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for the digital era of pathology. This has also led to 
the development of multiple, image-based computing 
environments capable of quantitative and morpho-
logical analyses. It is possible that we may see auto-
mated systems in the future assisting pathologists in 
examining tissue by performing some level of triage, 
similar to what has been done with the Papanicolaou 
test in cytopathology. At the time of publication, sev-
eral digital software products have been developed, 
including AQUA (HistoRx, New Haven, Connecticut), 
Tissue Studio (Definiens, Munich, Germany), HALO 
(PathXL, Belfast, Northern Ireland), ImageJ (National 
Institutes of Health, Bethesda, Maryland), and many 
others with analytical capabilities that could be ap-
plied to digital pathology images. 

Digital Image Analysis
The key area in which digital microscopy has an ad-

Introduction
Advances in molecular biology are transforming im-
age-based specialties like pathology from primarily 
subjective-based analyses to quantitative-based digital 
analyses. The technologies used to capture high-res-
olution images, create digital versions of glass slides, 
and make virtual microscopy possible, as well as ad-
vance machine-based learning, have paved the way 
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vantage over a human observer — even an expert 
— is in the precise quantification of the features in 
a digital image. This might include counting features 
in a defined area, such as nuclei or mitotic figures, 
measuring precise distances, or recording the intensity 
of a stain in defined cell populations. The analysis is 
only as good as the quality of the algorithms for iso-
lating the feature of interest (eg, separating malignant 
nuclei from benign ones) or mapping areas of cancer 
from surrounding normal areas. In addition, machine 
algorithms may be stymied by preanalytical variables 
(eg, inadequate fixation, necrosis, warm ischemia). 
However, the ability of computers to measure features 
with great precision lends itself to applications such 
as screening large numbers of slides for small areas of 
abnormality, precisely quantifying important features 
in malignant cells (eg, proliferative rate or presence 
of tumor-associated lymphocytes), and quantifying 
important protein markers used in therapy selection 
(eg, tissue levels of estrogen receptor in breast can-
cer). With emerging interest in immunotherapies, 
computer-assisted approaches are being developed 
to better quantify the immune cell components of 
the microenvironment. More sophisticated analyses 
include the development of artificial intelligence or 
machine learning capable of recognizing key mor-
phological features in tissue sections.

AQUA
In 2005, McCabe et al1 developed an approach for 
AQUA using immunofluorescent-stained slides. De-
termining protein expression via traditional immuno-
histochemistry (IHC) is a technique that allows the 
direct visualization of protein expression in tissue 
sections in situ. However, IHC has many disadvan-
tages, including the subjectivity of interpretation due 
to a variety of reasons (eg, interobserver variability 
and variability from one assay to another).2 Despite 
its limitations, IHC is useful and is standard in the 
surgical-pathology laboratory and most hospitals. Dig-
ital analysis of fluorescent-labeled, IHC-stained tissue 
specimens may make it possible to address some of 
the limitations inherent in classical chromogenic IHC. 
The dynamic range for immunofluorescent labeling is 
far larger than for standard insoluble product assays, 
thus allowing for more precise quantification. In ad-
dition, the ability to stain the same tissue for multiple 
targets, multiplexing by using different fluorescent 
labels, opens up the possibility of isolating subcompo-
nents of tissue (eg, nuclei, keratin-positive cells) and 
potentially normalizing quantification across different 
assay runs. 

AQUA is based on these key features of fluores-
cent IHC.2,3 It analyzes digital images captured from 
slides stained with the typical immunofluorescence 
protocol in which an unlabeled primary antibody 

targets a molecule and then a secondary antibody 
coupled to a fluorophore (a fluorescent chemical 
compound that can re-emit light if it is excited) rec-
ognizes and binds to the primary antibody. Using 
different antibodies and fluorophores, different com-
partments and targets can be specifically marked. 
Typically, a digital camera will capture sequential 
images of the multiplex-stained tissue by capturing 
an exposure through successive filters, thus isolating 
each of the target probes. AQUA then creates tis-
sue “masks” defined by specifically stained features. 
For example, the diamidino-phenylindole stain will 
identify nuclei, so AQUA can be used to define a 
nuclear mask, which can then be used to isolate 
the key pixels where the target antibody signal is 
captured. Combinations of masks can be created and 
arranged so that signal intensity in various tissue 
components (eg, estrogen receptor within nuclei of 
keratin-positive cells) can be digitally isolated and 
precisely quantified. The technology then provides a 
score for the particular target in any area of interest 
(Figs 1 and 2A–C). This AQUA score is calculated 
from the sum of the target pixel intensity divided 
by the compartment area. All AQUA scores are also 
normalized for image exposure times and are directly 
proportional to molecules per unit area or protein 
concentration.2 Providing an objective and quanti-
tative method for determining protein expression 
has applications in the research setting and clinical 
practice in terms of providing precise information 
regarding the subcellular location and quantity or 
concentration of a particular antigen — quantities 
that may have important implications regarding the 

