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ABSTRACT

Centrosome amplification leads to the loss of regulated
chromosome segregation, aneuploidy, and chromosome
instability and has the possibility to be a biomarker of cancer
prognosis.

To explore this feasibility, resected, stage I non-small cell
lung cancer (NSCLC) tissues from six survivor and six fatal
cases were immunostained and scanned. Regions of interest
were selected to include one cell and its centrosomes. After
segmentation, feature abstraction, and optimization, six non-
redundant features were used for statistical analysis and
classification.

Two analytic methods showed that for each feature,
centrosomes from survivors differed from centrosomes of
fatalities, indicating sampling from different populations. The
data were classified using linear discriminant analysis (LDA)
and support vector machines (SVM) with 10-fold cross-
validation. Classification accuracy was 74% by LDA and 79%
by SVM, respectively, and further improved to 85% with
bagging.

Centrosome can be a biomarker for stage | NSCLC
prognosis and has potential for clinical utility.
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INTRODUCTION

Non-small cell lung cancer (NSCLC) histopathology and
staging have limited ability to predict individual lung cancer
progression and outcome. Using gene expression technology,
investigators have recently reported the value of expression
profiles to forecast survival and outcome of NSCLC patients
[1-5]. Centrosome protein expression is a component of many
of these profiles. Given its central role in the biogenesis and
prognosis of malignancy, the development of an objective,
quantitative, and reproducible measurement of centrosome
features, which could be available immediately to pathologists
at the time of diagnosis, would be of immense clinical value.

We have developed a method to objectively and
reproducibly quantify the centrosome features in lung cancer
[6]. In this report, we have applied this approach to confocal
images of resected, immunostained stage I NSCLC to measure
centrosome numeral and morphological features for statistical
analysis and classification. The result revealed the feasibility
of predicting the outcome of stage I NSCLC patients by using
centrosome features as prognostic biomarker.
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MATERIALS AND METHODS

Specimen preparation and confocal scanning. After
approval by the Institutional Review Board, archived blocks of
lung tumor resected from stage I lung cancer patients were
provided by the Tissue Core of the H. Lee Moffitt Cancer
Center and Research Institute. Centrosomal images were
acquired and processed as previously described [6]. Standard
fluorescent microscopy detects in-focus and out-of-focus
photons. Laser scanning confocal microscopy utilizes pinhole
apertures in order to reject out-of-focus light typically detected
by standard fluorescent microscopy. While disadvantages of
thin optical sectioning parameters include the potential loss of
out-of-focus information, the centrosomal features of interest
in this project are extremely specific and, therefore, require
precise detection optimized by limiting out-of-focus light
detection. After comparison, a confocal microscope was used
to image the tissue sections (see Fig. 1. a).

From confocal images taken of each section, regions of
interest (ROI) are selected manually. Every ROI consists of
one cell with its centrosomes (see Fig. 1b, 1c). 235 ROIs
yielded 594 centrosomes from six survivors (survived >9 yr),
and 211 ROIs yielded 309 centrosomes from six fatalities
(survived < 4 yr) for this experiment. Among the six survivors
were four cases of stage IA and two cases of stage IB lung
cancer. Of the six fatalities were three cases of stage IA and
three cases of stage IB lung cancer.

Image processing. Resolution enhancement was
performed to improve the measurement of centrosome
features, such as shape, boundary, and structure. Two-
dimensional first-degree Lagrange polynomial interpolation
[7] was performed. This linear interpolation technique uses
information given only by the two adjacent pixels and leads to
unbiased image approximation.

After image enhancement, the centrosomes were isolated
(segmented) from the background. After comparing
thresholding methods, Kapur’s maximum entropy-based
thresholding was applied [8]. This method considers the
foreground (centrosomes) and the background (nuclei,
cytoplasm, etc.) within an ROI as separate signal sources and
finds the threshold, which maximizes the sum of the entropies
of the two classes. The entropy threshold resulted in
consistently accurate segmentation (see Fig. 1. d, e).

Some features, such as fractal dimension, are highly
sensitive to image processing. For example, using a
morphological operation would change the roughness of
boundary, which would affect the classification result. To
reduce this affect, we were careful to use a morphological

ISBI 2012



operation as little as possible during centrosome segmentation.
For further improving the classification performance, we’ll
totally avoid using of the morphological operation.

Fig. 1. (a) Z-stack confocal image in which centrosomes are
shown as red spots. (b) and (c) are two ROIs selected from
(a) with 2X interpolation. (d) and (e) are segmentation
images of (b) and (c), which centrosomes are isolated from
background and ready for feature extraction.

After centrosome isolation, 12 previously defined
centrosomal image features were extracted for statistical
analysis and classification [6]. These 12 features can be
classified into 6 categories: centrosome number, size, shape,
boundary, structure, and intensity.

