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Abstract

This work is dedicated to the problem of early diagnosis of tuberculosis drug
resistance using X-ray and CT images of tuberculosis patients. Image features
were extracted using extended co-occurrence matrix approach followed by Prin-
cipal Component Analysis method. Classification was done with help of recent
classifiers such as SVM, Naive Bayesian, Logistic Regression and Linear Discrim-
inant Analysis. The maximum achieved accuracy of drug resistance prediction
was 75% when using SVM classifier. Results of the present study suggest that the
approach may potentially be employed for early predictions of drug resistance.

1 Introduction

Nowadays the drug resistance of lung tuberculosis (TB) patients is recognized in many
countries as a serious problem of public health (e.g. [6, 2, 1]). This work represents
part of a larger project aimed at creating comprehensive, freely available information
resources on TB resistance problem at a national level (see dedicated portal [3]).

The purpose of this paper is to explore possibilities of predicting drug resistance of
TB patients using image and clinical data and assess the prediction accuracy whereas
the recent classifiers are employed.

2 Materials and methods

Materials. Chest radiographs were taken using KODAK Point-of-Care 260 system
with 2248x2248 pixel resolution. CT scanning was performed by GE LightSpeed Pro
16 scanner with slice thickness of 2.5 mm and the number of axial slices varying from
100 to 160 depending on the region of interest (Fig. 1). Lung regions were segmented
manually on X-ray and semi-automatically in case of CT with final inspection by a
radiologist. A total of 107 patients, 64 males and 43 females (mean age 42.7 and 48.3
years respectively, no significant age differences, p=0.11) were used as a study group.
The major patient characteristic employed for this study was patients drug sensitivity
with 0 standing for sensitive case and 1 denoting any of drug resistant ones. The
number of drug sensitive patients was 37, and the rest 70 cases corresponded to drug
resistant TB.

Basic procedure. The following procedure was implemented for searching corre-
lations between the drug resistance status and textural image features as well as for
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Fig1. Examples of initial X-ray (top row) and CT (bottom row) images

further assessment the feasibility of predicting the resistance status based on the ob-
tained image features and known clinical data.

Step-1: Calculating quantitative image descriptors. Due to the characteristic tex-
tural appearance, here we are continuing to exploit the extended multi-sort, multi-
dimensional co-occurrence matrix approach which is proven to be powerful and flexible
enough to capture a broad range of structural properties of both 2D and 3D medical
images [4, 5]. X-ray lung images were described with the help of a modified version
of four-dimensional matrices [4] abbreviated by IIID and counting the frequency of
mutual occurrence of triplets of pixels with certain intensities (I) at different Euclidean
distances (D). For describing lung CT image structure we employed the most general,
six-dimensional matrices of IIGGAD type [5] counting voxel pairs with certain intensi-
ties (I), gradient magnitudes (G), and mutual angles (A) between the gradient vectors
in 3D image space.

Step-2: Creating study group data table. At this step descriptor of every image is
stored as a separate row of a standard object-feature matrix in which the co-occurrence
matrix elements (data table column) is treated as a separate feature.

Step-3: Reducing number of features by Principal Component Analysis (PCA).
Since the number of original features (co-occurrence matrix elements) is very large and
they are strongly correlated, the PCA method is applied what typically reduce the
number of features down to 5-15 uncorrelated components.

Step-4: Statistical analysis of possible correlations between the patients resistance
status and image features (principal components, PCs) obtained at the previous step
as well as between patients resistance and other available clinical data (number of
cavities, symptoms, etc.). Identification of PCs and known patients clinical features
significantly correlating with the TB resistance status.

Step-5: Experimental study of the feasibility of utilizing the obtained image features
and known clinical data for classifying the TB cases into two categories: drug sensitive
and drug resistant. At this step we perform a classification procedure based on k-
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Sets of predictors

Classifier
CT PC,
X-ray PC
(2)

CT PC,
recurring
(2)

CT PC,
recurring,
X-ray PC
(3)

CT PC,
X-ray PC,
recurring,
symptoms
(4)

CT PC,
X-ray PC,
recurring,
lesions
volume (4)

CT PC,
X-ray PC,
recurring,
symptoms,
lesions
volume (5)

SVM (linear) 0.695 0.708 0.758 0.760 0.721 0.717
SVM (quadratic) 0.674 0.700 0.728 0.709 0.734 0.688
SVM (RBF) 0.663 0.726 0.709 0.671 0.689 0.653
Naive Bayes 0.670 0.661 0.713 0.720 0.708 0.720
LDA 0.652 0.718 0.744 0.744 0.736 0.736
Logit Regression 0.692 0.703 0.756 0.758 0.723 0.715

Table 1: Accuracy of TB resistance status classification. The number of predictors
used which varied between 2 and 5 is given in table column titles.

fold cross-validation technique in order to avoid overfitting on the test data. In k-fold
cross-validation the original data sample was partitioned into k subsamples. All of the k
subsamples were treated as the validation set one after another, whereas the remaining
k − 1 subsamples constituted the training set. Since the partitioning of the original
data was performed randomly, the whole partitioning-training-classifying procedure
was repeated Nrep times for each experiment, and the mean value of classification
accuracy was calculated.

3 Results

In case of CT images the principal component analysis technique with Kaizers criterion
resulted in 5 mutually uncorrelated components one of which (CT PC3) significantly
correlated with drug resistance (r = 0.34, p = 0.00038). In case of X-ray images only
the last sixth extracted component (X-ray PC6) was significantly correlated with drug
resistance (r = 0.314, p = 0.0010). Among all the clinical data the three patients
features appeared to be correlated with drug resistance status: presence of recurring
treatment (r = 0.31, p = 0.0013), lesions volume (r = 0.25p = 0.011) and presence of
TB symptoms (r = 0.18, p = 0.064). In total, the five mentioned features (two image
features and three clinical ones) were used for assessing the feasibility of predicting
patients resistance.

The following classifiers were used with this study: Support Vector Machine (SVM)
with linear, quadratic and radial basis function (RBF) kernels, Naive Bayesian clas-
sifier, Linear Discriminant Analysis (LDA) and Logistic Regression classifier. The
number of folds in cross-validation procedure was set to k = 5 and the number of
repetitions was Nrep = 100. Assessment of classification accuracy was performed for
various subsets of predictor variables including the whole set of five chosen features.
The classification results represented in Table 1 suggest that the best classification re-
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sults (76.0% of the accuracy) were achieved when using linear SVM classifier with four
predictors: both CT and X-ray image features, presence of recurring treatment and
symptoms. Classification accuracy slightly decreased when using Logistic Regression
classifier instead of SVM (75.8% of the accuracy) and/or when excluding symptoms
predictor from the analysis (75.6% – 75.8% of the accuracy).

4 Conclusion

The results obtained with this study allow drawing the following conclusions.
1. Combining quantitative features derived from X-ray and CT images of lung of

TB patients with easily available patient data (e.g. recurring treatment, symptoms)
allows to achieve accuracy of drug resistance prediction of about 75% with help of SVM
classifier.

2. The suggested approach may potentially be employed for early predictions of
drug resistance.
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