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Journey toward Computer-aided Diagnosis:
Role of Image Texture Analysis'

Currently, methods of image texture
analysis are undergoing great develop-
ment and utilization within the field of
medical imaging. Given the general inter-
est and striking growth in computer-
aided diagnosis (CAD), the application of
texture analysis in the diagnostic interpre-
tation of radiologic images has become a
rapidly expanding field of research.

The article by Chen et al (1) that ap-
pears in this issue of Radiology further
demonstrates the potential of image tex-
ture analysis as an important component
of CAD algorithms. Specifically, the au-
thors present a CAD tool that was devel-
oped for the characterization of solid
breast nodules as benign or malignant on
ultrasonographic (US) images. The pro-
posed diagnostic scheme follows a famil-
iar two-step approach. Initially, textural
information is extracted from the image.
Subsequently, the extracted information
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is fed into a decisional algorithm (eg, an
artificial neural network) that is designed to
perform the diagnostic task. The clinical
importance of the diagnostic problem and
the high accuracy rate reported by the au-
thors make their article interesting to those
involved in the diagnosis of breast cancer.

However, from a methodological point
of view, the main attraction of this study
is that the combination of image texture
analysis and automated decision making
offers a promising approach to a clinical
challenge (2). Successful applications of
the above CAD strategy have been re-
ported for other types of medical images
(3-12). While further development and
testing is required to establish the true
clinical effect of such decision-support
systems, texture analysis appears to open
anew exciting path in the journey toward
CAD in radiology. Consequently, two ques-
tions are raised: What is the realistic contri-
bution of texture analysis in the computer-
aided interpretation of medical images, and
to what extent can it be expected to improve
interpretative accuracy?

Deconstructing the Diagnostic
Process

The diagnostic interpretation of medi-
cal images is a multifaceted task. Its objec-
tive is the accurate detection and precise
characterization of potential abnormali-
ties—a crucial step toward the institution
of effective treatment. Achieving this goal
relies on the radiologists’ successful inte-
gration of two distinct processes: (a) the
process of image perception to recognize
unique image patterns and (b) the process
of reasoning to identify relationships be-
tween perceived patterns and possible
diagnoses. Both processes depend heavily
on the radiologists’ empirical knowledge,
memory, intuition, and diligence. Un-
questionably, the radiologists approach
the diagnostic task with a level of intelli-
gence, flexibility, and common sense that

is difficult to duplicate with a computer.
Thus far, research findings have demon-
strated only that computers are the best
savants when it comes to executing math-
ematically rigorous steps toward the solu-
tion of narrowly defined problems.
Nonetheless, the radiologist’s approach
is not devoid of limitations. There are
well-documented errors and variations in
the human interpretation of clinical im-
ages (13). Some study findings even indi-
cate that the same errors are being made
now, as they were in earlier decades (14—
16). In addition, findings from a recent
review of 20 years experience in malprac-
tice litigation in radiology has shown
that the overwhelming majority of legal
cases were due to alleged diagnostic mis-
takes that were attributed to perceptual
errors (17,18) and errors in judgment
(19). In this context, computers can be
our allies if we deconstruct the complex
processes in image perception and diag-
nostic reasoning into a series of single,
well-defined tasks—tasks for which com-
puters have been proved to be extremely
suited and with which they have been
successful. But how can we do that?

Texture Analysis: More than Meets
the Eye?

The impressive performance of hu-
mans in processing visual information is
a constant source of inspiration for re-
searchers who are trying to understand,
to model, and even to duplicate visual
learning. Despite decades of intensive
research in biologic visual systems and
perceptual intelligence, there is a limited
understanding and an ongoing debate
about the basic mechanisms that under-
lie visual perception. In contrast, there is
universal agreement that texture is a rich
source of visual information and is a key
component in image analysis and under-
standing in humans (20). Texture is known
to provide cues about scenic depth and
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surface orientation and, as such, describes
the content of both natural and artificial
images. Also, there is evidence of per-
ceptual learning in texture-coding mecha-
nisms (21,22) and in textural discrimination
(23).

