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Recent advances in the fields of digital pathology, tissue image analysis, and artificial intelligence (AI) 

have been used in the field of toxicologic pathology. AI is a tool that could be used to differentiate 

between normal and abnormal samples and to reduce inter- and intra-laboratory variability that exists 

when using semi quantitative grading systems (Turner et al., 2018; Ramot et al., 2020). 

It is important to distinguish between different terms commonly associated with AI. The term AI 

encompasses any algorithm that aims at making machines capable of performing human tasks. 

Machine learning and deep learning are types of AI algorithms: Machine learning is a method of 

statistical learning where each instance in a data set is described by a set of features or attributes. In 

contrast, the term deep learning is a method of statistical learning that extracts features or attributes 

from raw data by using neural networks with many hidden layers, big data, and powerful 

computational resources (Bini, 2018). 

The  purpose  of the present  document is to share  with you state-of – the - art examples   of recent  

application of  tailor made AI  algorithms in an  exceptional collaboration  with  AIRA Matrix 

(https://www.airamatrix.com/ ). Once developed, the AI quantification tool was deployed to perform 

real-time quantification on  my  Olympus BX51 microscope that had been outfitted with a digital 

pathology imaging and display system (Augmentiqs   - https://www.augmentiqs.com/,  see  photo  of 

the installed system next page). The Augmentiqs system is   used by me on a daily basis for   interaction 

with sponsors and for peer reviews, sharing   instantly   microscopic fields, without the need for face-

to face meetings (Siegel et al, 2017; Siegel et al, 2018).  
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Figure 1: The Augmentiqs telepathology system installed on my Olympus BX 51 microscope.   



APPLICATION OF DEEP LEARNING FOR   EVALUATION OF  LIVER FIBROSIS  MODEL:  

In the present example, the grade (% area) was   evaluated (quantified) on histology slide    stained   

for Picro Sirius Red, a marker for collagen (stained red in sections).  A purpose defined “area of 

interest” (AOI) is used for the measurements.   The morphometric data is obtained instantly, enabling 

rapid measurement of percentage area of the collagen   in multiple fields. 

Figure 2: Microscopic field from Picro Sirius Red stained slide (40x magnification) measured within an 

area of interest (green coloured rectangle) 

Control animal: Percentage area of fibrosis measured within an area of interest (centrilobular area)  

CCL4 treated animal, note the significant increase in percentage area of collagen as compared with 

control animal in (a) 

 

 

  
 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.2A Fig. 2B 



 

 

Figure 3: Higher magnification of field of view image from Picro Sirius Red stained slide (40x 

magnification) measured within an area of interest (green colored rectangle) 

 

  



APPLICATION OF DEEP LEARNING FOR FATTY LIVER   EVALUATION:  

In the present example, the hepatocytic fatty change was   measured (% area) on histology slide 

images   stained   by   H&E (a routine staining).  The morphometric data is obtained instantly, enabling 

measurement (% area) in multiple fields. 

Figure 4: Microscopic field of rodent liver (40x magnification) 

A and B: H&E staining. A – Control animal. B - treated animals (high fat diet). 

C and D: Algorithm analyzed images in Control animal (C) and treated animals - high fat diet (D). The 

analyzed images show quantified fatty vacuoles highlighted in red.  

Note the significant increase in % area of the hepatocytic vacuolation (fatty liver) in D, compared to 

the control animal (C) 

 

  
 

                                  

  
 

 

 

 

Fig 4: A Fig 4: B 

Fig 4: D Fig 4: C 



 

Figure 5: Algorithm analyzed image of a treated animal (high fat diet). The quantified fatty vacuoles 

are highlighted red (40x magnification) 

  



APPLICATION OF DEEP LEARNING FOR COUNTING PMNL (POLYMORPHONUCLEAR CELL) 

INFILTRATION IN THE LUNGS:  

In the present example, the number of PMNL was   evaluated (quantified) on histology slides stained   

by H&E. The purpose of this study was to induce a model of acute lung injury and check if the Test 

Item has any protective properties when administered prior to induction of Acute Lung Injury (ALI), 

done by intratracheal administration of lipopolysaccharides (LPS).  

The morphometric data was   obtained instantly, enabling   measurement of PMNL infiltration in 
multiple fields. 
 
Figure 6: Microscopic field of H& E stained rodent lung (40x magnification) 

A and C: Control animal.  

B and D: Algorithm analyzed images from animal intratracheally instilled with LPS.  The analyzed 

images show quantified PMNL highlighted in green. 

Note the significant increase in number of PMNL within the alveoli and interstitial tissue (D), as 

compared to the control animal (C) 
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Fig 6: D Fig 6: C 



Figure 7: Higher magnification of microscopic field of Algorithm analyzed field in an animal 

intratracheally instilled with LPS. Note the significant increase in number of PMNL within the alveoli 

and interstitial tissue, comparing to the control animal. 

 

 

 

 

 

 

 

 

 

 

 

 

 



APPLICATION OF DEEP LEARNING FOR CELL PROLIFERATION EVALUATION:  

In the present example, the hepatocytic proliferation was   evaluated (quantified) on histology slides   

stained   for Ki-67, a marker for cell kinetics.  The morphometric data was   obtained instantly, enabling 

measurement of cell proliferation in multiple fields. 

Figure 8: Field of view images from Ki-67 stained slide (IHC staining 40x magnification), Ki-67 positive 

cells annotated by QuPath algorithm: 

Control animal 

Treated animal (growth factor treated) showing significant increase in cell proliferation 

 

  
 

 

Other studies involving the use of Augmentiqs with QuPath algorithms for Ki-67 scoring have been 

performed, showing the combined solution being quick and easy to use, and cost-effective, by 

providing real-time access to algorithms without the need to first acquire images or digitize the slide. 

(Swati, et al, 2020) 

 

 

 

 

 

 

 

 

 

 

 

Fig 8 B Fig 8 A 



Figure 9: Higher magnification of Field of view images from Ki-67 stained slide (IHC staining 40x 

magnification), Ki-67 positive cells annotated by QuPath algorithm, in treated animal. 
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