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Abstract 

Pakistan has the fifth highest incidence of Tuberculosis (TB) in the world. The current tests for 
TB diagnosis are smear and culture tests which have accuracies of about 40% and 70% 
respectively. They are inefficient, complicated and relatively expensive to perform in 
developing countries. In this paper, we present a novel computational predictive algorithm 
by modifying the standard decision tree that allows us to efficiently detect TB with high 
accuracy. It employs supervised learning to classify the samples into patients and healthy 
groups based on MFI values of different antibodies with an accuracy of about 94%, 
outperforming the traditional classifiers including decision trees, kNN, random forests and 
support vector machines (SVM). Our algorithm allows simultaneous, bench-top analysis of 
thousands of samples per day, does not rely on highly skilled or technical staff and provides 
easily interpretable results. Our work strongly suggests that developing, testing and 
implementing automated diagnostic algorithms such as ours can be helpful in overcoming 
infrastructural and human-resource constraints in poorly resourced countries. 
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Motivation 

According to the World Health Organization, Pakistan is ranked amongst ‘crisis countries’ in terms of 
human resources available to help support the achievement of the health-related Millennium 
Development Goals (Health Facility Assessment, 2013). The inability of the country to recruit and retain 
specialized medical help is highlighted by the fact that Pakistan has about 1.13 doctors per 1000 
inhabitants (Health Facility Assessment, 2013). While primary and secondary health-care is provided 
through a network of basic health units (BHU), rural health centers, dispensaries and district 
headquarter hospitals, these public-sector facilities often lack proper resources and fail to meet 
appropriate global healthcare standards. The decades-old, tiered healthcare delivery infrastructure has 
not kept up with the rising population in the country. Furthermore, there is an imbalance in the 
allocation of public health resources between urban and rural areas. For example, a recent health facility 
assessment report showed that 60% of the BHUs had less than 50% of the essential equipment needed 
for daily operation (Health Facility Assessment, 2013). 

Ironically, it is in these areas that a substantial part of the population is at a much higher risk from 
chronic infectious diseases, such as Mycobacterium Tuberculosis (TB), where prompt diagnosis and 
early treatment are essential for disease control. Pulmonary TB is a highly transmittable disease that 
has typically been associated with poverty and low socio-economic status in third-world countries. 
While most patients can recover successfully from an infection, speed and accuracy of diagnosis is a 
critical challenge where late diagnosis can lead to increased severity of symptoms and a higher mortality 
rate. The countries in the sub-continent, namely Pakistan, India and Bangladesh have consistently 
ranked among the 22 TB High Burden Countries (HBC) (WHO, 2015). With an overall population of 
185 million people, Pakistan has the fifth highest incidence of TB in the world with the recent WHO 
estimates suggesting 267 TB patients per 100,000 people in Pakistan (WHO, 2015).  More importantly, 
it ranks third in the list of countries that have the most missed TB cases and the highest levels of under-
diagnosis of TB.  

Most of the prevalent TB diagnostic methods are either subjective, inefficient, or not cost-effective. The 
most common method for diagnosing TB is through a sputum smear examined under a conventional 
microscope (Steingart et al., 2006). While the test has high specificity, the sensitivity of the test varies 
from 20-70% and is often directly dependent on the availability of trained professional staff required 
for the careful preparation, staining and reading of each sputum sample (Steingart et al, 2006).  The 
overall process is labour intensive and slow. Furthermore, the results require subjective reading of the 
stained samples. Diagnosis is typically confirmed through a culture test that requires sophisticated labs 
along with trained technical staff. The standard culture methods can also take up to 8 to 12 weeks to 
obtain results since M. tuberculosis is a slow-growing organism (Khan et al, 2011). Most third-world 
countries such as Pakistan, however, lack the basic infrastructural and human resource capacity for 
accurate and reliable culture tests along with the capacity to handle high-volume of cases. Clinical 
judgements based on symptoms, X-rays and radiological assessments over several visits to the physician 
are often used to supplement diagnosis and this is likely to continue until faster, cheaper and more 
reliable tests become available. 

