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It is widely believed that digital imaging will become the standard practice in pathology. When digital
pathology is adopted in clinical practice, it will bring in several advantages including access to some
innovative technologies such as computer-aided diagnosis (CAD). CAD will enable pathologists to
perform their tasks more efficiently, consistently and accurately.

We have witnessed a great progress in CAD development for pathology in the last decade. Our group as
well as several groups in the world first tackled the problems associated with computational and human
factor aspects of digital pathology [1-6] as pathological images tend to be relatively large and
pathologists are used to reviewing their images under the microscope. The large size of the images and
their complexity often require processing them in a novel multi-resolution analysis framework, which
mimics the pathologists’ review of these types of cases [7-9]. In these approaches, we have developed
algorithms for the automated selection of the appropriate resolution [8-10], and for processing multi-
resolution images [11]. The implementation may involve a single classifier, or a combination of
classifiers to better model the complex domain knowledge [9].

Microscopic images contain complex structures and are subject to inter- and intra-institutional variation
due to preparation (i.e. differences in fixation type and length, tissue processing protocols, histologic
section thickness, and staining). We have developed several segmentation algorithms to adapt to the
complexity of these problems, e.g. Expectation-Maximization based segmentation [12]. We have also
developed and adapted several transform based features for the analysis of histopathological images.
Most of the currently used classification systems use the inherent color and texture information in the
images to identify areas of disease to determine its extent and quality [13].

Once a CAD system is developed, it needs to be carefully evaluated prior to its use in clinics. Evaluation
of developed CAD systems is critical to their acceptance by not only regulatory bodies but also by
pathologists who will use such systems. Several CAD researchers have adopted an evaluation strategy
that we call an “open loop” evaluation (OLE). In this evaluation technique, pathologists annotate a set of
images, which are then divided into independent training and test sets. The computer algorithm is
developed using the training set and tested on an independent set (i.e. test set). We have been evaluating
our image analysis algorithms in a “closed loop” environment (Figure 1). In this environment, similar to
OLE, the computer algorithm is trained on a set of annotated cases (i.e. training cases). Then, it is
evaluated on an independent test set by pathologists who will have a chance to consult with the
computer outcome; they are free to change their original decision or stick to it afterwards. [14]
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Figure 1. Closed loop evaluation of a CAD
system.
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