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Abstract—Tuberculosis (TB) is a common disease with highmor-
tality and morbidity rates worldwide. Automatic systems to de-
tect TB on chest radiographs (CXRs) can improve the efficiency
of diagnostic algorithms for pulmonary TB. The diverse manifes-
tation of TB on CXRs from different populations requires a system
that can be adapted to deal with different types of abnormalities.
A computer aided detection (CAD) system was developed which
combines several subscores of supervised subsystems detecting tex-
tural, shape, and focal abnormalities into one TB score. A general
framework was developed to combine an arbitrary number of sub-
scores: subscores were normalized, collected in a feature vector
and then combined using a supervised classifier into one combined
score. Themethod was evaluated on two databases, both consisting
of 200 digital CXRs, from: (A) Western high-risk group screening,
(B) TB suspect screening in Africa. The subscores and combined
score were compared to (1) an external, non-radiological, reference
and (2) a radiological reference determined by a human expert.
Performance was measured using Receiver Operator Character-
istic (ROC) analysis. Different subscores performed best in the two
databases. The combined TB score performed better than the in-
dividual subscores, except for the external reference in database B.
The performances of the independent observerwere slightly higher
than the combined TB score. Compared to the external reference,
differences in performance between the combined TB score and
the independent observer were not significant in both databases.
Supervised combination to compute an overall TB score allows for
a necessary adaptation of the CAD system to different settings or
different operational requirements.
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I. INTRODUCTION

T UBERCULOSIS (TB) remains one of the world's major
health concerns. In 2011 an estimated 8.7 million new

cases and 1.4 million deaths were reported. The majority of the
TB burden is located in Africa, followed by the Asian coun-
tries [1]. Although the overall incidence of TB in the Western
World has been decreasing in the past decades, an increase in
TB rates has been reported in selected high-risk populations
especially in urban settings [2], [3]. Chest radiography is be-
coming increasingly important in the fight against TB, because
existing screening diagnostics such as sputum staining have be-
come less reliable in populations with a high prevalence of HIV/
AIDS [4].With the increasing availability of digital radiography
[5], computer aided detection (CAD) systems can be developed
that could facilitate mass population screening for TB. In high
burden countries the number of skilled human CXR readers is
often low, and the intended use of CAD in this study is as a
first screening test that selects cases that require follow-up di-
agnostic tests such as sputum culture.
The pathofysiology of TB is complex [6], [7] leading to a

large diversity of pathologic changes in the lungs and other parts
of the body. This diversity is reflected in a wide variety of pul-
monary manifestations on the chest radiograph (CXR) with dis-
tinct morphological patterns [7]. Known causes for this diver-
sity are age [8], [9], ethnicity [10], and co-infection with HIV
[11]. The presentation on CXR also differs with different stages
of the disease. Traditionally, differences have been described
between primary and post-primary TB [12], and in general TB
in an early stage shows smaller, but also morphologically dif-
ferent, abnormalities than in more advanced stages of the dis-
ease. These variations lead to different frequencies of distinct
patterns across populations. A generally applicable CAD system
requires good performance for all the distinct patterns, but also
a methodology to adapt it to individual populations with their
own specific characteristics. In this study we focus on three cat-
egories of abnormalities: textural abnormalities, characterized
by diffuse changes in appearance and structure of a region; focal
abnormalities, which are isolated circumscribed changes in den-
sity; and shape abnormalities, where disease processes have al-
tered the contour of normal anatomical structures.
Most of the previously developed systems for automatic

analysis of chest radiographs have focused on single tasks:
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nodule detection [13], interstitial abnormalities [14]–[17], or
lung shape abnormalities [18]. An extensive overview can
be found in Katsuragawa et al. [19] and van Ginneken et al.
[20]. A recent overview of automatic TB detection in chest
radiographs is given in Jaeger et al. [21]. Koeslag et al. [22]
used template matching in the Fourier domain to determine the
presence of miliary TB in an African setting. In a study by van
Ginneken et al. [23] texture analysis was employed to classify
chest radiographs, acquired in a TB screening program, as
normal or abnormal. Arzhaeva et al. [24] reported on a different
automatic system which classifies chest radiographs as normal
or suspect for TB based on its global appearance. Hogeweg
et al. [25] reported on an improved TB detection system, and
evaluated it in a database of radiographs acquired from TB
suspects in Africa, showing the benefit of a combination of
local and global features of the radiograph. Tan et al. [26]
analyzed distributions of intensities in interactively segmented
lung fields in a dataset of TB cases from Southeast Asia. Jaeger
et al. [27] computed a number of different texture feature sets
in automatically segmented lungs to detect TB in a dataset
obtained from a North American TB control program.
In this paper we propose an innovative combination of indi-

vidual subsystems in a structuredmanner to address the problem
of developing a CAD system with good generalization proper-
ties. For automatic TB detection there are two main reasons to
combine systems. The first, mentioned before, is that it is not
likely that a single system will suffice in a multitude of settings.
A combination of multiple systems can be adapted to the spe-
cific setting, for example by weighing the output of a specific
abnormality detection system higher when it is strongly associ-
ated with TB in a particular population. The second reason is a
general beneficial effect of system combination on the perfor-
mance of supervised systems. This effect has been extensively
studied in the field of pattern recognition [28], [29]. Niemeijer
et al. showed that combination of independently developed sys-
tems, addressing the same task, improved the performance of
CAD [30]. In contrast to that work, we propose a combination
of heterogeneous systems, addressing different types of abnor-
malities.
In this paper textural, focal, and shape abnormality subsys-

tems are combined into one system to deal with the hetero-
geneous abnormality expression in different populations. The
performance is evaluated on a TB screening and a TB suspect
database using both an external and a radiological reference
standard. The paper is organized as follows. In Section II the
systems to detect different types of TB related abnormalities
and their combination is described and in Section III the two
databases that were used for evaluation. Section IV shows ex-
periments and results, which are discussed in Section V, fol-
lowed by the conclusions in Section VI.