Introduction 

In this paper, we propose a method for efficient detection of TB. Biomarkers are naturally occurring 
molecules in human bodies which can be used to identify diseases and their severity. They can be 
effectively used for tuberculosis diagnosis as suggested by a study on plasma antibody profiles as 
diagnostic biomarkers for tuberculosis (Khan et al, 2011). We propose a supervised learning algorithm 
inspired by decision trees for efficient detection of TB using data on antigens acquired through 
multiplex microbead immunoassay (MMIA) technique using xMAP technology developed by Luminex 
(Soni et al. 2011). In our case, antigens are used as biomarkers to measure the expression of bacteria in 
a blood sample using multiplex technology which records the levels of expression of these antigens. 
Mean fluorescent intensities (MFI) is used as a measure to count the expression of antigens against the 
bacteria which is recorded through multiplex technology. We developed our model using antigens 
acquired from 356 samples containing 222 confirmed TB patients. Our model is able to classify the 
samples into patients and healthy groups with an accuracy of about 94%. This performance is superior 
compared to the accuracy of other conventional supervised algorithms applied in a similar manner on 
the same dataset. 
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Our results strongly suggest that a diagnostic algorithm such as ours can efficiently and effectively 
diagnose TB. The disease can also be detected much quickly since the test takes less than two hours to 
complete and as suggested earlier, prompt and accurate diagnosis without the need for specially trained 
health-care professionals can really help curb this menace. The rest of the paper is organized as follows. 
In the next section, we provide a review of the relevant literature. This is followed by a description of 
the data collection process and preliminary data analysis. Then the proposed classification algorithm is 
discussed at length followed by a detailed discussion of the results. Finally, the paper is concluded with 
a brief discussion of the implication of our results and directions for future research. 

Literature Review 

Computational predictive models of diseases have been developed using various learning techniques 
like decision trees, linear discriminant analysis (LDA), support vector machines (SVM), logistic 
regression and k-nearest neighbour (kNN). Ferrari and Aitken (2006) used Naive Bayes classifier to 
achieve a success rate of 97% in classification of human housekeeping genes. kNN was used to perform 
multi-label classification to determine the severity level of the disease (Zhang and Zhou 2005). Albitar 
et al. (2006) found the decision trees to be the best algorithm for prediction of clinical behavior in adult 
acute lymphoblastic leukemia with an accuracy range of 84% to 92%. Similarly, Soni et al. (2001) 
suggest that tree based methods outperform other classification algorithms in heart disease prediction. 
For classification of ovarian cancer, ensemble of decision trees known as random forests outperformed 
other techniques using mass spectrometry data (Wu et al., 2003). 

Data mining techniques have also been used for the diagnosis of tuberculosis in the past. Asha et al. 
(2011) used support vector machines to classify pulmonary TB (PTB) and retroviral PTB, associated 
with HIV, from the data on symptoms and medical history of 700 patients. Various statistical analyses 
have been performed using the data on antigens specific to tuberculosis. In a study on diagnosis of 
tuberculosis using data on antigens extracted through multiplex technology, Khan et al. (2011) used 
multivariate analyses, classification algorithms such as random forests and sequential minimal 
optimization, and cluster analysis to detect TB. 

Several studies have also modified the existing algorithms or used their combination for prediction 
modeling. Liao and Chin (2007) used penalized logistic regression catering for a small number of 
samples with microarray data. Loganantharaj (2007) proposed extensions of Naive Bayes algorithm to 
apply in bioinformatics increasing the classification accuracy in disease detection problems. Similarly, 
Francesca et al. (2006) used hierarchical Naive Bayes model for handling heterogeneity in detecting 
cancer with tissue microarrays. Fan et al. (2011) use a hybrid model from integration of case ­based data 
clustering and fuzzy decision tree to predict breast cancer. 

