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• Determining markers (i.e. ER, PR & HER-2/neu in breast cancer) for 
prognostic & predictive purposes by IHC and/or FISH is the standard of 
practice. 

• IHC score/quantification by manual microscopy is currently accepted as 
the traditional gold standard. 

 

• Surgical Pathology workflow involves: 
– Pre-analytic preparation (tissue fixation & processing) 
– Analysis (method) 
– Post-analytical component (quantification & reporting) 
 

• Discrepancies between HER2 IHC & FISH mainly reflect errors in manual 
interpretation. 

• Inter- and intra-observer differences in scoring occur: 
– Most notably with borderline & weakly stained cases 
– Related to fatigue & subjectivity of human observers 

Benefits of digital analysis in pathology: increased 
demand for quantification 



Laurinavicius, A. et al. Anal Cell Pathol 2012 

Benefits of digital analysis in pathology: increased 
demand for quantification 



The brain of a pathologist 



Quantitative tissue analysis 
Hundreds of measurements 
Components include: size, shape, color, texture, 
relationships to each other 

The brain of a pathologist 

Complexity for developing algorithms: 

Image segmentation, Image analysis and Computational modeling 
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Automated tumor segmentation on tissue images: 

How the algorithm works on IHC 

Background corrected 
tissue image 

Morphology-based 
classification of objects 

Automatic ROI 
identification 

Cell count and measure 
colorimetric 
information 

• Object-Oriented Image Analysis 
(morphology- based) 

• Involves color normalization, 
background extraction, segmentation, 
classification & feature selection 

• Separation of tissue elements (e.g. 
tumor epithelium) from background 
(e.g. stroma) permits selection of areas 
of interest & filtering out of unwanted 
areas 

• Region of Interest (ROI) is subject to 
further image analysis (computation of 
diagnostic score) 

• Quantification of results 



Halama, N. et al. PLOS One 2009 
Wang, CW. PLOS One 2011 

Automated tumor segmentation on tissue images 
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25 years of bioimage analysis:  
From NIH Image to ImageJ 

Schneider, CA. et al. Nat Methods 2012 

World map with locations of updated 2012 ImageJ Unique visitors over the last three years 



Schindelin, J. et al. Nat Methods 2012 

25 years of bioimage analysis:  

From NIH Image to ImageJ 



Laurinaviciene, A. et al. Diag Pathol 2011 

Membrane connectivity: algorith evaluation for 
HER2 immunohistochemistry in breast cancer 



Reconstructed neuronal arbors 

Saalfeld, S. et al. Nat methods 2012 

25 years of bioimage analysis:  

From NIH Image to ImageJ 
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Automated microvascular density measurement: 
Neuronal trazer algorithm for CD31-shapes 



Automated recognition of staining patterns in 
tumor on complete section 
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Automated recognition of staining patterns in 
tumor on complete section 

Baselga, J. et al. Clin Cancer Res 2012 



Multispectral imaging in automated quantitative 
scoring  

Fiore, C. et al. J Clin Pathol 2012 
Kaufmann, R. et al. PLOS One 2012 
Al-Kofahi, Y. et al. Histopathology 2011 
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Multispectral imaging in automated quantitative 
scoring  

Rojo, F. et al. Ann Oncol 2012 
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HER2 CK DAPI 

Multispectral imaging in automated quantitative 
scoring: the AQUA platform  



Welsh, AW. et al. J Clin Oncol 2011 

Impact of false negative results in estrogen receptor 
measurement in breast cancer due to IHC assay sensitivity 



Estrogen receptor mRNA expression in breast cancer: 
correlation with response to tamoxifen 

ER % expression (IHC) ER mRNA expression  

Iwamoto, T. et al. J Clin Oncol 2011 
Iwamoto, T. et al. SABCS 2011 

Bordeaux, JM. et al. PLOS One 2012 



Ariol (Applied Imaging) HER2 scoring in breast 
cancer 

Turashvili, G. et al. BMC Cancer 2009 



Definiens ER and HER2 scoring in breast cancer 



ACIS III HER2 scoring in breast cancer 



Precision (Aperio) ER and HER2 scoring in breast 
cancer 



Pathiam HER2 scoring in breast cancer 



Virtuoso ER and HER2 scoring in breast cancer 



• Images must be free from artifacts 

• Systems may be discrepant when tumor cells have 
low levels of staining 

• Interfering non-specific staining within selected areas 

• Small amounts of stained tissue can erroneously 
generate lower scores 

• Expense of CAIA may be hard to justify where 
volumes are low 

• Image analysis frequently requires interactive input 
by the pathologist: Increased time requirements 

• Learning algorithms: systems that improve with 
experience following pathologist feedback 

• Whole slide imaging (WSI) to eliminate the need to 
standardize different systems, automatic ROI 
selection and image analysis 

• Shortened analysis time 

• To improve workflow: adopt virtual workflow-centric 
systems feasible for routine practice (that may 
potentially show better results) 

• AP-LIS and CAIA system integration 

• Clinical outcome studies are needed 

 

 

 

 

 

 

 

Final remarks: Pros and cons 

• Morphology-driven integration of new approaches 
and generation of knowledge: increased 
technological innovation and biological information 

• Evolution along Radiology/Imaging lines: market & 
technology forces start trend to digital imaging and 
significant workload & throughput implications  

• Clinical demand: quantitative (qualitative becoming 
quantitative), relational data and individualized risk 
assessment:  

•  greater concern with analytical precision,  

•  reproducibility,  

•  accuracy,  

•  specificity,  

•  reliability 

•  “stains” becoming “assays” 

•  results directly tied to treatment, not just 
prognosis 

 
 