II. METHODS

The proposed combined CAD system consists of several sub-
systems, each of them producing one or more subscores indi-
cating the presence of textural, focal, and shape abnormalities.
All the subsystems are aggregated into one score by combina-
tion of the subscores. The subsystems depend on the segmenta-
tion of anatomical structures, preprocessing of the chest radio-

graph and computation of features, and these tasks are described
first.

A. Segmentation

The lungs and clavicles were segmented to limit the analysis
by the subsystems to the lung fields and provide them spatial
context. The segmentation is based on supervised pixel classi-
fication and requires a set of features to be computed for each
pixel.
1) Local Feature Computation: Local characteristics of

each pixel in the image were computed. Three types of features
were calculated: texture features based on Gaussian deriva-
tives, features derived from the Hessian matrix, and position
features. These features were computed at images resampled
to a width of 256 pixels. To capture local image structure
the output of Gaussian derivative filtered images of order 0
through , at scales 1, 2, 4, 8, 16
pixels were calculated [31]. Hessian matrix derived features,
also calculated at scales 1, 2, 4, 8, and 16 pixels, were used to
detect the presence of line like structures [32]. Considering the
two eigenvalues of the Hessian matrix two
measures were derived: (1) to extract the lineness
of the local image structure, and (2) the largest absolute eigen-
value to indicate the strength of the response. In addition
two position features, the - and -coordinate normalized to
the height of the image, were added. Each pixel is described by
in total 43 local features.
2) Lung Segmentation: A lung segmentation is required to

limit the analysis to the region inside the lung fields, where
TB primarily manifests itself. Two different segmentations were
produced: (1) lung-PC, the post-processed output of a pixel clas-
sification stage and (2) lung-HAP, which combines pixel clas-
sification and shape model information to improve segmenta-
tion of lungs containing gross abnormalities. lung-PC tends to
classify grossly abnormal regions as non-lung and was later an-
alyzed for shape abnormalities; whereas lung-HAP was used in
the textural analysis and analyzes the full lung fields.
The pixel classification set-up for lung-PC is based on the

method described in van Ginneken et al. [33]. The local fea-
tures described in the previous section were computed for every
pixel in the image. From a set of training images, examples of
pixels in- and outside manually outlined lung fields were sam-
pled (a random selection of 0.3% for both classes). A k-nearest-
neighbor classifier was trained and used to assign
to all pixels in a test image a lung likelihood . The resulting
lung likelihood map was converted to a binary segmentation in
a series of steps: Gaussian blurring with pixels, thresh-
olding at , selection of the two largest components, and
morphologically closing with a spherical kernel of
pixels.
The lung segmentation which includes shape information,

lung-HAP, was provided by applying the Hybrid Active Shape
Model Pixel Classification (HAP) algorithm [33], [34]. The in-
tensity model of the active shape model was trained on the like-
lihood map provided by pixel classification, instead of on the
original image. The shape model was computed from the same
training set as for the pixel classification stage.
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TABLE I
SUBSYSTEMS AND SUBSCORES GENERATED BY SUBSYSTEMS

3) Clavicle Segmentation: The presence of many overlap-
ping structures renders the upper lung region the most difficult
to analyze in the chest radiograph and can lead to a high rate of
false positives [25]. It is also the area where TBmost commonly
manifests itself [35]. The clavicle location was provided by the
algorithm described in Hogeweg et al. [34]. In this method, su-
pervised pixel classifiers were constructed to segment the inte-
rior, the head and the border of the clavicle. The local features
described in Section II-A1 were used, the same as for the lung
segmentation, together with context features extracted from the
lung segmentation, namely the - and - coordinates normalized
to the height of the bounding box of the lung fields, the distance
to the lung wall and the distance to the center of gravity of the
lung segmentation. Active shape model segmentation based on
the interior segmentation was performed to generate an initial
outline which was then refined using dynamic programming.

B. Preprocessing

Besides the lung fields, the CXR can contain other structures,
such as parts of the abdomen, arms, and air outside the body. In a
properly collimated image the proportional area of these struc-
tures is minimal. In practice there is considerable variation in
what proportion of the total image is occupied by the lung fields.
This variation was reduced by applying a newly developed vir-
tual collimation procedure, which yields images with standard-
ized lung sizes, improving robustness of subsequent analyses.
The standardization of the scale intrinsic to the feature compu-
tations is important because normal structures in the CXR have
typical sizes. A bounding box around the lungs was deter-
mined from lung-HAP and the image was cropped to . A 5%
margin was added to the width and the height of to compen-
sate for possible undersegmentation and to reduce border effects
in feature computation. The cropped image was then resized to
a width of 1024 pixels.