Feature selection was then performed to improve
computation efficiency and improve classification accuracy.
We use the feature selection algorithm called Minimum
Redundancy-Maximum Relevance (MRMR) [9], which selects
features by testing whether certain preset conditions about
features and target classes are satisfied. MRMR yields low
classification errors and high generalization of selected
features for different classifiers with low costs of computation.

Statistical analysis. Matlab Statistics Toolbox is used for
statistical analysis. This toolbox is more directed towards
numerical application. It provides a comprehensive set of tools
to assess and understand data. The two-sample t-test is
performed to verify weather the two samples have the same
mean (the null hypothesis) and can be distinguished by these
features. The test is carried out under the assumption that two
samples are independent and normally distributed [10]. Our
sample sizes of n = 309 and 594, respectively, are sufficient to
approximate to normal distribution.

The Kolmogorov-Smirnov (KS) test determines whether
two samples are drawn from the same distribution (the null
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hypothesis) and is sensitive to differences in both location and
shape of the empirical cumulative distribution functions (CDF)
of the two samples. KS test makes no assumption about
distribution normality. In addition to h (hypothesis test result)
and p (p value of the test), the KS test also returns the test
statistic k, which quantifies the difference between distribution
shapes of the two samples and can be written as:

k= Max(|F(x) — F2(x)|), where F;(x) and F,(x) are empirical
cumulative distribution functions of samples 1 and 2,
respectively [11].

The two-sample t-test and KS test delineate the data from
different aspects and expose more information of the data.

Classification and Evaluation. Centrosome features
were entered into two types of classifiers: Linear discriminant
analysis (LDA) and Support Vector Machines (SVM). Matlab
Statistics Toolbox and Informatics Toolbox were used for
implementation of LDA and SVM, respectively.

LDA projects the data points into a new space of lower
dimension, which maximizes the between-class variability and
minimizes their within-class variability [12, 13].

SVM works oppositely from LDA, it transforms
nonlinear input data into higher dimensional space, where the
data are linearly separable by an optimal hyperplane. The
classification task is implemented by using kernel functions.
Via appropriate selection of kernel and optimized parameters,
SVM is capable of adapting complicated classification tasks
[14]. In our case, Gaussian Radial Basis Function kernel,

k(xi, x;) = exp(-y Il x; — x; 1), y = 2 is selected after
the optimization.

In K-fold cross-validation [15], after randomly
partitioning the original sample into K subsamples, one is
retained as the validation datum for testing the classifier, and
the remaining K — 1 subsamples are used as training data.
With cross-validation repeated K times, using all observations
for both training and validation, each observation is used for
validation exactly once. In this experiment, 10-fold cross-
validation has been performed 3 times. Since the samples are
selected randomly, there may be fluctuation between different
validations. The average of three validations has been taken as
the result.

Bagging is an acronym for bootstrap aggregating. It is a
technique that improves classification accuracy by combining
classifications from randomly generated training sets,
sampling repeatedly from a data set with replacement. On
average, a bootstrap sample contains approximately 63% of
original training data, because each element has a probability
1 — (1 = 1/N)N of being selected in each sample. If N is
sufficiently large, this probability converges to 1 — 1/e =~ 0.632.
Overall accuracy is computed by combining the accuracies of
each bootstrap sample (g;) with the accuracy computed from a
training set that contains all the labeled examples in the

- , ,
original data: . :%2(0.63%@, +0.368xacc,) ‘here

i=l
acc, is the overall accuracy of the classifier; b is the number of
bootstrap samples [16]. In this experiment, 100 bootstrap
samples (b = 100) were taken.
Estimating a confidence interval (CI) for accuracy will
verity the reliability of a classification result. Our



classification task is a binomial experiment. Therefore, it has a
binomial distribution: p(x =x) =, C, p*(1-p)¥* Where Nis

the number of centrosomes, X is the number that was correctly
predicted by a classifier and p is the accurate rate of the
classifier. When N is sufficiently large (Np >5 & N(1-p) >5),
it can be well approximated by a normal distribution. Based on
the normal distribution, the CI of accuracy can be derived:

Pl-2,, <acc- p)IfpU-pIN)<Z, ,,,)=1-o Whereaccis
accuracy, Zq, and Z_y, are the upper and lower bounds
obtained from a standard normal distribution at confidence
level (1 — ). Since standard normal distribution is symmetric
around Z =0, it follows Z,, = Z,_». Rearranging the
inequality achieves the CI for p [16]:

p= (2xNXacc+z;,2 + 7,322, +4x Nxacc—4x N xacc® )/(2(N+z;/2))

RESULTS

Feature set optimization. Following MRMR
optimization, the 12 features were ranked. We tested the
ability of LDA to classify centrosomes by increasing the
number of features from 1 to 12 selected according to the
optimized order. After performing 10-fold cross-validation 3
times, we averaged 3 validation results as the overall result.
The classification error rate is plotted against the number of
features in the LDA model in Fig. 2.