Researchers in the field of bioinformatics have employed different biomarkers as features for standard 
algorithms to detect and diagnose various diseases. This includes the use of SVM to detect breast cancer 
from a panel of three biomarkers (Li et al., 2002) and logistic regression for classification of patients 
from healthy subjects using standardized markers (Huang et al., 2013). In a related work, Jie-Kai et al. 
(2005) used five biomarkers to diagnose ovarian cancer with 96.7% accuracy using SVM. Similarly, Kim 
et al. (2013) combined multiple biomarkers to increase the classification accuracy for early screening of 
ovarian cancer using logistic regression. Decision tree-based ensembles were used to diagnose 
rheumatoid arthritis and inflammatory bowel diseases using proteomic biomarkers (Geurts et al., 
2005). The study also suggested that the ensemble methodology used can be applied to similar 
problems. 

To select the best set of features for a learning task in biological and medical domains, various 
algorithms have been employed, especially under the heads of filter and wrapper models (Saeys et al. 
2007). Filter models are independent to the classifiers and include Chi-square, t-tests, Euclidean 
distance and information gain (Ben-Bassat 1982). Wrapper models, on the other hand, attach the 
feature selection objective with a certain classifier and then select a subset of features based on the 
classifier’s accuracy using cross-validation (Phuong et al., 2005). Some classifiers such as decision trees 
and weighted naive Bayes’ also have feature extraction inherent in them (Duda et al., 2012). In order to 
increase computational efficiency and simplification, Purkayastha et al. (2014) used forward greedy 
feature selection algorithm along with random forest. Additionally, linear discriminant analysis, 
Bayesian classifiers and k-means clustering have also been used to reduce the dimensionality of medical 
dataset (Ding and Li, 2003). Research in medical domain focuses on performance as well as 
interpretability of the predictive models. See Freitas (2013) on the interpretability of decision trees, 
Bayesian networks and other classifiers. 
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Data Collection and Preliminary Analysis 

Data Summary 

Data was collected from 356 samples of arriving patients at the Gulab Devi Hospital, (GDH). GDH is 
synonymous with the treatment and care of TB in Pakistan. It is one of the oldest hospitals in the country 
and was established with the view to provide treatment and care for TB patients. In our sample, 222 
were confirmed as TB patients who were diagnosed at GDH. Culture, Smear and X-Ray tests of all the 
samples and follow-ups of the patients were performed in three different hospitals to confirm the TB 
incidence of the sample. From the blood samples of the individuals, the mean fluorescent intensities 
(MFI) values of 32 antigens, which are suspected to be specific to TB (Khan et al. 2011), were recorded. 
As discussed earlier, MFI is used as a measure to count the expression of antigens against the bacteria 
which is recorded through multiplex technology (Soni et al. 2011). The table in the Appendix shows the 
abbreviations assigned to each of the antigens so that they are easily referred to in the analysis. Table 1 
gives the summary statistics of the MFI values of antigens by TB status, patient and healthy. 

 

Table 1. Mean and standard deviation of MFI values of 32 antigens for TB (patients) and 
non-TB (health) subjects 

It can be seen from the table that almost all the antigens have a higher average MFI value with patients’ 
samples than with healthy samples which was expected since the antigen expresses higher MFI values 
when there is greater number of bacteria against that antigen (Khan et al. 2011). Box and whiskers plots 
were plotted to compare log2 MFI values of each antigen between the two groups, patients and healthy 
(Figure 1). It is evident from the figure that in some cases, such as antigens A13 and A18, the log2 MFI 
values of patients and healthy have similar distribution and hence are not discriminating between the 
two groups. Therefore, detailed analysis for differential expression was required. 