C. Abnormality Detection Subsystems

A number of subsystems were used to detect textural, focal,
and shape abnormalities in chest radiographs. One or more sub-
scores were generated by each subsystem. The subscores were

afterwards combined into one overall abnormality score. The
different subsystems and subscores are summarized in Table I.
From some subsystems more than one subscore is derived. The
original input features for the subsystems are not included into
the combination. In this section a detailed description of the sub-
systems is provided. Training sets and testing procedures for
each subsystem are described in Appendix A.
1) Shape Analysis: When large abnormalities close to the

lung walls are present, the normal shape of the lungs is cor-
rupted and difficult to determine, because of similar densities of
abnormalities and extra-pulmonary structures. This causes the
boundaries of the detected lung fields to be displaced with re-
spect to the true lung boundary. Therefore, an abnormal shape
of the projected lung fields indicates the presence of abnormal-
ities and can be used to detect abnormal images.
A shape abnormality score was computed by comparing a

shape representation extracted from lung-PC to a set of normal
lung shapes. The set of normal lung shapes were extracted from
the automatically computed lung-PC segmentation from a set of
normal images. Rays were cast in equiangular directions from
the centroid of the detected lung and the distance to the inter-
section with the boundary was recorded. This creates a feature
vector of length for each shape, with the number of direc-
tions. For each lung 80 rays were cast to create the
shape. The feature vectors for the left and right lungs in the
image were normalized to the height of the bounding box
and then concatenated to obtain one vector describing both lung
shapes.
As the occurrence of lungs with an abnormal shape due to

abnormalities adjacent to the lung wall is relatively uncommon
and the abnormal shape is difficult to predict, a one-class clas-
sifier based on a PCA model of normal shapes (retaining 95%
of the variance) was used to describe normal shapes and iden-
tify abnormal ones [36]. A large Mahalanobis distance (gener-
alization of the standard score [37]) of a test shape to the model
indicates a more abnormal shape. This Mahalanobis distance is
used as S-shape.
2) Texture Analysis: Textural abnormalities in CXRs com-

monly occur in TB and typically reflect inflammatory changes in
the lung parenchyma, but can also be the result of fluid or fibrotic
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Fig. 1. Examples of different types of abnormalities and normal appearance of the lung field. (a) Large opacities; a diffuse non uniform density increase (b) Small
opacities; multiple small focal lesions with normal tissue in between (c) Consolidation; a uniform density increase (d) Normal; ribs and vascular structure are
visible. (a) Large opacities. (b) Small opacities. (c) Consolidation. (d) Normal.

changes in the pleural space. The proposed texture analysis pro-
vides a likelihood of a textural abnormality being present for
each pixel in the lung. The detection of textural abnormalities is
based on analysis of small circular image patches (
pixels) sampled every 8 pixels.
Two sets of features were computed for each patch in the au-

tomatically segmented lung fields. Image characteristics were
computed by extracting statistics of Gaussian derivative filtered
images of order 0 through 2 ( ), at
scales 1, 2, 4, and 8 pixels. The first four moments (mean, stan-
dard deviation, skew, and kurtosis) of the intensity distribu-
tion of each Gaussian derivative filtered image and the original
image were computed for each pixel inside its corresponding
circular patch. In total, 100 patch features per pixel were com-
puted. Additionally, spatial context features for each pixel were
also calculated: the - and - coordinates (normalized to the
height of the image), the - and -coordinates in the bounding
box , the distance to the lung wall, the distance to the center
of gravity of the lung segmentation and the signed distance to
the clavicle, which is positive outside the clavicle and negative
inside. In total seven spatial context features were computed.
A GentleBoost classifier [38] was then trained with pixels

from abnormal patches in abnormal lungs and normal pixels
from normal lungs. GentleBoost used 100 regression stumps as
weak classifiers. Only abnormal patches containing textural pat-
terns, labeled as either large opacities, small opacities, or con-
solidation, were used. These categories of abnormalities are de-
scribed in Section III.B. In a test image, patches were sampled
inside the segmented lung fields and classified. After classifi-
cation, each patch in the test image was assigned a likelihood
of being abnormal. The image score S-texture was computed
from the cumulative distribution of patch likelihoods by deter-
mining the likelihood corresponding to the 95% quantile. This
score measures in a robust way the extent and the severity of the
affected lung [39].
In addition to S-texture, which is one overall score for the

whole lung fields and all types of textural abnormalities, sepa-
rate scores were calculated for different regions of the lung and
for different types of textural abnormalities.
Regional texture scores were computed separately from sub-

regions of the lungs. There are two reasons for adding regional
texture scores: (1) a possible preferential location of TB in cer-

Fig. 2. Division of automatically segmented lung fields into four subregions:
central, upper, middle, and lower. Texture scores were computed from the four
regions and from the difference in scores between left and right for each corre-
sponding region.