In light of this, engineers have focused
their attention on developing algorithms
that can quantify the textural properties
of an image. (Even though there is no
formal definition of the term, “optical
texture” is used to describe the local
spatial variations in image brightness,
which, consequently, are related to prop-
erties such as coarseness and regularity.)
Empirical evidence and researchers’ inven-
tiveness have led to numerous algorithms
for texture analysis. The available algo-
rithms typically differ in the type of im-
age information that is captured and in
the coding mechanism. For example,
there are structural approaches that de-
pict deterministic texture as a hierarchy
of spatial arrangements of well-defined
primitives. There are statistical approaches
that represent texture with the nondeter-
ministic properties of the relationships
between the gray levels on images. Some
techniques represent texture on the basis
of the spectral properties of an image.
Others are model-based techniques that
analyze texture by identifying an appro-
priate model that reflects the prior beliefs
and knowledge about the type of images
to be analyzed. There are textural features
that describe local image statistics and
others that describe global statistics. Also,
there are more sophisticated textural fea-
tures determined with Markov random-
field models that relate local image struc-
tures to specific global constraints.

The evolution and diversity of avail-
able techniques for texture analysis are a
testament to the advancement of this
field. An extensive survey of textural defi-
nitions, models, and analytic algorithms
can be found elsewhere (24). Texture
analysis is ultimately concerned with au-
tomated methods that can derive image
information from a purely computa-
tional point of view. As such, it is nothing
more than another type of numeric ma-
nipulation of digital or digitized images
to get quantitative measurements. But
contrary to the discrimination of morpho-
logic information (ie, shape, size), there is
evidence that the human visual system
has difficulty in the discrimination of
textural information that is related to
higher-order statistics or spectral proper-
ties on an image (25,26). Consequently,
texture analysis can potentially augment
the visual skills of the radiologist by
extracting image features that may be
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relevant to the diagnostic problem but
that are not necessarily visually extract-
able.

The idea to use texture analysis in
medical imaging has been considered
since the early 1970s (27). However, the
exciting evolution of both texture analy-
sis algorithms and computer technology
revived researchers’ interest in applica-
tions for medical imaging in recent years.
During the past decade, results from nu-
merous published articles have shown
the ability of texture analysis algorithms
to extract diagnostically meaningful infor-
mation from medical images that were
obtained with various imaging modali-
ties, such as chest radiography, mammog-
raphy, US, computed tomography (CT),
single photon emission CT, positron emis-
sion tomography, and magnetic reso-
nance imaging (3-12).

Nonetheless, texture analysis is not a
panacea for the diagnostic interpretation
of radiologic images. The pursuit of tex-
ture analysis is based on the hypothesis
that the texture signature of an image is
relevant to the diagnostic problem at
hand. Furthermore, the effectiveness of
texture analysis is bound by the type of
algorithm that is used to extract meaning-
ful features. Studies, such as the one by
Chen et al (1), are useful because they are
performed to test the hypothesis, and
their promising results suggest that this
type of image analysis might be able to
enhance the human perceptional func-
tion (particularly in inexperienced observ-
ers), when textural features can be com-
prehensively described.

Putting It All Together

With image texture analysis in the role
of the visual perceptional function, the
process of feature extraction and image
coding is achieved. The extracted features
can now be merged into a diagnosis by
using a decision-making algorithm, with
choices that range from the rule-based
models to the traditional statistical analy-
sis to the more popular (and often more
successful) artificial intelligence tech-
niques, such as neural networks and ge-
netic algorithms. By using image texture
analysis as the preprocessing step in CAD
schemes, the input generation process is
automated and, therefore, is reproducible
and robust.

The importance of automated feature
extraction in the diagnostic interpreta-
tion of medical images should not be
underestimated. Study findings have
shown that the accuracy, efficiency, and
consistency of any decision algorithm

can be seriously compromised by possible
bias or variability that is introduced when
the input features are generated (28,29).
Consequently, an algorithm for image
interpretation that is based on visually
extracted features could possibly lack con-
sistency. Factors such as attitude, beliefs,
preconceptions, expectations, and fa-
tigue can cause differences in image per-
ception among radiologists and, thus,
can introduce inter- and intraobserver
variability at the input-generation level.

A decision algorithm that uses auto-
matically extracted features has a better
chance of producing a robust CAD sys-
tem. The article by Chen et al (1) serves as
a case in point. Findings from a recently
published article (30) show that the radi-
ologists’ descriptions and diagnostic as-
sessments of sonograms of solid breast
masses suffer from considerable observer
variability, even though the appearance
of masses was described according to a
lexicon that was proposed in an earlier
benchmark study (31).

A CAD tool that uses automatically
extracted features addresses an estab-
lished clinical weakness of the diagnostic
process and also complements the radiolo-
gists’ perceptive abilities. Texture analysis
is well suited to this problem since the
radiologists themselves rely on visual tex-
ture to detect and describe breast lesions
on US images. Furthermore, the autocor-
relational function used in this study (1)
to capture the textural properties on the
images seems to be a justified choice.
Other authors have supported the dis-
criminatory ability of the autocorrela-
tional function for US tissue characteriza-
tion (32). The fact that the image
processing used in the study can be easily
performed with existing software pack-
ages dramatically simplifies the incorpo-
ration of the proposed CAD tool into the
clinic.

