieved using various multivariate clustering techniques.
However, the number of clusters is a common unknown fea-
ture for the clustering methods, such as hierarchical cluster
analysis, k-means and fuzzy c-means. In this study, we apply
a FCM based clustering algorithm to obtain the best number
of clusters as given by the minimum validity index value.
This often results in an excessive number of clusters being
created due to the complexity of this biochemical system.
A novel method to automatically merge clusters was devel-
oped to try to address this problem. Three lymph node tissue
sections were examined to evaluate our new method. These
results showed that this approach can merge the clusters
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which have similar biochemistry. Consequently, the overall
algorithm automatically identifies clusters that accurately
match the main tissue types that are independently deter-
mined by the clinician.

Keywords FTIR imaging - Fuzzy c-means - Clustering -
Automated merge clusters - Lymph node

1 Introduction

Histological evaluation of human tissue has been relatively
unchanged since its initial introduction over 140 years ago.
This approach remains the gold standard used by clini-
cians for disease diagnosis. This process involves analyz-
ing a biopsy of suspicious lesions within the body that is
chemically prepared to allow thin sections of the tissue to
be cut. The addition of contrast inducing dyes allows a
trained observer to identify changes within tissue and cells
that are characteristic of the onset of disease. However, tra-
ditional histology remains a subjective technique and sig-
nificant problems are often encountered including missed
lesions and an unsatisfactory discrepancy between pathol-
ogists. These problems in diagnosis have led to consider-
able interest in investigating the application of spectroscopic
approaches for disease diagnosis [1, 2]. Fourier transform
infrared (FTIR) spectroscopic imaging provides a chemi-
cal fingerprint of microscopic areas within a tissue sample
[3-6]. Contrast between different spatial areas of a sample
is due to the chemical differences that are occurring within
the cells of the tissue. Thus, a chemical image of the exam-
ined tissue section can be constructed, similar to that of con-
ventional histological staining, allowing the identification
of tissue pathology. Therefore an FTIR imaging approach
could have several advantages over conventional histology
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including diagnostic decisions being based upon the chemi-
cal characteristics of the tissue without the subjective analy-
sis of a pathologist. Furthermore, the whole process could
be fully automated.

The complexities of biological systems have meant that
multivariate clustering techniques have often been used to
analyze complex FTIR spectra from tissue sections. The
clustering process is performed in order to group a set of
unlabeled infrared spectra into a certain number of clusters,
such that the spectra with the most similar characteristics are
in the same group and the spectra with the most dissimilar
characteristics are in different groups resulting in different
types of tissue being separated. The multivariate clustering
techniques which have been used in related areas are Hier-
archical Cluster Analysis [7-9], k-means clustering [9], and
fuzzy c-means clustering [9]. Of particular relevance to this
work is the use of HCA to lymph node tissue sections [8].
Whilst all of these techniques have been shown to be able
to group different types of tissue, the number of clusters is
an unknown feature and further analysis requires human in-
put. Real world applications would benefit from a cluster-
ing method that could automatically separate different and a
varying number of tissue types from a tissue section.

The motivation behind this work is to create an auto-
mated method to analyze FTIR spectra and to separate them
into a clinically meaningful number of clusters. In our pre-
vious work, a fuzzy clustering algorithm featuring simu-
lated annealing (SAFC) was used to automatically detect the
‘optimal’ number of clusters found within a FTIR dataset.
The dataset used in this study comprised of spectra that had
been collected from a variety of different tissue types [10,
11]. This algorithm begins by generating a random num-
ber of clusters and then traverses the search space using
three different neighborhood operations: (i) perturb centre,
(ii) delete centre and (iii) split centre. The configuration with
the minimum cluster validity index value is returned. The
results show that this algorithm was able to obtain the same
number of clusters as clinical analysis in four out of seven
datasets. However, smaller Xie—Beni validity index values
were achieved in some datasets even though the numbers of
clusters were different from the clinical analysis. Although
the SAFC algorithm performed well on the small datasets, it
proved to be very time consuming on larger datasets. With
the aim of overcoming this problem, in our latest work [12],
a refined FCM based clustering algorithm was developed to
find the ‘optimal’ number of clusters.

Both the SAFC and FCM based clustering algorithms
can automatically detect the number of clusters based on the
clustering structure and this results in the minimum validity
index value. However, both algorithms occasionally iden-
tified an excessive number of clusters compared to clinical
analysis. This was partly due to the FCM algorithm and clus-
ter validity index, where all distances between data points
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and cluster centres are calculated using their Euclidean dis-
tances. This means that when the shapes of the clusters were
significantly different from spherical, the clustering and va-
lidity measures were not effective. However, the complex-
ity and range of the different cell types (e.g. healthy, pre-
cancerous and mature cancer) may also lead to an exces-
sive number of clusters being identified. At this stage of our
study, we only focus on grouping the cells with the same
clinical diagnosis into one cluster so that the main types of
the tissue can be explored through further clinical analy-
sis. In order to achieve this, we need to combine the clus-
ters with most similar characteristics together, e.g. within
the suspected pre-cancerous and mature cancer cell types,
as they may exhibit similar properties to one another even
though they are different stages of cancer. This information
may be contained in the existing infrared spectra.