tain regions of the lung fields and (2) differences in perfor-
mance of texture analysis in different regions. The subregions
were based on a division in four parts of each lung field: upper,
middle, lower, and central (Fig. 2). The central region was de-
fined by a circle, with the centroid of the lung fields as its center,
covering one quarter of the area of one lung field; whereas the
upper, middle, and lower areas were defined by a vertical di-
vision in three equal parts of the remaining area. The corre-
sponding scores S-texture-central, S-texture-upper, S-texture-
middle, and S-texture-lower were calculated by converting the
patch likelihoods inside each region to one score using the 95%
quantile rule. In grossly abnormal cases, abnormalities can be
present with roughly equal severity in both lung fields, but often,
in more subtle cases, abnormalities are limited to one lung field.
This information was captured by computing the difference in
texture scores between corresponding subregions on the left
and right, giving S-texture-central-asymmetry, S-texture-upper-
asymmetry, S-texture-middle-asymmetry, and S-texture-lower-
asymmetry.
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TB can cause multiple types of textural abnormalities with
different visual patterns in chest radiographs namely large
opacities, small opacities and consolidations. Examples of the
patterns of these abnormalities are shown in Fig. 1. The same
training procedure was followed as for general texture analysis
but as positive training examples only patches from abnormal
areas labeled with the specific type of abnormalities were used.
The manual annotation of each abnormality is described in
Section III.B. After classification and the use of the quantile
rule as previously described, three scores were computed:
S-texture-large, S-texture-small, and S-texture-consolidation.
3) Focal Lesion Detection: Isolated well defined focal

lesions, such as nodules, can occur in TB cases. This type of
lesion is less well detected by texture analysis. Focal lesions
were automatically detected with a commercially available
software package for nodule detection (ClearRead+Detect
v5.2; Riverain Technologies, Miamisburg, Ohio). The software
outputs for each image a list of suspicious locations with a like-
lihood score. The total load of focal lesions was summarized
into one image score S-focal by summation of the likelihood
scores of all detected lesions.

D. Combination

With all the subsystems and subscores available the key issue
is how to combine this information into one score that reflects
the overall probability of the image containing abnormalities
related to TB. From each individual subsystem the subscores
, with and the total number of subscores, are

collected into a vector . The 14 subscores were combined into
one final score for each case by classifying . Combination
of can be performed using either a static rule [29], or a learned
(supervised) rule [40]. The basic difference between these two
approaches is that static combination does not use image labels,
while supervised classification does.
The subscores produced by the subsystems lie in different

ranges and have to be normalized before they are combined, in
order to weigh subsystems equally before the combination rule
is applied. Subscores were normalized by transforming them
to zero mean and unit standard deviation. The normalization
parameters were computed from subscores in a training set.
In static combination is computed from directly,

without requiring a reference training set. In this paper,
we investigated three different static rules: the sum rule

, the product rule , and the
maximum rule . In supervised combination
is determined by classifying using a learned classifier. For
supervised combination linear discriminant analysis (LDA)
[37], -nearest-neighbor ( NN) [37], GentleBoost [38], and a
Random Forest [41] classifier were used. Details about the clas-
sifier settings are given in Appendix A. The trained classifier is
constructed from a labeled training dataset. The image label is
provided by a reference for every in the training set; in this
work we report results using two different reference standards,
one based on expert reading of the radiograph, and one an
external reference. The reference standards are described in
Section III.B.

III. MATERIALS

Two datasets one from a European and one from an African
country with different populations and settings were used to
evaluate the CAD system. For each dataset an external and ra-
diological reference standard were available.

A. Evaluation Datasets
The first database is a set of 200 digital CXR (DigitalDiag-

nost Trixel; Philips Healthcare, The Netherlands) from the Find
& Treat screening program. The Find & Treat program is aimed
at screening for tuberculosis in high-risk groups in London,
United Kingdom [42]. The high-risk population consists mainly
of homeless people, prisoners, and problem drug users. In a pe-
riod of 5 years (2005–2010), 104 active TB cases were found
by the program. Active TB cases were defined as cases where
a clinical decision was made to start TB treatment, in most
cases based on a positive sputum culture test. The CXR have a
isotropic pixel spacing of 143 m and image widths in the range
of 1800–3000 pixels. Out of 104 active TB cases 87 could be
matched to the CXR database and to these 113 randomly chosen
normal cases were added.
The second database consists of a set of 200 digital CXR

(EasyDR; Delft Imaging Systems, The Netherlands) acquired
from the Cape Town site of the TB-NEAT research study [43].
This study evaluates multiple diagnostics for TB in high burden
countries. The radiographs have a pixel spacing of 250 m
isotropic and image widths in the range of 1500–1800 pixels.
For all cases sputum culture results were available. We selected
all 66 culture positive cases and added 134 randomly chosen
culture negative cases.

B. Reference Standard
For each database external and radiological reference stan-

dards were provided and used for two purposes: (1) to eval-
uate the performance of individual subscores, as well as the
combined system and the performance of a second independent
human observer; and (2) to train supervised systems. The ex-
ternal reference standard for tuberculosis was set by an inde-
pendent test not associated with the CXR; the result of sputum
culture testing for the TB-NEAT database and a combination
of sputum culture testing and clinical diagnosis for the Find &
Treat database. Sputum culture is considered the most accu-
rate diagnostic test for TB and is typically used as reference
standard in evaluation studies of other diagnostics [4], [44].
The radiological reference standard was set by an experienced
chest radiologist with over 10 years of experience. Images were
scored based on (1) the presence of any abnormalities and (2) the
presence of abnormalities consistent with tuberculosis. These
scores, ranging from 0 to 100, express the observer's certainty
about the presence of abnormalities. A score of 50 or higher
for any abnormalities corresponds to a radiologically abnormal
case. The readers were aware of this threshold. A second chest
radiograph recording system (CRRS) [45] certified reader with
over 15 years of experience independently scored the CXRs as
well.
The training set for texture subsystems was created by out-

lining abnormal regions in all images by a third observer. Im-
ages were annotated using an extended version of the CRRS