Nonetheless, the selection of textural
features will always affect the diagnostic
performance of the final CAD scheme.
Optimal selection of an adequate set of
textural features is a challenge, especially
with the limited data we often have to
deal with in clinical problems. Conse-
quently, the effectiveness of any CAD
tool will always be conditional on two
things: (a) how well the selected features
describe the disease states that need to be
discriminated and (b) how well the study
group reflects the overall target patient
population for the CAD tool. Thus far,
results of studies such as the one reported
by Chen et al (1) are good reasons to
believe that narrowly defined clinical ap-
plications are amenable to the current
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status of texture analysis and to computer-
aided decision-making methods.

However, it is time to take the next step
toward a more sophisticated and produc-
tive analysis of CAD research. It is impor-
tant to evaluate the diagnostic perfor-
mance of proposed CAD systems in
clinical cases with variable difficulty. In
addition, robustness should be an impor-
tant component of the evaluation. Appli-
cations on limited numbers of images do
not demonstrate robustness and do not
permit fair comparisons among similar
attempts by other investigators. Thus, the
need for unified and publicly available
databases of medical images is strong.
These databases should be designed to
include clinically important cases with
various levels of diagnostic difficulty and
files of established truths that will allow
CAD researchers to evaluate and compare
their techniques. We need to remember
that in clinical applications emphasis is
placed more on the diagnostic perfor-
mance than on the sophistication of the
methods. Methodological complexity is
justified only if it is accompanied by
substantial diagnostic improvement, as
demonstrated in benchmark image data-
bases.

Future Perspectives in CAD Research

CAD analysis has faced skepticism and
numerous criticisms in the past. Regard-
less, CAD research made considerable
progress by showing potential in multiple
clinical areas and also by producing prac-
tical, commercialized applications that
have withstood thorough testing and that
have gained approval from the U.S. Food
and Drug Administration (eg, Image
Checker M1000 [R2 Technology, Los Al-
tos, Calif] for screening mammograms).
Thus far, study findings have shown that
CAD can enhance the diagnostic perfor-
mance of radiologists, if it is used as a
second opinion (33,34). However, it is
still difficult to predict its acceptance in
medical diagnosis, and its acceptance will
not be determined until findings from
extensive clinical use demonstrate quan-
tifiable benefits. At the same time, com-
mercial CAD products will have to face
new challenges related to marketing, tech-
nical support, modifications, and prod-
uct life-cycles, as the needs and practices
in the health care environment are con-
stantly redefined.

Because the trend in radiology is to-
ward increasingly digital technology, com-
puterized management of images is the
rule rather than the exception. The evolu-
tion in computer technology and in
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hardware for real-time signal processing
is the driving force that will shape the
course of CAD as an additional step in
image manipulation in radiology. For ex-
ample, the CAD tool proposed by Chen et
al (1) can be easily integrated into the
existing hardware that is used for image
acquisition to provide a quick second
opinion, as figure 5 of their article indi-
cates. If we decide to exploit the well-
known advantages of computers (process-
ing speed, almost unlimited memory,
consistency, availability), we can design
CAD tools to assist with some well-
known clinical needs, such as the analysis
of difficult-to-interpret images, the
short supply of required expertise, and
the cost-effective utilization of available
resources.

Even with all of the progress in the past
decade, CAD is still a long way from
fulfilling our vision. The ideal CAD
workstation of the future will be an in-
telligent system that does not need to
be painstakingly programmed. It will
have the human abilities to transfer ac-
quired knowledge to new tasks, to adapt
to the diagnostic problem, to choose im-
age features that are relevant to the clini-
cal task, to analyze the image, to offer
diagnostic suggestions, and, finally, to
justify the suggestions on the basis of
available reference data. That CAD sys-
tem will be a true partner to the diagnos-
tic radiologist.

It is difficult to speculate about when
the scientific and technical develop-
ments will turn this exciting prospect
into reality. Meanwhile, CAD research
will continue to be constrained to nar-
rowly defined diagnostic problems to
demonstrate clinical effect. In that con-
text, image texture analysis as a prepro-
cessing step for images plays an impor-
tant role in the research of CAD, with the
ultimate goal of enhancing the radiolo-
gists’ visual perceptive skills.
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