In this paper, a new method is proposed to automatically
merge clusters, which identifies the two most similar clus-
ters generated by the initial FCM based clustering algorithm
and merges them. The merged cluster will then be consid-
ered as a new cluster to rejoin the rest of merging itera-
tion until a stop criterion is reached. In these experiments,
the Sun—Wang-Jiang index is used as the cluster validity in-
dex (Vswi) because it has recently been shown to obtain the
best results in comparison with other existing validity in-
dices [13]. In the following sections, firstly the feature selec-
tion and reduction methods are described followed by some
background on the well-known FCM clustering algorithm,
and then cluster validity indices are briefly introduced. Sub-
sequently the FCM based clustering algorithm is presented
in brief and then our proposed cluster merging method is de-
scribed in detail. We evaluate the use of our new algorithm to
analyze the FTIR images of three selected tissue sections. In
Sect. 5, we draw conclusions about the proposed new clus-
tering method.

2 Feature reduction

In the given infrared spectral datasets (see Sect. 7.4), there
are between 5000-8000 spectra in each dataset. For each
spectrum, there are 821 absorbance values, one correspond-
ing to a data point every 4 cm~!. Thus the total size of the
datasets ranges from 5000 x 821 (4.1 x 10%) to 8000 x 821
(6.6 x 10°). The application of clustering analysis to such
large datasets can be very time consuming. In addition, it
is difficult to visualize the distribution of such data. In this
study, principal component analysis (PCA) [14] was used
to reduce the number of variables and also used to permit
visualization. PCA has been widely used for the analysis
infrared spectra [17-20]. PCA is a typical multivariate sta-
tistical technique that has been widely applied in the field
of data analysis and compression. This technique linearly
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transforms a number of correlated variables into a new set of
uncorrelated variables, called principal components (PCs).
PCA achieves this by rotating the original axes to produce
orthogonal axes that are uncorrelated to each other [14]. The
rotation procedure is a linear transformation of the origi-
nal dataset and, therefore, if all the variables are included
in the rotation, then all the original information is retained.
Within the transformed variables, the first principal compo-
nent (PC1) identifies the dimension with the maximum vari-
ation in the original data and the second (PC2) is the dimen-
sion with the second largest variation, etc. As the number
of PC increases, the less variance each component contains.
Therefore, the first PCs usually contain the most influential
variations from the original data and it is this property that
yields the major advantage of the approach by allowing the
dimensionality of the data to be reduced whilst the most sig-
nificant features of the data are usually retained. It is possi-
ble that the dimensions carrying most variation do not cor-
respond to those with the most discriminate power, but this
is not common.

In our experiments, the first 10 PCs of the FTIR spectra
were extracted as the input values of the FCM based cluster-
ing algorithm. For the three datasets used in our investiga-
tion, the first two PCs represent, respectively, 70.9%, 89.1%
and 94.1% of the variance. Increasing this to the first 10 PCs
improves the representation to 95.6%, 99.1% and 99.8% of
the variance in the three datasets. In order to visualize the
data distribution, we can plot the original data using the
first two PCs dimensions. Details on feature reduction ap-
proaches have been described previously by many authors;
see, for example [21].

3 FCM clustering algorithm

The FCM algorithm, proposed by Bezdek in 1981 [22], is
one of most frequently used methods in pattern recognition.
It is based on minimization of the objective function (1) to
achieve good classifications.

n C
JW, VY=Y (uip)™ Ixi — ;1% e
i=1 j=1
Consider clustering the dataset X = {xi,x2,...,x,}
where # is the number of data points. V = {v, v, ..., v}

is the set of corresponding cluster centres in the dataset X,
where ¢ is the number of clusters. w;; is the membership
degree of data x; to the cluster centre v;. Meanwhile, u;;
has to satisfy the following conditions:

wijel0, 1] Vi=1,...,n,Vj=1,...,c 2)

C
> wij=1 Vi=1....n. (3)
j=1

U = (Wij)nsc 1s a fuzzy partition matrix. ||x; — v;|| de-
notes the Euclidean distance between x; and v;. Parameter
m is called the “fuzziness index”, it is used to control the
fuzziness of membership of each datum. The value of m
should be within the range m € [1, oo]. There is no theo-
retical basis for the optimal selection of m, but a value of
m = 2.0 is usually chosen. The FCM algorithm can be per-
formed by following steps.

