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Introduction

Tuberculosis (TB), a chronic infectious disease caused 
by mycobacterium TB, is a global issue that seriously 
endangers public health. In recent years, TB is becoming 
resurgence in worldwide after had been controlled in a 
large extent for many years. China is reported to have the 
second highest incidence rate of TB worldwide. According 

to the fifth national epidemiological sampling survey of TB 
in 2010, the prevalence of active TB in people aged 15 and 
over was 459/100,000. Prevention and treatment of TB have 
always been important tasks for medical professionals (1).

Pathology is one of the most important means for 
diagnosing TB in clinical practice. To confirm TB as the 
diagnosis, finding specially stained TB bacilli under a 
microscope is critical, in addition to identifying a set of 
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morphologic changes in the surrounding tissue. Because of 
the very small size (less than 1μm in diameter) of the bacilli, 
to look for and identify them under the microscope requires 
use of high-power fields, which provide a rather limited 
visual area over a whole tissue section. Besides, the number 
of bacilli is usually small. Therefore, it is a time-consuming 
and strenuous work even for experienced pathologists, and 
this strenuosity often leads to low detection rate and false 
diagnoses. In order to improve the efficiency and sensitivity 
of the detection of TB bacilli, several new techniques have 
been developed, including PCR and RNA scope, but so 
far none of them have proved to be reliable and accepted 
widely (2).

In recent years,  with the rapid development of 
information technology and the growing attention to 
interdisciplinary practices, artificial intelligence (AI) has 
become a new area of interest for medical professionals. 
The term first appeared in the Dartmouth Summer 
Research Project on Artificial Intelligence in 1956 (3). After 
50 years of development and study, especially after recent 
breakthroughs on convolutional neural networks (4), AI 
has shown some amazing results on performing human-
level tasks. For instance, AlexNet, a neural network model, 
achieved a great success in the ImageNet Large Scale Visual 
Recognition Challenge (ILSVRC) in 2012 (5). In many 
other studies and challenges, AI has also demonstrated the 
capability to handle medical tasks. 

Compared to the complex and varied shape of cells 
and tissues, the morphology of TB bacillus is relatively 
simple, resembling a thin rod with a length of roughly  
4 μm and a diameter of 0.5–1.0 μm. The waxy lipid in the 
cell wall of the bacilli appears purple red after acid-fast 
staining, showing high contrast to the blue background (6). 
Detecting bacilli with such morphology and color upon 
staining is specific to the diagnosis of TB. In this paper, 
we present a novel method to automatically detect stained 
TB bacilli using a convolutional neural network model. 
We show that our method is highly competitive in terms of 
sensitivity and specificity, while being naturally consistent 
and efficient.

Methods

A total of 246 cases were collected from the Department of 
Pathology, Peking University First Hospital during January 
2016 to June 2017. All of them were tissue samples and 
treated by acid-fast stain, of which 45 cases were selected as 
training set and 201 cases were selected as testing set. 

All specimens were fixed, embedded, sectioned, and 
stained by acid-fast stain strictly following the standard 
protocols. Slides were reviewed, and the results were 
determined by two pathologists separately. Consensus was 
reached on inconsistent cases after discussion. 

All slides were scanned using a KF-PRO-005 Digital 
Section Scanner (Ningbo Jiangfeng Bio-information 
Technology Co., Ltd., Ningbo, China). Pathologists 
provided 30 positive samples, containing a large number 
of TB bacilli, and 15 negative samples (where no signs of 
TB bacilli were found). The bacilli in the positive samples 
were labeled using the ASAP software. First, we sampled  
96,530 small patches at 40× magnification level from labeled 
areas in the whole slide images as positive samples. We then 
performed further data augmentation, including rotation, 
mirroring, and position shifting, and eventually obtained 
a set of 578,191 patches with bacilli. Similarly, 2,510,307 
negative samples were collected outside the bacilli regions. 
Our training set thus contained over 3 million samples.