2434 IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. 34, NO. 12, DECEMBER 2015

Fig. 3. Scatterplots comparing performance of subscores, combination, and independent observer between the Find & Treat and TBNEAT database. Left: external
reference, right: radiological reference. See Table II for the corresponding values.

system. The CRRS categories large opacities and small opac-
ities were annotated. A description of these categories can be
found in [45], [46]. Furthermore, we added an extra consolida-
tion category, defined as an area of homogeneous density in-
crease and considered as separate from the existing CRRS cat-
egories.

IV. EXPERIMENTS AND RESULTS
Training, testing and analyses of all components was per-

formed on the Find & Treat and TB-NEAT dataset individu-
ally. Training sets and test procedures are described in detail
in Appendix A. Receiver Operating Characteristic (ROC) anal-
ysis was performed and performance measures are given as the
Area under the ROC curve (computed using the trape-
zoidal rule), unless otherwise indicated.

A. Performance of Subsystems
The upper part of Table II shows the performance of the in-

dividual subscores for the Find & Treat and TBNEAT data-
base. The performance is shown for the external and radiolog-
ical evaluation reference. For the Find & Treat database S-focal
and S-texture-large are the best performing subscores, achieving

values of 0.827 and 0.821 respectively; whereas for the TB-
NEAT database S-texture was the best subscore for both refer-
ences, achieving values of 0.759 and 0.866 respectively. An
important observation is that subsystems perform differently in
both databases, as visually illustrated in Fig. 3. For example,
S-texture had highest performance in the TBNEAT database for
the external reference, but lower in the Find & Treat database,
where S-focal performed better. Also the performance in the
upper lung fields is higher than in the lower lung fields for both

databases and references, a finding consistent with the known
preference of TB for the upper lung fields.
Fig. 4 shows the likelihood maps of the texture analysis and

focal lesion detection system for two examples of abnormal
cases. The Find & Treat case is an example of a case where tex-
ture analysis gave a low score, but focal lesion detection a high
score. The TBNEAT case is an example where texture analysis
gave a high score, but no focal lesions were found. These ex-
amples illustrate the importance of detecting multiple types of
abnormalities.

B. Combination

The combination of subsystems was performed using four
supervised and three unsupervised rules. A summary of the
results obtained with the different combination strategies are
presented in Appendix A. Supervised classification with the
Random Forest classifier had on average the highest perfor-
mance across databases and the two evaluation references.
These combination settings were therefore used in all subse-
quent experiments.
Table II and Fig. 3 compare the performances of the subsys-

tems, combined system, and the independent observer between
the Find & Treat and TBNEAT database. The combined
system outperformed the subsystems for both references and
databases, except for the TBNEAT database evaluated with
the external reference in which the combined performance
was slightly lower. In the Find & Treat database the combined
system achieved and 0.847 for the external and
radiological reference respectively. In the TBNEAT database
the combined system achieved and 0.899 for the
external and radiological reference respectively.
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TABLE II
PERFORMANCE (AREA UNDER THE ROC CURVE) OF INDIVIDUAL SUBSCORES, COMBINED SYSTEM, AND THE INDEPENDENT OBSERVER.

COMBINATIONS PERFORMING BETTER THAN THE BEST INDIVIDUAL SUBSCORE ARE INDICATED IN BOLD. THE BEST INDIVIDUAL
SUBSCORE FOR THE EXTERNAL AND RADIOLOGICAL REFERENCE IS UNDERLINED. SEE FIG. 3 FOR A VISUAL DISPLAY OF THE

VALUES. 95%-CONFIDENCE INTERVALS FOR THE COMBINED SYSTEM ARE GIVEN IN TABLE A.3

Fig. 4. Output of texture analysis, focal lesion detection, and shape analysis for two cases with different types of abnormalities. Both cases were abnormal ac-
cording to both the external and radiological reference standards. Colors indicate suspiciousness in the order blue-green-yellow-orange-red. The outline of the pixel
classification based lung segmentation is shown for shape analysis. The numbers below the images indicate the position among the ranked scores of the system,
where #1 is the most normal and #200 the most abnormal image. The last column indicates the ranked position in the combined system.
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Fig. 5. ROC curves for combined system, best subscore, and the independent observer. The top row shows the results evaluated using the external (culture)
reference, the bottom row using the radiological reference. For the external reference also the operating point, the threshold for normal/abnormal, of the reference
observer is indicated.