(1) Fix the number of clusters, ¢, where 2 < ¢ < n, and ini-
tialize fuzzy partition matrix U with a random value
such that it satisfies conditions (2) and (3).

(2) Calculate the fuzzy centres v; using

N N
vj = i) [ Y " Vi=loeo @)

i=1 i=1

(3) Update the fuzzy partition matrix U with

c
iy =13 (dyj /i) 5
k=1
where d;j—|lx; —vjll,i=1,...,nand j=1,...,c.

(4) Repeat step (2) to (3) until one of the termination crite-
rion is satisfied.

In step (4), termination criteria can be that the difference
between updated and previous U is less than a predefined
minimum threshold or that the objective function is below a
certain tolerance value. Additionally, the maximum number
of iteration cycles can also be a termination criterion.

4 Cluster validity

In cluster analysis, one of the most important issues is to
evaluate the quality of the clustering results. Cluster validity
indices are measures that somehow express the quality of the
clusters, usually comprising a combination of measures tak-
ing into account the compactness of the clusters in compari-
son with the separation of the clusters. Many cluster validity
indices have been proposed, such as the partition coefficient
and partition entropy [23], Dunn’s index [24], Xie—Beni in-
dex [16], etc. In this experimentation, the Sun—Wang-Jiang
index was used as the cluster validity index (Vswr) for the
reason already mentioned above. The minimum of Vsw;
refers to the optimal value of this validity index.

A validity index can be utilized during the clustering
process in order to automatically generate the number of
clusters. This can be implemented by applying various clus-
tering algorithms with a range of cluster numbers, and re-
turning the partition with the best cluster validity index
value [25]. In addition, there are many other clustering tech-
niques which also can determine the number of clusters,
such as [26, 27]. A survey of multivariate clustering tech-
niques can be found in past literature, for instance [28, 29].

@ Springer



240

X.-Y. Wang et al.

5 FCM based clustering algorithm

This FCM based clustering algorithm is a good example of
using cluster validity to find out the optimal number of clus-
ters from a given dataset. It is composed of two parts, where
the first part is based on running the FCM clustering method
within a certain range of number of clusters. The best data
structure (C) is obtained by choosing the corresponding op-
timal value of cluster validity (Vswj) from all the possible
clustering structures [13]. The second part of this algorithm
is based on taking the best data structure from the first part,
and then slightly perturbing each cluster centre for a num-
ber of iterations while the validity index for each new data
structure is calculated. The data structure corresponding to
the optimal validity index is then returned. In the follow-
ing description of the algorithm, the minimal and maximal
number of clusters is referred to as ¢pin and cmax.

(1) Set cpmin and cpax (in the experiments, we set cpin = 2

and cpax = 10).

(2) For ¢ = cmin 10 Cmax

(2.1) Initialize the cluster centres.

(2.1) Apply the standard FCM algorithm and obtain the
new centre and new fuzzy partition matrix.

(2.3) Calculate the cluster validity (Vswy).

(3) Obtain the good data structure (C) that corresponds to
the minimal Vgwj.

(4) Set current C as the best data structure (Cpest).

(5) Fori =1 to 100

(5.1) Random slightly perturb the current C.

(5.2) Calculate the new membership value and validity
index value (Vswj) corresponding to the new data
structure (Cpew).

(5.3) If the new Vgwj is smaller than current Cpegt Vswy
value, then set the Cpey as the Cpeg, Otherwise, go
back to step 5.1.

(5.4) Set the Cpeg as current C, and go back to step 5.1.

(6) Return the best data structure Cpesy With the minimal

Vswr value.

During the clustering process, each data point is assigned
to the cluster for which the degree of the fuzzy partition ma-
trix is maximal.

6 The basis of a new automated method to merge
clusters

The motivation to create a new merge clustering method was
based on previous attempts at clustering spectral data. In
previous work, a dataset that comprised of FTIR spectra col-
lected from a variety of different tissue types was analyzed
via SAFC and FCM based clustering [10—12]. This dataset
comprised 276 individual spectra that were collected from
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regions of a tissue section diagnosed as being ‘cancer’ (can-
cerous cortex tissue: 159 spectra), ‘normal’ (benign cortex
tissue: 72 spectra) and ‘reticulum’ (fibrocollagenous tissue:
45 spectra). When the number of clusters was set at three
to match the clinical analysis, the clustering results did not
match the clinical diagnosis (possibly due to the Euclidean
distance measurement in FCM). Some FTIR spectra from
cancerous regions were incorrectly grouped with spectra
taken from regions non-cancerous tissue.

