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I. Introduction 

 
 

Challenge in the Pharmaceutical Industry 
 
The goal of the pharmaceutical industry should be to create drugs that exhibit high 
efficacy, low toxicity and high patient specificity.  To reach this goal, there must be 
changes in the approaches applied in the continuum from early drug discovery, through 
drug development and clinical trials/diagnostics.  This chapter addresses the application 
of Cellular Systems Biology (CSB)™ to safety testing at the interface between discovery 
and pre-clinical testing.  CSB can be used today as a “filter” in the prioritization of lead 
series. There is also potential, with the addition of other panels, to become a predictive 
tool for human toxicity.  Furthermore, CSB can be applied across the continuum from 
early drug discovery to clinical trials and diagnostics [1,2].   
 
 
Cellular Systems Biology (CSB)™  
 
Cellular Systems Biology (CSB)™ is the investigation of cells as integrated and 
interacting networks of genes, proteins and metabolic processes that give rise to either 
normal or pathological conditions.  Cells are the first level of biological organization that 
integrate the activities of constituents such as genes, proteins and metabolites into a 
functioning system. Cells form the basis of higher order tissue and organ systems, which, 
in turn, make up organisms. In addition to providing the basic functions required of 
tissues and organs, cells are involved in mediating their interactions.  
 
Individual cells and combinations of cells are complex enough to yield important systems 
information and knowledge, but simple enough to manipulate and measure, taking 
advantage of the last few decades of reductionist exploration of isolated cellular 
constituents (“omics”) to create moderate-throughput  assays and profiles (Figure 1).  
The paradigm shift in applying CSB is that we now look at individual cells and 
collections of cells as the simplest living system, not just “containers” of independent 
target molecules and specific pathways. The goal of CSB is to understand the systems 
response of cells to various chemical and biological challenges and the relationships 
between those responses and organ and organismal (dys)function. Analysis of the 
response profiles of a panel of biomarkers of cellular functions allows the identification 
of characteristic patterns that can be used to reduce the complexity of CSB data to 
simpler mechanistic interpretations, as well as an index value that can be used to make 
decisions. . 

CSB builds on the “omics” approaches by harnessing genomics, proteomics and 
metabolomics analyses to guide the selection of panels of functional biomarkers.  In 
addition, the CSB approach takes advantage of the evolution of cell-based assays and 
instrumentation over the last ten years from whole plate cell population averages to High 
Content Screening (HCS) methods [3]   CSB is the next generation of cell-based 
discovery and it can be applied in basic biomedical research, drug discovery [1], drug 
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development and clinical trials, as well as, diagnostics [2] to create more powerful 
answers in less time and for lower cost. 

The tools of CSB 

The tools of CSB are designed to manipulate and to measure biomarkers of key processes 
and pathways in models of cellular and tissue functions [1].  Furthermore, ideal tools 
provide precise spatial, temporal and contextual information on the interrelationships 
between biomarker activities within the same cells. Currently, CSB profiling data can be 
captured with high content imagers multiplexed across multiple wells of the same cell 
preparations. Final integration of CSB profiling data employs computational software to 
interrogate, summarize, and transform CSB profiling information into new systems 
knowledge (Figure 2).  

Cellular Systems Biology Assays utilize a panel (usually >6) of functional biomarkers to 
extract, a "cellular systemic response" to a treatment or condition in the form of a panel 
of “features” measured in specific cell types [1].  The assays are performed in a high 
throughput format (384 well plates) often with an HCS reader, and can be either fixed 
end-point where the cells are fixed and labeled with multiplexed, fluorescence-based 
reagents after treatment or live cell assays where the treatment and read-outs are 
performed directly on living cells . 

CellCiphr™ Profiles are automated, computational analyses of the data derived from a 
set of cellular systems biology assays resulting in a summary index which can help guide 
decisions. 

 
II.  Pre-clinical safety testing is one of the key challenges in the pharmaceutical       
industry 

 
Improved prioritization of leads and clinical candidates will streamline the drug 
discovery and development process 