Fig 1. — Urothelial carcinoma tissue core stained via an immunoflu-
orescence assay as follows: blue = nuclear (diamidino-phenylindole),  
green = cytoplasmic (pan-cytokeratin, AE1/AE3), and red = target antibody. 
The MRE11 AQUA (HistoRx, New Haven, CT) scores are numerical represen-
tations of the quantity of the target in each different compartment.
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effectiveness of a particular therapy. AQUA scores are  
reproducible and provide continuous variable data 
that can be used to define superior marker classifiers 
and improve the prognostic and predictive perfor-

mance of in situ–based tissue biomarkers.

Tissue Studio
Tissue Studio is an image analysis environment that 
takes a context-based, relational approach, rather 
than a pixel-based, pattern recognition approach. Its 
segmentation algorithms begin by grouping pixels 
into objects called image object primitives. These 
objects are then merged into what the user recog-
nizes as the microanatomy of the tissue and are 
then related to the super objects (eg, white space, 
lumen, tissue, background, glands). Because of this 
hierarchical relationship, which links the smallest 
elements in an image to the largest, Tissue Studio 
provides a means for detecting and quantifying hun-
dreds of relational attributes of the tissue that could 
be related to clinical outcome. Doing so enables 
pathologists to ask more advanced questions of the 
underlying biology.

A novel example demonstrating the power of this 
tool came from Beck et al4 in which the researchers 
used the Developer XD (Definiens) image analysis 
environment to create a processing pipeline consist-
ing of basic image processing and feature construc-
tion, training and application of the epithelium/stro-
ma classifier, and construction of higher-level features 
to a create a computational pathologist (C-Path) to 
analyze microscopic images taken from patients with 
breast cancer. C-Path automatically quantified mor-
phological features derived from the images to cre-
ate a prognostic model.4 The researchers discovered 
that the score of the prognostic model was strongly 
associated with overall survival rates and was in-
dependent of clinical, pathological, and molecular 
factors.4 Their analysis was not predicated on fea-
tures predefined by an expert pathologist; thus, their 
image analysis system was mainly automated and 
had no manual steps.4 Furthermore, C-Path identified 
features in the stroma as being better predictors of 
patient survival rates than the conventional use of 
the tumor epithelial cells themselves.4 That stromal 
features provided statistically significant prognostic 
information was a novel finding because morpho-
logical characteristics of the stroma had not been 
previously identified by pathologists as providing 
clinically significant information.4

Another example of the utility of this software 
came in 2013 when Definiens and Metamark Ge-
netics (Cambridge, Massachusetts) agreed to use 
the image analysis platform for a dual-marketed, 
multiplex, immunofluorescence prognostic test 
for prostate cancer.5 The companies claim that the 
technology they marketed together automatically 
classifies tumors of the prostate as “regions of inter-
est” and will quantify the expression of proteomic 
markers in biopsy specimens.5 This technology is 

Fig 2A–C. — Urothelial carcinoma AQUA (HistoRx, New Haven, CT) com-
ponent masks. These figures represent the (A) nuclear, (B) cytoplasmic, 
and (C) tumor masks used to calculate the AQUA score from the urothelial 
carcinoma tissue core in Fig 1.
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likely to help health care professionals make better 
informed treatment decisions. 

Fractal Analysis
Mandelbrot6 introduced the concept of fractals in 
1967. A fractal is a complex, never-ending pattern 
self-similar across different scales and generated by 
a process in a recursive feedback loop.7 Formally, 
fractals are defined by measurements of their shape, 
such as the degree of their boundary fragmentation or 
their irregularity across multiple scales. Fractal analy-
sis can characterize irregular structures that maintain a 
constant level of complexity across a range of scales.8,9 
A practical application of fractal analysis in the field 
of medicine is analysis of the morphological com-
plexity of tumors. For example, an automated frac-
tal analysis technique has been used to quantify the 
morphological complexity of breast epithelium and 
prostate cancer,10-12 and the morphological complex-
ity of the breast epithelial architecture was strongly 
and significantly associated with disease-specific and 
overall survival rates.10 Thus, the use of automated 
fractal analysis provides a novel approach to devel-
oping better objective prognostic indicators for health 
care professionals.