When we subsequently applied the FCM based cluster-
ing algorithm, four clusters (C1, C2, C3 and C4) were ob-
tained, as shown in Fig. 1. However, two of the four clus-
ters corresponded to one type of tissue (cancerous). In the
remaining two clusters, the majority of the data was clas-
sified into the right group (although there were two spectra
data that were misclassified). The excessive number of clus-
ters may have been caused by the fact that the FTIR spectra
taken from cancerous regions were taken from diverse ar-
eas of tissue, which might have contained cells at different
stages of the cancer (e.g. pre-cancerous and mature cancer).
As mentioned above, at this stage, we only wish to cluster
cells which have the same clinical diagnosis.

In literature some split-and-merge techniques have been
used to determine the number of clusters. Iterative Self-
Organizing Data Analysis (ISODATA) is a typical algorithm
that uses a split-and-merge technique [30]. It starts with a
large number of clusters and then, based on various split
and merge cluster criteria, determines the final number of
clusters. Some of criteria are, for example if the number of
data points within a cluster is less than a certain threshold,
or if the distance between two clusters is less than a cer-
tain threshold. Many parameters feature within the criteria,
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Fig. 1 An extracted spectral dataset after applying FCM based clus-
tering algorithm



A novel fuzzy clustering algorithm for the analysis of axillary lymph node tissue sections 241

which have to be declared in advance and which may di-
rectly affect the clustering results [31].

An alternative split-and-merge clustering technique de-
veloped by Chaudhuri et al. [32] splits the clusters by ob-
serving the density in different directions and examining the
number of data within different regions made up of strips.
This method starts by including all the data as one cluster
and then iteratively performs a split and merge process based
on the number of data in the strip area which is determined
by certain threshold values. Similarly to the ISODATA tech-
nique, many input parameters need to be specified before the
approach can be executed. Other split-and-merge clustering
algorithms can be found in [33-35]. In general, all of these
techniques process the split-and-merge procedure based on
the dataset itself. Other approaches to automatically deter-
mine the number of clusters have also been proposed in im-
age processing contexts, for example [36, 37].

Several algorithms have been proposed to merge clusters
(e.g. [15, 16]). Two of the most common types of method-
ology will be discussed by use of an example. The first
method identifies and merges clusters that lie ‘closest’ to
each other [15] in multi-dimensional space. In contrast, the
second method identifies the ‘worst’ clusters and merges
them together. This is achieved by use of a cluster validity
function, the most common of which measure the compact-
ness of the defined clusters [16]. Informally, a ‘good’ cluster
is defined by the property that data points within the cluster
are tightly condensed around the centre (high compactness).
When applying these methods to the dataset shown in Fig. 1,
the two closest clusters are C2 and C3 (see the distance be-
tween each cluster centre). In this dataset, C1 and C2 are
more compact than the other two and the worst two clus-
ters are C3 and C4. However, the two clusters that should be
merged together are C1 and C3 (both are collected from can-
cer tissue). Hence, neither of these approaches for merging
clusters is suitable for solving the problem here.

An alternative solution was developed based on examin-
ing the original infrared spectra rather than searching for a
relationship using the clustering structures in the PCA space.
Plotting the mean spectra from the separate clusters allows
the major differences between them to be more clearly vi-
sualized. The similarity between clusters is more obvious
at the wavenumber corresponding to the IR frequency that
provides the largest variance between spectra. Our proposed
automated merge clustering method is based on this obser-
vation and can be divided into two main stages. The first
stage is to identify the frequency at which the greatest vari-
ance between mean spectra is observed. The second step is
to repeatedly determine the most similar clusters and merge
them, until certain termination criterion has been reached. In
the following section we describe these two steps in detail.

Step 1: Determine a reference frequency

The reference frequency is defined as the frequency at which
the biggest difference between any two mean spectra is
found. The full procedure of determining this frequency is:

(1) Obtain the clustering results from the FCM based clus-
tering algorithm. o
(2) Calculate the mean spectra A; for each cluster,

N.

1 1
Ai:ﬁiZ:lAij (i=1,...,0 ©6)

J=

where N; is the number of data points in the cluster i;
A;j is the absorbance of the spectrum for each data point
Jj in cluster i; ¢ is the number of clusters. The size of A;
is p, the number of data points in each spectrum (each
mean spectrum is a vector of p elements).

(3) Compute the vector of pair-wise absolute differences
D;; between all mean spectra,
Djj=A; —Aj| (i=1,...,c, j=1,...,0). @)

(4) Find the largest single element, dmax, Within the set of
vectors D.

(5) Determine the wavenumber corresponding to the maxi-
mal element dpax.

The mean spectra obtained for four clusters are displayed
in Fig. 2. We calculated the set of differences, D, between
each pair of mean spectra using (7). The largest difference
dmax exists between C; and Cy4, as shown in Fig. 3. The IR
frequency that corresponds to d is 2924 cm™!.