In order to test the hypothesis that the proposed combination
scheme leads to adaptation to the specific setting where a col-
lection of images originates from we applied the trained com-
bination rule of the Find&Treat database to compute combined
scores for the TBNEAT database and vice versa. These results
are presented in Table II as Combined system trained with other
database. In the Find & Treat database the combined system
trained on other database achieved and 0.817 for
the external and radiological reference respectively. In the TB-
NEAT database the combined system trained on other database
achieved and 0.867 for the external and radiolog-
ical reference respectively.
Fig. 5 shows for both databases and the external and radiolog-

ical reference standard the ROC curves of the combined system,
the best individual subscore per database/reference pair, and the
independent observer. Using the external reference standard, we
can compute the sensitivity and specificity of the reference ob-

server for detection of TB, which is indicated as a single cut-off
point in the ROC curve. In the Find & Treat database the ref-
erence observer made only a few false positive decisions, indi-
cated by the high specificity of 98%, but with a relatively low
sensitivity of 82%. In the TBNEAT database the reference ob-
server operated at a specificity of 54% and a sensitivity of 89%.
Figs. 6 and 7 visually show results of image classification

using the combined system for the Find & Treat and TBNEAT
database respectively. The first two rows show respectively the
most abnormal and most normal images according to the com-
bined system, i.e., the overall highest and lowest scoring im-
ages. The third row shows the most prominent false positives,
the radiological negative images with the highest scores with
respect to the radiological reference. The fourth row shows the
most prominent false negatives, the radiological positive images
with the lowest scores. The degree of abnormality of an image
is expressed by its ranked position among the scores of the 200
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Fig. 6. Visual summary of classification results on the Find & Treat database using the combined system. The first two rows show the overall highest and lowest
scoring images. (*) The third row and fourth row show the most difficult cases, respectively the highest scoring negative images and lowest scoring positive
images according to the radiological reference. Numbers below the image indicate “rank:(FPF, TPF)/external reference/score reference observer/score independent
observer”, position among 200 evaluation cases ( ), (FPF, TPF) indicates position on the ROC curve,

positive fraction, positive fraction.

evaluation images (#1 most normal, #200 most abnormal) and
also by the (false positive fraction, true positive fraction) posi-
tion on the ROC curve.
C. Automatic Analysis Versus Reading by Humans
The performance of the independent human observer was

compared to the individual subscores and the combined system
for both reference standards in order to judge the value of au-
tomatic analysis as a reader. For comparison with the external

and radiological reference, the observer's score for abnormal-
ities consistent with TB and the score for any abnormalities
were used, respectively. For both databases and references, ex-
cept for the external reference of TB-NEAT, the independent
observer performed better than the individual subscores and
slightly better than the combined system. Statistical compar-
isons of performances were made using case-based bootstrap-
ping [47]. Differences were considered significant at .
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Fig. 7. Visual summary of classification results on the TBNEAT database using the combined system. See Fig. 6 for an explanation.

For the Find & Treat dataset and compared to the radiolog-
ical reference the independent observer performed significantly
better than S-texture-large , and better than the
combined CAD system . Compared to the external
reference the independent observer performed again better than
S-focal , and also better than the combined system,

but not significantly . In the TB-NEAT database
and compared to the radiological reference, there is again a sig-
nificant difference between the independent observer and the
best subscore S-texture and between the indepen-
dent observer and the combined system . For the
external reference the independent observer had similar perfor-
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TABLE III
AGREEMENT BETWEEN OBSERVERS (RAD) AND EXTERNAL REFERENCE STANDARD (EXT). LEFT: FIND & TREAT, RIGHT:
TB-NEAT. TOP: REFERENCE OBSERVER, BOTTOM: INDEPENDENT OBSERVER. (a) Find & Treat: Reference Observer,

(b) TB-Neat: Reference Observer, (c) Find & Treat: Independent Observer, (d) TB-Neat: Independent Observer

mance as S-texture and the combined system ( and
respectively).

V. DISCUSSION

TB has a diverse presentation on chest radiographs and a mul-
titude of differently appearing abnormalities have to be detected
in order to achieve consistent performance in different popula-
tions. Three subsystems for TB detection and a framework to
combine them into one overall score were presented. The contri-
bution of this study in the field of automated pathology detection
is two-fold: (1) differences in the performances of subsystems
between datasets are accounted for, and (2) overall performance
is increased. Specifically for TB detection, we have presented a
novel technique to correct for differences in image collimation
and provided methods to detect shape and textural abnormali-
ties. Across populations with different TB representations, the
combined system obtained a performance that was consistently
higher than or similar to the variable performance obtained by
individual subsystems. We have shown that combination leads
to improved performance compared to the individual subsys-
tems and approaches performance levels of human observers on
two independent datasets.
Instead of usingmultiple detection subsystems to detect TB in

chest radiographs it might be possible to design one comprehen-
sive detection system. However, there are a number of reasons
to prefer multiple small systems over one large complex system.
From a perspective of system design, multiple specialized sub-
systems are also preferable since these can be more easily tested
and evaluated than larger general ones. A practical reason to use
multiple subsystems, such as the focal and textural abnormality
detection system, is that they can be developed parallelly by dif-
ferent research groups.
In CAD research it is common for studies to report that dif-

ferent types of systems do not perform consistently in the same
task because the evaluation dataset was acquired in a different
setting. We also observed this effect: with respect to the external
reference the focal lesion detector had the highest performance
in the Find & Treat database, but it is one of the lowest per-
forming systems for the TB-NEAT database. Conversely, tex-
ture analysis had the highest performance in the TB-NEAT data-
base, but a lower performance in Find & Treat. The performance