To systematically identify features (antigens) that are discriminative for both healthy and TB patient 
groups, conventional learning techniques from the literature were applied. This allowed us to 
benchmark the results against our dataset. We then proceed to our proposed classification algorithm 
and compared the results. 
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Figure 1. Box and whisker representation of each antigen’s log2 MFI values for TB 
(patients) and non-TB (health) subjects 

 

 

Feature Selection 

Feature selection was done through a technique known as differential expression analysis. It is a 
procedure to assess how differently an antigen is expressed in a sample group compared to another 
group. This is done through fold changes and their statistical significance. Fold change is the number 
of times a quantitative measure is greater in one group relative to the other group. We determined a 
linear model fit for each antigen by using the limma package in R and calculated the relative fold 
changes (increase or decrease) of the levels of antigens between the healthy controls and patient 
samples according to the procedure described in (Khan et al., 2008). Fold changes were calculated by 
fitting a linear model to the data, and the statistical significance was estimated by a two-step process. 
First, an analytical data set that encompassed all the antigens for which a significantly positive signal 
was detected in at least one comparison between healthy and patient samples was obtained. This was 
followed by differential expression across the multiple comparisons detected by an F-test combined 
with separate F-tests for each antibody. For the selection of useful antibodies, we adjusted p-values by 
using the Benjamini-Hochberg procedure (Benjamini and Hochberg, 1995). Five antigens that had MFI 
values which were not statistically different in patients and healthy at 1% level were discarded from 
further analysis (Table 2). 

 

Table 2. Fold change analysis by TB status (** significance at p<1%; * significance at 
p<5%) 

Conventional Classification Techniques 

Data on the 27 antigens obtained after feature selections for 356 samples was used to develop TB 
classification models using conventional techniques discussed in the literature. Six techniques 
discussed in the literature review section were selected: decision trees, k-nearest neighbor (kNN), 
logistic regression, Naïve Bayes, random forest and support vector machines (SVM). In order to obtain 
robust results and to avoid over fitting, three-fold cross validation technique was employed. The 
standard accuracy metrics (precision, recall and F1) were calculated for each of the three folds. The 
results revealed that decision trees and random forests performed the best followed by SVM, logistic 
regression, kNN and Naïve Bayes. Table 3 summarizes the results obtained through these techniques. 

 

Table 3. Performance of conventional classification techniques on our dataset 

The best weighted F1 measure is about 85% for decision trees and random forests. This is low in the 
context of previous literature in this domain reported earlier. Furthermore, it is low for diagnostic tests 
of diseases like TB, keeping in view their prevalence and severity. 
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Proposed Classification Algorithm 

Since decision trees and random forests had the highest accuracy and weighted F1, we modified the 
conventional algorithm to improve the classification model. A standard decision tree is grown by 
splitting a node at each step that gives the maximum information gain calculated using the 
precision/recall of the children of that node. In our proposed algorithm, this selection criterion is 
modified to evaluate true positives of patients and their precision. The following steps summarize the 
process for one node of the tree: 

Step 1: For each feature (antigen) in the training set, determine the values that discriminate the 
samples with highest patient precision. 

Step 2: Among the values determined in Step 1, select one which has the greatest number of 
true positives and branch on that value of the node. That value will be called the cutoff for that 
antigen. 

Step 3: From Step 2, the right child (> = cutoff value) will be very close to a pure set (100% 
precision) which need not be split anymore. If the right child is not a pure set, then stop; 
otherwise use the dataset of the left child (< cutoff value) as input to Step 1. 

Our algorithm uses count of true positives to decide which node to split into branches such that there is 
highest patient precision at that point. Intuitively, the modification aims at focusing on capturing true 
positives and avoiding false positives. False negatives are more tolerable, since further and more 
comprehensive testing for these subjects will either confirm or rule out the incidence of disease. False 
positives are not well tolerated, since it will place that healthy individual on unnecessary medication 
such as isoniazid prophylaxis, a usual anti-tuberculosis drug, which causes side effects and may lead to 
nerve dysfunction, liver inflammation, and other reactions (Marcos et al., 2010). Choosing a node on 
the count of true positives amounts to choosing the antigen that most frequently predicts disease 
incidence in the data set, while splitting a node on precision helps to avoid false positives. This makes 
sense in the problem scenario of interest as field testing for infectious disease in rural areas is a first-
cut process and we want to capture as many positive cases as possible. 