Step 2: Automatically merging clusters

The next step is to find the most similar clusters and then to
merge them together. This is determined of the use of the ab-
sorbance intensity for each mean spectrum at the reference
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Fig. 2 Mean infrared spectra obtained from different clusters
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Fig. 3 Enlarged region of Fig. 2

frequency. Clusters are therefore merged dependent upon
similarities in their IR spectra rather than clustering struc-
ture in multivariate space. As this is an iterative process, the
merging procedure will end when at least one of the termina-
tion criteria has been satisfied. Assume currently there are C
mean spectra. The detailed information can be described as
below:

(1) Obtain C absorbance values of mean spectra at refer-
ence frequency from step 1, re-sort them in ascending
order.

(2) Calculate the distance dist between these sorted and ad-
jacent absorbance values (note that the size of dist now
isC —1).

(3) Pick up the smallest distance distmin and find out the two
most similar clusters which correspond to this distance.

(4) Merge these two clusters if they satisfy the merging
condition: distmin < average of rest of dist (without
distmin. The average absorbance value for the two merge
clusters is then calculated and is considered as a new ob-
ject to join the rest of merging iteration. Go back to (1).

(5) When there are only two dist remaining, merge the two
clusters which correspond the disty, if the following
merging condition is satisfied: distmin < 1/2 rest of dist
OR (distmin — 1/2 rest of dist) /distiin < 0.1. Again, the
average of these two mean spectra absorbances is con-
sidered as a new object to replace them.

(6) The merging process stops if there are only two clusters
left or no merging conditions are satisfied.

In this section, we use the same example used above
to illustrate this procedure. In Fig. 4, A; (i=1,...,4)1s
the mean absorbance values from the normalized spectra
of each obtained cluster are A; = 0.0045, A, = 0.0034,
A3 =0.0041 and A4 = 0.0028 respectively. The line corre-
sponds to the reference frequency 2924 cm™'. After sorting
A_l- in ascending order, their new arrangement is A4, As, A_3
and A. The distance between the average absorbance inten-
sities is described as follows Dist = {d1, d», d3}. It is then
trivial to calculate d; = 0.0006, d, = 0.0007, d3 = 0.0004,
which is the distiin. The average of rest of dist = (0.0006+
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0.0007)/2 = 0.00065 is greater than distnin, this satisfies the
merging condition in (4). Therefore, the two clusters which
correspond to distyin (C1 and C3) are merged together. Af-
ter this, the average of these two clusters’ mean spectra ab-
sorbance intensities Apew = 0.0043 replaces these values.
Re-sort the new array of the mean spectra absorbance inten-
sities to, A4, Ay and Apeyw, as displayed in Fig. 5. The cor-
responding new distances are dpey1 = 0.0006 and dpewnz =
0.0009. Reference (5), distyin (0.0006) is not smaller than
or equal to 1/2 rest of dist (0.00045); meantime, it does not
satisfy the second condition either. Hence, in this situation,
no merging conditions are satisfied, and so the iteration stops
as defined in (6).

As may be noticed, the merging condition in (5) is dif-
ferent from the one when there are more than two dist left,
as depicted in (4). This is because when there are only
two dist (3 clusters) left, if the same merging condition as
in (4) is used, this may lead to two clusters being merged
in which their corresponding mean spectra absorbance dis-
tance is slightly less than and nearly equal to the other dis-
tance. For example, in Fig. 6, if d> is a slightly less than dj,
then clusters b and ¢ will be merged together. Visibly, it is
not convincing. In order to convert this situation to the rest
of cases, the merging conditions described in (5) is gener-
ated. For example, in Fig. 7, if d> is smaller than half of d;
(similar to there are three dist case) or the extra distance of
d» to the half of d; is less than one tenth of d5, then cluster
b and ¢ are merged together.



A novel fuzzy clustering algorithm for the analysis of axillary lymph node tissue sections 243

Entire automated cluster merging procedure

In summary the whole procedure of the automated merg-
ing clustering algorithm can be described in the following
steps.

(1) The FTIR spectra are initially pre-processed to account
for irregularities in cell density across the tissue section.
This includes baseline correction and peak area normal-
ization.

(2) PCA is applied to the processed dataset to reduce its
dimensionality. Only the first 10 PCs are extracted and
utilized for subsequent FCM cluster analysis.

(3) The FCM based clustering algorithm is applied to
this reduced dataset and optimal clustering structure is
adopted by finding the best clustering Cpes With the
minimal Vswj value.

(4) The merge cluster algorithm then identifies the refer-
ence frequency at which the variance is maximal for the
calculated mean spectra.

(5) The algorithm merges the calculated clusters until a stop
criterion reaches.

(6) The final clustering results is correlated to the original
2D-FTIR image that was collected. Each pixel/spectrum
within this image is designated a colour dependent on its
cluster membership.

To demonstrate the new algorithm in its entirety, we again
utilize the same dataset. The clustering results are shown in
Fig. 8. This can be compared to Fig. 1 and demonstrates
the successful merging of spectra from regions of cancerous
tissue.