Machine Learning 
Pathologists must be able to recognize morpholog-
ical patterns. This ability depends on training: the 
more slides pathologists review in their training, the 
better they become. Through this training, patholo-
gists learn to associate visual patterns with disorders. 
Pattern-recognition algorithms operate on a similar 
scheme, with recent advances showing that combin-
ing unsupervised (implicit) and supervised (explicit) 
learning can train algorithms to learn statistical regu-
larities for nearly any data. Therefore, the application 
of machine learning to digital pathology is a natural 
fit and offers potential for advancing the field.

The Ki67 proliferation index is a valuable tool 
for evaluating the progression of neuroendocrine 
tumors and predicting therapeutic response. Modal-
ities to quantify the Ki67 proliferation index, the 
ratio of the number of immunopositive tumor cells 
to all tumor cells, are subjective and imprecise. To 
create an objective and reproducible quantification 
process, Xing et al13 developed an automatic Ki67 
counting method. Their algorithm creates a “dictio-
nary” of visual features of cells and then uses those 
features to identify cells in images and subsequently 
count them with high precision.13 Their method 
performs comparably to the manual count of the 
pathologist, beating out any existing method that 
utilizes machine learning.13

Mitotic counts have been a staple in the field of 
pathology for determining the prognosis of different 

types of cancers. However, these counts have many of 
the same disadvantages as the aforementioned Ki67 
proliferation index. Ciresan et al14 implemented a deep 
neural network to detect mitosis in slides stained with 
hematoxylin and eosin from samples gathered from 
patients with breast cancer. The deep neural network 
operates in a feedforward manner, with simple pixel 
patterns becoming successively more advanced rep-
resentations as they pass through the network. This 
method was powerful for detecting mitotic figures and 
outperformed all competing approaches examined 
by Ciresan et al.14

Circulating Tumor Cells
Circulating tumors cells (CTC) are an ever-expanding 
field of personalized medicine and are the front line 
of cancer treatment. CTCs are released into the blood 
via malignant tumors and can be detected in the blood 
with a highly sensitive and specific capture method. 
Current techniques face the challenge of detecting the 
minute numbers of CTCs among the plethora of white 
and red blood cells circulating in the blood. A novel 
application related to CTCs for digital pathology might 
be in the detection of these CTCs. Through the use 
of immunofluorescence-staining protocols, various 
CTC subtypes can be identified through sophisticated 
algorithms written to interpret stained results. This 
would create an objective and reproducible method 
for subtyping and quantifying the CTCs. 

For more information about CTCs, please review 
the article written by Cáceres and colleagues in this 
issue of Cancer Control.

Conclusions
In the early era of personalized medicine, digital 
pathology will continue to advance, provide precise 
prognostic information, and help guide treatment de-
cisions.15,16 Digital image analysis is likely to improve 
the assessment of predictive biomarkers in tissue sec-
tions and overcome the challenges associated with 
subjective analyses. With such a significant interest 
in immunotherapy, digital image analysis is likely to 
provide solutions to better assess the tissue microen-
vironment for immune cell components, much like 
digital analysis for in situ flow cytometry.

The potential of digital pathology is vast. In 
the field of cytopathology, automated digital an-
alyzers exist for reviewing Papanicolaou staining; 
however, they are costly and their use is limited, 
thus making analyzers less cost effective than cyto-
technologists.17 However, with the rapid increases 
in computing power and concomitant decreases in 
cost, it may be only a matter of time before such 
analyzers become more common. 

Beck et al4 demonstrated that automated mor-
phometric analyses can play a major role in teaching 
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medical professionals about important prognostic 
morphological features, but will such analyses be-
come cost effective enough for routine clinical use? 
No doubt these tools will continue to further our 
understanding of disease and improve the abilities of 
pathologists to make better informed decisions related 
to prognosis and treatment. In addition, as machine 
learning advances, so does the field of digital pathol-
ogy. In the future, software may be able to handle 
large throughput volume and highly complex, mul-
tidimensional data, thus assisting pathologists with 
reducing diagnostic errors and rendering objective, 
accurate, and reproducible diagnoses, all of which 
are likely to improve clinical care and decrease the 
cost of health care.
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