Table 4 contains sample data to illustrate the proposed algorithm. Suppose we have ten samples in the 
training set and three features in the feature set. Six samples belong to TB patients (labeled as Group 
A) and four samples belong to healthy subjects (labeled as Group B).  

Group Feature 1 Feature 2 Feature 3 

A 100 500 300 

A 120 400 350 

A 115 450 320 

A 125 430 400 

A 130 350 250 

A 75 470 300 

B 80 375 175 

B 70 325 125 

B 65 200 220 

B 110 250 315 
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Table 4. Sample data to illustrate the proposed algorithm 

Using each feature for classification purposes, true positives, false positives and precision values are 
calculated. The results for the sample data set are shown in Figure 2.  

 

Figure 2. Classification of sample data set using each feature.  

 

The maximum precision at every value across the features is highlighted yellow in Figure 2. As discussed 
earlier, under the proposed algorithm the tree will branch on that feature (and value) where the count 
of true positives is the maximum (green highlighted cell in Figure 2). Therefore, in this case the tree will 
branch on Feature 2 with a value of 400. The samples that have Feature 2 value >= 400 will be predicted 
as Group A. The remaining samples will be the input for the next iteration. The iterations would stop 
when maximum precision % at any iteration comes out to be less than a particular value (e.g. 100%). 

Results and Discussion 

Our proposed modification resulted in far superior results compared to other classification algorithms. 
Our algorithm gave an accuracy of 93.82% and a weighted F1 of 93.6%. Figure 3 compares its 
performance with standard classification algorithms. 

 

Figure 3. Comparison between proposed algorithm and 
conventional classification techniques on the basis of Accuracy and 

Weighted F-1 

 

Furthermore, the tree produced a reduced set of 15 antigens by recording the antigens used in the Step 
2 of proposed algorithm. These antigens facilitated in the best classification performance in comparison 
to the other algorithms. The cutoffs obtained for these antigens are shown in Table 5. These cutoffs can 
now be used to diagnose TB if the data on MFI values are recorded for each of the antigens in the 
multiplex panel. 
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A1 A2 A3 A4 A5 

174 568 684 151 294 

A6 A9 A11 A12 A15 

774 335 467 220 158 

A19 A21 A23 A26 A28 

160 600 400 320 1253 

Table 5. MFI cutoffs determined by our proposed algorithm for the selected 15 antigens 

For classification purposes, if any of the MFI values of the 15 antigens for a new subject is greater than 
the cutoffs in Table 5, the subject will be diagnosed as a TB patient. 

Conclusion and Future Work 

In this paper, we proposed a decision tree inspired classification algorithm that provides accurate and 
robust results in comparison to the standard decision tree and other conventional classification 
algorithms. Our results are encouraging not just in the context of early detection of an infectious disease 
such as TB, but also in the context of developing countries where prolonged neglect of the public 
healthcare sector has created many challenges. In a third world country like Pakistan where TB is 
endemic, it is also important that a healthcare center is capable to process as many cases in a day for 
the early diagnosis. With this test that this paper enables, hundreds of samples can be processed in a 
day within one facility. Also, the cost of this diagnostic aid is considerably lower not just to the patient 
but also to the overall healthcare system is compared to the conventional diagnosis techniques which 
have high throughput. We believe our promising results further support the development of similar 
approaches towards fast and efficient detection of harmful diseases through the multiplex technology. 
As part of future research, the generalizability of this algorithm can be explored in the diagnosis of other 
diseases where biomarkers have higher values correlated to its incidence. Furthermore, we are in the 
process of conducting further research into the correlation between the selected MFI values of the 
antigens and severity of the disease. This may further help in early detection, ongoing treatment and 
care of TB patients. 
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Appendix 

 

 

Table A1: Original antigen names and corresponding tags used in analysis 