7 Experiments and results
7.1 Tissue sample

Lymph node tissue specimens were collected from three dif-
ferent patients during routine surgical resection for breast
cancer. Small portions of one axillary lymph node were col-
lected from each case and immediately snap frozen in liquid
nitrogen to maintain their biochemical condition. Specimens
were subsequently cut into 7 pm thick tissue sections by use
of a freezing microtome, placed onto barium fluoride disc,
and stored in a cryovial ready for infrared analysis. The re-
mainder of each sample was then fixed in formalin and wax
embedded in the traditional manner. This allowed an adja-
cent tissue section to be cut and further hemotoxylin and
eosin (H&E) stained for comparative histological analysis
by a Consultant Breast Histopathologist. Two of the tissue
sections analyzed were diagnosed as being malign or cancer-
ous in nature, and featured several regions of cancerous in-
vasion. In contrast, the third tissue section analyzed was di-
agnosed as being benign or healthy in nature. Currently, the

clinical analysis results from the histopathologist are con-
sidered as ‘gold standard’ in our experimental analysis.

7.2 Mid-infrared imaging

Prior to infrared data collection, tissue sections were re-
moved from the cryovial and allowed to passively warm to
room temperature. By use of the adjacent H&E stained sec-
tions, areas of interest upon the sample were first located
and then infrared images were obtained using the commer-
cially available Perkin Elmer Spectrum Spotlight 300 FTIR
Imaging System®. The imaging system utilizes a bi-linear
array of small area detectors that are positioned in a chess
board like pattern. By use of an electronic stage, the sample
is moved in both the X and Y planes underneath the detector
array allowing the creation of a two dimensional array of mi-
croscopic IR images. Every pixel contained within the im-
age is representative of one IR spectroscopic measurement.
It must be noted that the spatial resolution of the Perkin—
Elmer Spotlight Imager when collecting at a pixel size of
6.25 um is ¢. 12 x 12 wm, as determined by the diffrac-
tion limit. The instrument is in fact collecting data from a
12 um spatial area, but is being stepped by 6.25 um, effec-
tively over sampling by 2 fold. For each IR measurement, 16
spectra were co-added over the range 7204000 cm™! with
a spectral resolution of 8 cm™!. Analysis times varied from
thirty minutes to several hours per sample dependent upon
their size.

7.3 Data pre-processing

All spectra were uniformly pre-treated before undergo-
ing multivariate analysis. Possible contributions from at-
mospheric water vapor and CO;, which absorb in some re-
gions of the IR spectrum, were removed by an atmospheric
correction algorithm integrated into the Perkin Elmer Spot-
light Software®. Sloping and curved baselines sometimes
encountered in spectra, caused by irregularities in cell den-
sity across tissue sections, were corrected by applying a 6
base point linear interpolation to all spectra. Baseline points
used in this process were located at 4000, 3744, 2200, 1836,
876 and 720 cm™! respectively. Finally, spectra were scaled
before cluster analysis such that the sum over the indicated
wavelengths (720-4000 cm™!) equals unity (also known as
peak area normalization).

7.4 Clustering results

In these experiments, three lymph node tissue sections were
examined using our newly developed algorithm. The col-
lected IR spectral datasets from each tissue section were ini-
tially clustered using the FCM based clustering algorithm.
The generated clusters were then combined using our newly
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Fig. 8 The extracted spectral -
dataset after applying the 3 x 10
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Fig.9 Lymph node tissue
section LNII7. Sampled area
was 275 pm x 818.75 pm in
size. a Total absorbance IR
image. b H&E stained image.
Clustering results after FCM
based clustering algorithm. Each
colour represents a different
cluster of IR spectra. ¢ 5 cluster
image. d 6 cluster image.

e 9 cluster image. f Final results
obtained from automated merge
clustering algorithm—this
image contained two final
clusters of IR spectra

proposed automated merge clustering method to help define
the main types of tissue found in each section. Due to the ef-
fect of randomized initialization, final clustering results may
vary. Therefore, we ran the FCM based clustering algorithm
ten times for each dataset. Results are displayed in Figs. 8—
10.

The tissue section displayed in Fig. 9 was collected from
a positive axillary lymph node named LNII7 that displayed
large areas of malignancy. Invading cancer from the breast
had almost fully infiltrated the lymph node with only small
remnants of normal nodal tissue remaining. Figure 9(a) dis-
plays the total absorbance IR image collected from an area
on the tissue section where both cancerous and normal nodal
tissue existed. The IR spectral dataset comprised of 5764
spectra. Figure 9(b) displays the H&E stained image for the
same area collected from the parallel stained tissue section.
Initial clustering results from the FCM based selection algo-
rithm are shown in Figs. 9(c—e) and the final merged cluster
image is shown in Fig. 9(f).