of the combined system was higher or similar than the best indi-
vidual subscores for both databases. This shows that, given an
appropriate combination rule, selection of one subsystem out of
a set of subsystems is not required. This property provides easy
adaptation to a new setting where the relative incidence of ab-
normalities is different; instead of redesigning the CAD system,
retraining the combination rule may be sufficient under the as-
sumption that only the pathologies change and not the acquisi-
tion-induced appearance of the image. In this work the appear-
ance of images in the Find & Treat and TB-NEAT database was
substantially different due to differences in acquisition. There-
fore the supervised texture systemwas trained independently for
both databases. Additionally, retraining the rule could be used
to focus the CAD system on different tasks, e.g., detecting all
abnormalities or specific types related to TB.
The beneficial effect of training the combination rule inde-

pendently for each database was shown by an experiment where
a combination rule trained with one database was used to clas-
sify images in the other database. For the radiological references
the interchanging of combination rules lead to a disappearance
of the beneficial effect of combination which was found when
the rule was trained on the same database. For the external ref-
erence the interchanging of combination rules lead to a large
reduction of performance in the Find & Treat database. This is
likely due to the disagreement between the radiological and ex-
ternal reference in the TB-NEAT database (discussed below),
and it shows the importance of using a properly adapted combi-
nation rule.
In general supervised systems will respond to those types of

abnormalities that the system is trained with and therefore the
presented system might detect diseases similar to TB. An inter-
esting possibility would be to use the CAD system to discrimi-
nate between subgroups of abnormal CXRs. The first step is to
discriminate active TB from other lung diseases such as other
Mycobacterium strains [48], pneumoconiosis (coal miner's dis-
ease) and pneumonia. The next step is to discriminate inactive
(old) TB from active TB. There is also a known variation in
radiological appearance of active tuberculosis with certain pa-
tient characteristics, such as co-infection with HIV [11], eth-
nicity [10], and age [8]. We hypothesize that the variations in
radiological manifestation due to different diseases and different
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patient characteristics should express themselves as differences
between descriptors of the radiological appearance. The fea-
ture vectors that were constructed in this paper provide such
descriptors. Manual scoring systems for tuberculosis on CXR
also provide feature vectors, but suffer from disagreement be-
tween readers, while the objective quantitative measurements
provided by a CAD system do not have this limitation.
In the TB-NEAT database we found a considerable disagree-

ment between the external and the radiological reference stan-
dard, which was also expressed by the large differences in per-
formance of the CAD system. One reason for this difference
is the uncertainty in the radiological reading. This is illustrated
by the results in Table III, where confusion matrices show that
human observers make different kinds of errors with respect to
the external reference. Therefore, in cases with observer scores
closer to the binary cut-off value of 50 it becomes more uncer-
tain whether the radiograph is truly abnormal. This effect is il-
lustrated by the higher observer scores for culture positive cases

than culture negative cases in the group of ra-
diologically positive cases. Another reason for the discrepancy
could be that it is known that the sensitivity of sputum culture is
not 100% [49] and therefore some of the radiologically positive
culture negative cases can be true TB cases. Another possibility
is that these cases have abnormal X-rays due to diseases other
than TB. For these last two reasons we used the presence of ab-
normalities on the CXR instead of sputum culture as a reference
for training the CAD system. As a consequence the CAD system
might detect sputum culture negative TB cases or other types of
lung diseases, both of which can be useful when the system is
integrated into a diagnostic algorithm. The discordance between
radiological and TB status also may explain why the combined
system showed no improvement with respect to the best sub-
score.
Examining the most prominent mistakes of the combined

system can provide insight into where improvement could
be achieved. Such an analysis was made in Figs. 6 and 7
for the radiological reference. In the Find & Treat database
three out of four highest scoring negative, i.e., false positive
(FP), images, were positive for active TB, indicating that the
combined system correctly judged them as suspicious. The
first (ranked #193) looks clearly abnormal; a label of being
radiological abnormal, which was given by the independent
observer, would have been appropriate here. The other three
cases are not overtly abnormal, but their lung fields display
a more busy aspect than the overall lowest scoring cases. Of
the lowest scoring positive, i.e., false negative (FN), three out
of four images (ranked #7, #11, and #13) contain a pattern of
small nodules, which was not well detected by the combined
system. The case ranked #28 displays lymphadenopathy in the
mediastinum and left hilus, which is a relatively uncommon
and often subtle type of abnormality in TB. Adding subsystems
specifically developed for small nodules and lymphadenopathy
is expected to improve performance for images containing
these abnormalities. In the TB-NEAT database three out of four
FP cases were active TB cases and these images are visually
different than most normal images, which lead the independent
observer to read two of these cases as radiologically abnormal.
The TB case with rank #131 shows no clear abnormalities but

TABLE A.1
TRAINING AND TESTING SETS OF THE COMPONENTS AND SYSTEMS
USED IN THE PAPER. THE LEFT SIDE OF THE TABLE SHOWS THE
DATASETS USED FOR THE SYSTEMS: D-LUNG IS DISJOINT FROM
D-EVAL, AND D-SHAPE AND D-CLAVICLE ARE SUBSETS OF D-LUNG