We adopt a convolutional neural network model pre-
trained on the CIFAR-10 dataset as our classification model, 
named tuberculosis artificial intelligence (TB-AI). Input 
to the network were 32×32 pixel patches from positive 
and negative regions of the WSI and the classification 
model was trained to discriminate between the positive and 
negative patches. We used mini-batch stochastic gradient 
descent algorithm as the optimization method, with a batch 
size of 512. The initial learning rate was set to 0.05 and 
was multiplied by 0.1 after every 5 epochs. The model was 
trained for 25 epochs in total. The 32×32 pixel patches 
were generated from the test slides using a sliding window 
method with a stride of 16. They were then fed into the 
trained TB-AI to generate a probability map for each slide. 
Patches with bacillus probability >0.5 were considered 
positive. A slide would be predicted positive if it contained 
at least one positive patch.

The diagnostic results made by TB-AI were compared 
to those made by pathologists. We analyzed inconsistencies 
between the results, and modified the protocol to get more 
accurate predictions. Step above was repeated

Results

Before the test, 108 out of 201 cases were diagnosed as 
positive by pathologists, and the remaining 93 cases were 
negative.

Trained TB-AI were run on the test data twice. The 
results are shown in Table 1. In the first run, the diagnoses 
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of 154 cases (76.6%) made by TB-AI were consistent with 
those made by the pathologists, including 93 positive cases 
(46.2%) and 61 negative cases (30.3%). The diagnoses 
of the remaining 47 cases (23.4%) made by TB-AI were 
different from those made by the pathologists, of which  
15 cases (7.5%) were diagnosed positive by pathologists but 
negative by TB-AI and 32 cases (15.9%) were diagnosed 
negative by pathologists but positive by TB-AI. In the 
second run, 28 more samples were diagnosed accurately, 
including 20 positive cases and 8 negative cases. With 

careful modifications to the model, we improved the 
consistency rate by almost 14% (Table 1).

Discussion

Development of computer-aided diagnosis (CAD) systems 
to automatically detect acid-fast stained bacilli began 
in the 1990s. These computer programs often rely on 
identifying certain chromatic or structural patterns that are  
pre-defined by medical experts and engineers. Although 
bacillus carries a distinctive morphology and can be 
easily identified by trained pathologists, it’s difficult to 
parameterize the morphological features and precisely 
define the range within which they would vary. Therefore, 
these feature-based methods usually do not generalize 
well. CNN, a newly developed set of mathematical 
models, is able to simulate the work process of biological 
nervous systems and automatically learns the features 
that in traditional algorithms were hand-engineered, 
thus requiring relatively little pre-processing (7). This 
methodology is similar to how pathologists learn to 
recognize TB bacilli under the microscope, and hence 
should theoretically work well in our task. Our main 
challenge was that our targets were extremely small 
compared to the whole slide image: at 40× magnification, 
the size of a TB bacillus was only around 20×4 pixels. As 
a result, how to establish a neural network model that 
would apply to small objects became the key point in our 
study. Among the existing models, Google’s CIFAR-10 is 
designed to handle micro-images at a size of 32×32 pixels, 
which is very close to that of TB bacillus. In addition, 
it’s able to process the images at a very high speed (8).  
Based on CIFAR-10, a unique CNN model specifically 
targeting TB-AI was established.

The 47 inconsistent cases during the first run were 
reviewed by two pathologists both via microscope 
and digital slides. There are 7 positive cases missed by 
pathologists and 8 by TB-AI, in all of which existence of TB 
bacilli was confirmed after the review process (Figure 1). In 
6 cases, dye residues were misdiagnosed as bacilli by TB-AI  
(Figure 2). In 20 cases, TB-AI identified bacilli located 
outside of tissues or on the surface of normal tissues, 
which were later ruled out by pathologists and regarded as 
contaminant bacilli (Figure 3). In the last 6 cases TB bacilli 
were found under the microscope, but neither pathologists 
nor TB-AI were able to identify them on the corresponding 
digital images due to the limited image quality of the 
scanned slides (Figure 4).