@ Springer
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The second tissue section was also taken from a posi-
tive axillary lymph node named LNIIS5. The area studied by
IR now displayed several different types of tissue and the
existence of a secondary follicle that comprised of prolif-
erating B-lymphocytes. Both the total absorbance IR im-
age and the H&E stained image are shown in Figs. 10(a)
and 10(b) respectively. The IR spectral dataset for the ex-
amined region comprised a total of 7497 spectra. Only two
clustering results were output from the initial clustering al-
gorithm, and are displayed in Figs. 10(c) and 10(e). The cor-
responding merged cluster image from both clustering struc-
tures resulted in three final clusters, as shown in Figs. 10(d)
and 10(f).

The final tissue section examined, named LN57, was col-
lected from a benign axillary lymph node. This node had
been surrounded by large areas of fatty tissue that had in
some regions infiltrated close to the capsule of the node.
An infrared image was collected from this region which
comprised 7216 spectra. The total IR absorbance and H&E
stained images from the examined sample area are shown in
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Fig. 10 Lymph node tissue
section LNIIS. Sampled area
was 30625 um x 95625 pm in
size. a Total absorbance IR
image. b H&E stained image.
Clustering results after FCM
based clustering algorithm. Each
colour represents a different
cluster of IR spectra. ¢ 5 cluster
image. d Merged cluster result
from 5 cluster image. e 4 cluster
image. f Merged cluster result
from 4 cluster image. Both
merged cluster results contained
three clusters of IR spectra

Cancerous
cortex tissue

Fig. 11 Lymph node tissue
section LN57. Sampled area
was 550 pm x 512.5 pm in
size. a Total absorbance IR
image. b H&E stained image.
Clustering results after FCM
based clustering algorithm.
Each colour represents a
different cluster of IR spectra.
¢ 3 cluster image. d 4 cluster
image. e 5 cluster image. f Final
result obtained from automated
merge clustering algorithm.
Image contained three final
clusters of IR spectra

Figs. 11(a—b). Initial clustering produced three different re-
sults, as shown in Figs. 11(c—e). Further cluster merging re-
sulted in all images being made up of three clusters as shown
in Fig. 11(f).

To help understand these results from the initial FCM
based clustering algorithm, clustering results obtained have
been listed in Table 1. This gives the number of clusters that
were initially determined by the FCM based algorithm, and
the number of clusters they were finally merged into. The
value enclosed in parentheses indicates the number of times
that specified number of clusters was returned by the FCM
based clustering algorithm. For example, when studying the
results for lymph node LNII7, the initial algorithm obtained
five clusters in two of the runs, six clusters in five of the runs,
and nine clusters in the remaining three runs.

8 Discussion

When scrutinizing the results from the initial FCM based
clustering algorithm, a number of different cluster results
were obtained. This may be due to the random initialization
at the beginning of the clustering process. A suitable ini-
tial cluster configuration may prevent the occurrence of this
problem; however, this can be considered as a research topic
in its own right.

Capsule
(fibrocollagenous tissue)

Secondary follicle

(normal cortex tissue)

Reticulum
(fibrocollagenous tissue)

Fatty tissue
with capsule

Capsule

Cortex

(d)

Table 1 The number of clusters obtained after the initial FCM based
clustering and after cluster merging for repeated runs

Number of clusters after
FCM based

clustering algorithm

automated merging

clustering method

LNII7 5(2)
6(5)
9(3)
509)
4(1)
37
4(1)
5(2)

LNIIS

LN57

W W W W W N NN

A tendency to produce an excessive number of clusters
was found when applying the FCM based clustering algo-
rithm, especially so for tissue section LNII7. The additional
clusters created by the algorithm may describe potential sub-
types of tissue that are presently not identified by conven-
tional histopathology. After the application of the novel clus-
ter merging algorithm, a more stable clustering result was
obtained. These more clearly described the main types of
tissue that existed within the samples analyzed.
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As shown in the H&E stained image for tissue section
LNII7 (Fig. 9(b)), the invading cancerous tissue exists at the
bottom of the collected sample area (pink coloration) and the
normal tissue at the top (purple coloration). When studying
the initial clustering results (Figs. 9(c—e)), it can be seen that
several extra clusters have been created in both the normal
and cancerous areas. These clusters found in the area diag-
nosed as being cancerous could be representative of several
different sub-classes of malignancy not normally recognized
by histology. In contrast, the extra clusters found in the nor-
mal area could be descriptive of normal tissue that is begin-
ning to take on cancerous characteristics. However, at this
stage of study, it would be preferable to merge possible sub-
types of tissue into one defining group. This would allow a
simplified characterization of the tissue section to be made.
After applying the newly proposed merge method, the initial
overly complex images have now been merged into a single
more simplified one (Fig. 9(f)). This newly created image is
now more representative of the main characteristics of the
tissue section.