TABLE A.2
NUMBER OF IMAGES IN THE TRAINING SETS FOR

THE FIND & TREAT AND TBNEAT DATABASE

has an unusually dense breast shadow, which has lead to false
positive responses in texture analysis. Two of the FN images
had no clear abnormalities, the case ranked #30 has a subtle
abnormality in the upper left lobe and the case ranked #37 a
subtle pattern of small nodules. The detection of such subtle
abnormalities might benefit from an increase in the number of
training examples.
For the external reference we found no significant differences

between the combined system and the independent observer.
This finding enables a potential replacement of human readers
in certain screening algorithms, for example if the CXR is used
to select cases that subsequently receive a confirmatory diag-
nostic test for TB. We are aware that, to conclusively show
non-inferiority of CAD to human reading, larger datasets are
required. A larger training dataset might also lead to an increase
of the performance of the CAD system. Compared to the ra-
diological reference the independent observer still performed
better than the combined system. The main reason is a lower
performance for detecting small and uncommon types of abnor-
malities. Nevertheless, CAD does not have to perform equally
well as a human expert in all situations to be useful in practice.
Depending on operational requirements and constraints—e.g.,
clinical practice, screening, or available funds—a slightly lower
performance might be sufficient to for example reduce reading
costs, or to provide quality assurance as a second reader.
The general framework presented in this paper can be applied

to other CAD problems, specifically when the appearance of a
disease varies from setting to setting, and generally when one
can expect performance improvement through combining mul-
tiple systems instead of choosing a single best system.
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TABLE A.3
COMBINATION OF SUBSYSTEMS WITH FOUR SUPERVISED CLASSIFIERS AND THREE UNSUPERVISED RULES. COMBINATIONS PERFORMING BETTER
THAN THE BEST INDIVIDUAL SUBSCORE ARE INDICATED IN BOLD. THE BEST COMBINATION METHOD FOR THE EXTERNAL AND RADIOLOGICAL
REFERENCE ARE UNDERLINED. THE TABLE IS SORTED ON THE AVERAGE PERFORMANCE ACROSS DATASETS AND REFERENCES, HIGHEST FIRST.

RANGES BETWEEN PARENTHESES INDICATE 95% CONFIDENCE INTERVALS

VI. CONCLUSION
TB has diverse manifestations and to analyze CXRs automat-

ically, algorithms that focus on different manifestations need to
be combined. When using only a single subsystem, different
subsystems were found to perform best for two datasets from
different populations, but the combined approach outperforms
each single subsystem in both cases. The combined system is
close in performance to an independent human observer. Al-
though the system presented combines multiple detectors, cer-
tain types of abnormalities are still missed. These can be ad-
dressed using the general framework proposed in this paper,
where adding more subsystems is expected to further improve
the versatility of an automated detection system.

APPENDIX A
TRAINING AND TESTING OF CAD COMPONENTS

Most subsystems of the CAD system require training data
to perform their task. Table A.1 shows the training and testing
datasets for the components and Table A.2 the number of im-
ages in the training sets. The two evaluation sets (D-eval) con-
sisted of 200 images for both the Find & Treat and TBNEAT
database. Training sets for anatomy segmentation (D-lung and
D-clavicle) were independent ofD-eval. In the experiments with
the Find & Treat database 495 consecutive images from the full
screening database were used for lung segmentation. Most of
these images were normal because of the low prevalence of
abnormalities in a screening setting. A subset of D-lung con-
sisting of 250 images was used for clavicle segmentation. In
the experiments with the TBNEAT database we used the same
database as in [34], consisting of 548 images which had both
lungs and clavicles annotated. This dataset is publicly available
on http://crass12.grand-challenge.org/. In this set 225 and 333
images were considered normal and abnormal respectively.
Shape analysis was trained with D-shape, a selection of

normal images from D-lung. Because of the limited amount of
data in D-eval, instead of splitting it into a training and a test
dataset, 10-fold crossvalidation was used for texture analysis,
score normalization and supervised combination. The division
into folds was identical for all experiments. All crossvalidation
experiments were performed for both databases independently.
Even though a large number of features are used in the texture
system relative to the number of training images, the analysis

takes place at the pixel level. On the order of pixels
were used per fold for training the texture system. In each fold
9/10th of the cases were used for training or computation of
normalization parameters, which was used for classification or
normalization of the remaining 1/10th test cases. ROC curves
were generated using the results pooled from the 10 folds. Note
that the reference standard used for training the supervised
combination is the same as used in the performance evaluation:
the radiological reference is used to train the system, and that
system is also evaluated against the radiological reference,
idem for the external reference. The focal lesion detector was
externally developed with independent and unknown training
data.

APPENDIX B
RESULTS FOR ALL COMBINATION METHODS

This Appendix provides results of all (supervised and unsu-
pervised) combination methods. For supervised combination
linear discriminant analysis (LDA) [37], -nearest-neighbor
( NN) [37], GentleBoost [38], and a Random Forest [41]
classifier were used. For kNN we used (KNN13), the
odd value closest to the heuristic of [37], where

is the number of samples in the training dataset in
the crossvalidation set-up. GentleBoost used 50 regression
stumps as weak classifiers (GB50), and the RandomForest
classifier used 50 decision trees with a maximum tree depth of
7 (RF50). The number of stumps and trees are based on pilot
experiments, in which performances were not found to vary
substantially with different parameters. Both GentleBoost and
RandomForest are known to be resilient to overtraining [38],
[41]. Table A.3 shows the performances of the four supervised
combination methods (LDA, KNN13, GB50, and RF50) and
the three unsupervised rules (Sum, Maximum, Product). The
best combination method, as measured with average perfor-
mance across databases and references, is RF50.
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