Comparison of error rate on different feature numbers
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Fig. 2. The distribution of error rates reveals the variation of
error rates by number of features analyzed. The order of
features is optimized by MRMR. This plot shows the error rate
reaches the minimum when the number of features is six.

This plot displays the sensitivity of the classification error
rate to the addition of features. The error rate reached the
minimum when the first six features were selected. The other
six features were redundant and minimally relevant to the
target, which had little or no contribution to the classification
accuracy. We used these six features as our feature set for
statistical analysis and classification. They were Fractal
Dimension, Roundness, Area, Num/cell, Perimeter Ratio, and
Mean Intensity. Correlation coefficients of these six features
were calculated. Some features are strongly correlated, such as
Perimeter Ratio with roundness (-0.91), and Perimeter Ratio
with Fractal Dimension (-0.86). We tried to remove Perimeter
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Ratio, and tested on SVM. The accuracy fell from 0.786 to
0.755, which means this feature has a small contribution to
classification accuracy. Therefore, we kept all six features.
Statistical analysis. The two-sample t-tests resulted in
Table 1, h =1 with the p values less than 0.001 for all six
features, indicating rejection of the null hypothesis, which
means at 99.9% confidence level the two samples have
different means for all the six features. The confidence
intervals (ci) on the mean differences of all six features did not
contain zero, which means that there were significant mean
differences for all six features from the two samples; the
centrosomes represent two separate populations and are

distinguishable on the six features.

according to the statistical analysis results.

The KS test results in Table 1, h =1 with p <0.0015 for
all six features rejected the null hypothesis, which verified, at
99.85% confidence level, the two samples were from the
different distributions (locations and shapes). The statistic k
values indicated distinct distributions based on the distances
between the two CDFs. Four features’ k values were > 40%
and the smallest value of k was 12.2%, indicating that the
distances between the two CDFs of the centrosome features for
survivors and fatalities were large enough to be distinguished.
The feature data of survivors and fatalities were separable

Table 1. Statistical analysis results
Num Area Round- Intensity Perim Frficlal
/cell ness Ratio Dimen
h 1 1 1 1 1 1
_ 3.04 1.02 5.32 7.47 2.22 1.686
S P | 07 | e13 | e22 o4 e-33 e-36
Tl o | -146s | 1688 | 0554 -10.63 -0.107 0.070
i -0.661 287.2 0.827 -2.826 -0.078 0.094
b 1 1 1 1 1 1
8 5.87 8.48 4.20 1.85 1.87
g 0.0015 e-31 e-34 e-03 e-30 e-39
0.178 0.412 0.431 0.122 0.409 0.466

Classification. The results of 10-fold cross-validation for
LDA and SVM are shown in Table 2. Comparing the results,
the accuracy rate of SVM (79%) was somewhat better than
LDA (74%). The fluctuations between different test results of
10-fold cross-validation were very small (< 0.0035 for LDA
accuracy, < 0.0005 for SVM accuracy), demonstrating stability
of the 10-fold cross-validation results.
Bagging with SVM significantly improved the accuracy
of SVM from 79% to 85%, which means there is room to
improve the accuracy.
The CI of accuracies on 95% confidence level can also be
found in Table 2. These ClIs confirmed that accuracies were
reliable and acceptable.

Table 2.  10-fold cross-validation and 100 bagging results
Acf;‘[reacy Sensitivity | Specificity Accci;’:cy
Lvlzﬁ\dgg;; 0.738 0.808 0.702 8:;22
S\Xlll\ﬁlz(;::ri)s 0.786 0.838 0.683 8:;? ’
(bfxﬁg) 0.855 0.798 0.884 gfﬁé




DISCUSSION

Our experiment provides an objective and quantitative
assessment of centrosomal numeral and morphological
abnormalities and shows the magnitude of these differences.
Based on the centrosome classification, future statistical
analysis and classification will be applied to a larger database.
At present, there is no clinical method to predict the portion of
patients whose resected, localized stage I NSCLC recurs with
distant metastases. Building upon evidence that centrosomal
abnormalities cause chromosomal instability (CIN) [17-20], a
new quantitative biomarker of CIN, indicating subsequent lung
tumor behavior would have great clinical significance. Such a
marker could individualize the application of existing lung
cancer therapies. For example, by identifying aggressive
tumors in stage I for whom adjuvant treatment may be
beneficial [21], as well as direct the development of new drugs
against centrosome targets.
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