The area examined on tissue section LNII5 revealed the
more complex infrastructure of a lymph node (Fig. 10(b)).
Tissue types found within the sample area include capsule,
reticulum, normal cortex and cancerous cortex. It should
also be noted that in the centre of the normal cortex, a small
spherical region known as a secondary follicle existed,
where rapidly proliferating lymphocytes have congressed.
The initial clustering image shown in Fig. 10(c), display-
ing five clusters of IR spectra, was obtained in nine out of
ten repeats. When compared against the H&E stained image
for the same area (Fig. 10(b)), the full range of tissue types
have been correctly characterized, including the secondary
follicle. When applying the automated merging method, the
clusters which are merged have similar biochemistry, pro-
ducing three main clusters that describe the main types of
tissue found within the sample area (Fig. 10(d)). These in-
clude fibrocollagenous tissue (capsule and reticulum), nor-
mal cortex tissue (normal cortex and secondary follicle) and
finally cancerous cortex tissue.

The second and rare type of output from initial cluster-
ing is shown in Fig. 10(e), in which four clusters were ob-
tained for the same IR spectral dataset. The main difference
between this output and the first is the incorrect grouping
of both reticulum and normal cortex into the same cluster.
This is a consequence of the spectra for these types of tissue
being close in proximity to each other in PCA space. Due
to random initialization of cluster centres, the algorithm has
on this occasion calculated that four clusters would best de-
scribe the data structure, having the minimum validity in-
dex value. Hence these two types of tissue spectra were not
separated but grouped into the same cluster. Consequently,
after the merging process, reticulum was now grouped with
normal cortex tissue rather than capsule tissue. However, the
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merge method still discriminated capsule, normal cortex and
cancerous cortex tissue.

Tissue section LN57 was collected from a benign lymph
node that exhibited large surrounding areas of fatty tissue.
The sample area analyzed via IR contained three main types
of tissue. These were normal cortex tissue (mainly made up
of a secondary follicle), capsule tissue, and small pockets of
fatty tissue that had in some regions infiltrated the capsule of
the node. Three results were output from the initial cluster-
ing algorithm as shown in Figs. 11(c—e). The three clusters
shown in Fig. 11(c) characterize the main tissue types found
in the examined sample area. The green colour in the image
describes the capsule of the lymph node, whereas the red ar-
eas represent locations of fatty tissue invasion. Finally the
blue colour is descriptive of normal cortex tissue.

The second type of output, as shown in Fig. 11(d), dis-
plays four clusters of tissue spectra. Again the capsule has
been separated into two clusters that describe areas with or
without fatty tissue (blue and yellow colors respectively).
But on this occasion an area can be seen that lies beneath
the capsule of the lymph node (cyan colour). This is likely to
describe a region of the cortex called the subcapsular sinus
that lies directly underneath the capsule and allows lymph
to enter the node. The final type of output comprised five
clusters, as displayed in Fig. 11(e). A similar scenario to the
previous has occurred. However, on this occasion an addi-
tional cluster has been created that may further describe a
layer of fatty tissue within the capsule (red colour). After
the automated cluster merging method was applied to these
different outputs, a final result comprising three clusters was
obtained, corresponding to the three tissue types present. It
should be noted that when the initial output was for three
clusters, the merge method did not attempt to further com-
bine these, verifying the robustness of this cluster structure.

From these experiments, it can be seen that the pro-
posed automated cluster merging method can rapidly and
efficiently obtain major types of biochemical tissue from
the existing samples. However, in order to transfer this al-
gorithm into a clinical setting an extensive verification and
evaluation process will need to be carried out.

9 Conclusion

FTIR spectroscopic imaging is rapidly becoming a powerful
tool in the chemical characterization and monitoring of bi-
ological systems. Recent advances in instrumentation have
allowed the rapid acquisition of spectra from large spatial
areas, such as an entire lymph node. This can allow the con-
struction of chemical images, similar to that of conventional
staining that discriminate between different tissue types due
to their individual chemical compositions. Multivariate tech-
niques have often been used to analyze the large and com-
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plex spectral datasets that are produced. A number of differ-
ent clustering methods have previously shown an ability to
discriminate between tissue pathologies. However, a prob-
lem in such unsupervised methods is that the number of clus-
ters that best describe a dataset must be specified in advance.
In this contribution, we apply an FCM based clustering al-
gorithm to automatically generate the ‘optimal’ data struc-
ture (that giving the minimum validity index value). How-
ever, due to the complexity of biological systems an exces-
sive number of clusters can often be obtained. In order to
address this problem, an automated cluster merging algo-
rithm has been developed. To demonstrate this proposed al-
gorithm, three axillary lymph node tissue sections have been
analyzed using this method. Results indicate the success-
ful merging of clusters that have similar biochemistry, thus
demonstrating that the algorithm can successfully determine
the main tissue types within the sections.
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