Table 1 Diagnosis of test cases made by TB-AI and pathologists 
(n=201)

Test Item

Diagnosis by pathologists,  
n (%) Total, n (%)

Negative Positive 

First run Diagnosis by 
TB-AI 

Negative 61 (30.3) 15 (7.5) 76 (37.8)

Positive 32 (15.9) 93 (46.3) 125 (62.2)

Total 93 (46.2) 108 (53.8)

Second 
run

Diagnosis by 
TB-AI 

Negative 69 (34.3) 2 (1.0) 71 (35.3)

Positive 17 (8.5) 113 (56.2) 130 (64.7)

Total 86 (42.8) 115 (57.2)

TB-AI, tuberculosis artificial intelligence.

Figure 1 Pathologists confirm that bacilli can be seen in the digital 
sections (arrow), but missed by TB-AI (acid-fast stain 40×). TB-AI, 
tuberculosis artificial intelligence.
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Based on the analysis above the protocol was improved 
as follows. First, the diagnosis mistakes in the test data were 
corrected by pathologists. Second, the scanner was reset to 
minimize compression losses and to increase the precision 
of the auto-focus program, hence improving the quality of 
the digital slides. Third, the training set was optimized by 
correcting mislabeled data and improving labeling accuracy. 
We also performed class balancing by expanding rarer 
samples. Fourth, to remedy the inadequacy of the diversity 
and coverage of negative samples, we extended the sampling 
area to cover more regions on the digital slides. Fifth, a 
random forest classifier was added to the framework so that 
outputs from the CNN would be filtered a second time to 
further improve specificity.

The general practice in machine learning prohibits 
using the test dataset a second time such that the model 
can remain unbiased. In our case, however, we found errors 
in the ground truth label during the first run, which had 
made the second run necessary. Yet we did not tune our 
model to make it biased towards the test data, and hence 
our model should remain neutral. In the second run,  
TB-AI missed 2 positive cases (1.0%) and misdiagnosed 
17 negative cases (8.5%) where it miscounted contaminant 
bacilli towards pathogenic bacilli. With the diagnosis made 
by pathologists jointly via microscope and digital slides as 
the golden standard, the sensitivity and specificity of TB 
bacilli detection using TB-AI was 97.94% and 83.65% 
respectively. 

Conclusions

We have developed an efficient and reliable framework 
for automatic TB bacilli detection based on deep learning 
and machine learning algorithms. We have shown that  
TB-AI demonstrates high sensitivity for the recognition of 
bacilli, but so far it is still relatively weak when it comes to 
distinguishing contaminant bacilli from pathogenic bacilli. 
Distinguishing pathogenic bacilli from contaminant bacilli 
depends on identifying the morphological changes caused 
by certain histological reactions, i.e., caseous necrosis, 
granuloma and inflammation. Currently, these knowledges 
have not been learned by TB-AI, and hence it is still 
necessary to have a pathologist to confirm the diagnosis 
results made by this system. TB-AI, a framework for 
automatically detecting acid-fast stained TB bacilli, shows 
a high sensitivity and moderate specificity. It is a promising 
method to relieve pathologists from such heavy duties as 
hunting for bacilli under a microscope and decrease chances 

Figure 2 Pathologists confirm that bacillus is not visible in digital 
sections, and the dye residue (red frame) is recognized as bacillus by 
TB-AI (acid-fast stain 40×). TB-AI, tuberculosis artificial intelligence.

Figure 3 Bacillus can be seen in digital sections on the surface of 
completely normal tissues (red frame); TB-AI label this case as TB but 
pathologists confirm it as contaminated bacillus and deny the diagnosis 
of TB (acid-fast stain 40×). TB-AI, tuberculosis artificial intelligence.

Figure 4 Neither pathologists nor TB-AI can find positive bacilli 
in digital sections due to the poor quality of it (acid-fast stain 40×). 
TB-AI, tuberculosis artificial intelligence.

Perimeter: 30.79 μm

Perimeter: 30.79 μm
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of false diagnosis. In practice, positive results given by  
TB-AI need to be confirmed by pathologists, while negative 
results should be reviewed to make sure that the digital 
slides are qualified.
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