  
The pharmaceutical industry is under increased pressure to reduce the overall failure rate 
in drug development while meeting tougher human regulatory standards.  The cost to 
drive one drug successfully to approval is estimated at $897 million, of which 
approximately $200 million is spent during the preclinical phase of development, and the 
remainder for clinical testing [4].  However, if the cost of failed drugs is taken into 
account, the cost of developing a successful new drug has been estimated to be 
approximately 1 billion dollars [5].  Attrition of compounds is evident at all levels of drug 
discovery and development.  Out of 10,000 compounds synthesized only one will ever be 
marketed as a drug.  Approximately 9000 have undesirable chemical properties such as 
solubility and reactive groups; another 750 fail due to overt toxicity, lack of efficacy, or 
IP protection issues.   Of the remaining 250, compounds that could possibly move into 
pre-clinical testing, only 10 will eventually enter clinical trials with just one of those 
gaining approval.  
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Current human safety requirements still rely heavily on the in vivo animal toxicity testing 
protocols that have changed little in decades.  Animal testing will remain pivotal as the 
safety testing standard involved in the development and approval process of new drug 
applications due to FDA regulations.  However, half of new drug applications failed since 
1990 due to unpredicted toxicities that animal safety studies were not able to predict [6].  
Furthermore, the industry has been subject to withdrawals of approved drugs due to 
safety concerns.  Drugs such as terfenadine, troglitazone, bromfenac, cisapride, 
cerivastatin and others have been pulled from the market for toxicological issues and 
many others have received use restriction labels [7].  The withdrawal of two high profile 
drugs, Bextra in 2005 and Vioxx in 2004 heightened criticism of the regulatory agency 
and its current drug safety policies [8], which is expected to add additional safety burdens 
on the industry.   Faced with the need to improve human drug safety from risks that are 
not likely to be found using existing animal toxicity safety protocols, the industry is also 
being pressured to reduce the failure rate and costs in developing drugs. The 
pharmaceutical industry is therefore induced to find new technologies to improve the 
efficiency with which compounds enter post-discovery stage development including:  a) 
higher throughput methods to better prioritize compounds for animal testing; as well as 
(b) methods that will become predictive of human toxicity.      

Recently,  toxicogenomics, the study of how the genome responds to environmental 
stressors or toxicants, has been applied to whole animal toxicity testing to elucidate 
mechanisms of action (MOA) [9, 10].  Two crucial deficits continue to limit the full 
value of the toxicogenomics-based approach to pharmaceutical sciences; (a), gene array 
information does not reflect functional effects such as post-translational modifications 
and molecular interactions in time and space; and (b) the protocols have as yet unresolved 
challenges to interpretation and reproducibility of data.  These deficits, applied to the 
‘omics’ revolution in general, prompted Scott Gottlieb, deputy FDA commissioner for 
medical and scientific affairs, to observe in 2006 that proteomics, genomics, and 
microarrays have only added to the cost of discovery and development without making 
the process any faster or more certain. [6,11]. However, toxicogenomics data are useful 
in selecting panels of functional biomarkers for CSB profiling in specific tissue/cell 
types.   

 
Early cytotoxicity assays were simple, but did not provide the information needed to 
make effective decisions  
 
Healthy cells extract energy from the environment to build and to maintain intricate, 
energy rich sub-cellular structures, pathways and processes involved in a range of cellular 
functions including homeostasis, motility and self-replication.   Disease caused from the 
result of infections, genetic defects, environmental stress or xenobiotic insult impairs 
normal phenotypic responses. For example, insulin resistant liver cells exhibit decreased 
glucose uptake and small cell lung cancer cells grow uncontrollably as a result of 
eliminated cell cycle check points.  However, if the insult or injury is of sufficient 
duration and intensity to push the extent of the injury beyond the cell’s capacity for 
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repair, regeneration or re-adaptation, a series of cascading cellular events occur that are 
collectively called cytotoxicity [12].  
 
Historically, simple cytotoxicity assays depended on cell loss or decreases in cell health 
indicators such as MTT, Alamar Blue, ATP, or increased leakage of cytosolic enzymes to 
determine a cytotoxic response [13].  In 2000, the Scandinavian Society for Cell 
Toxicology published the results of a large study from an initiative began in 1988 as the 
MultiCenter Evaluation of In Vitro Cytotoxicity (MEIC) [14].  The study compared the 
results of 50 reference compounds screened by 39 laboratories using 67 single end point 
in vitro assays conducted in a variety of 60 ‘test’ systems of established or primary cell 
types from humans, animals, insects or bacteria and found an 84% correlation of 4 assays 
to acute human lethality.  The assays were as follows: 1) 24 hr protein content in Hep G2 
cells; 2) 24 hr ATP levels in HL-60 cells; and 3) two morphology assessments in Chang 
liver cells.  Despite the positive association of the in vitro assays to predict lethal doses in 
humans, these simple cell health indicators had limited value to predicting the sub-lethal 
toxicity with an overall accuracy below 50%.    
 
Cytotoxicity assays have improved, but are still not optimal  

Cytotoxicity assays are usually made as a single measurement involving one component 
of a biological system, whether a phenotypic marker (cell death, decreased mitochondrial 
membrane potential, intracellular ATP), or changes in one gene or protein (DNA repair 
gene, stress gene activation). But as determined in the MEIC study, these single 
measurements have not proven to be a reliable indicator of sub-lethal whole organ or 
animal toxicity.  However, single indicators of cell viability such as the MTT assay or 
intracellular ATP content continue to dominate in many labs.   

A crucial step in the generation of useful biological information is the choice of the cell 
type and method of measurement of cell activities.  O’Brien et. al. reported better than 
80% correlation between the safety data and a 5-parameter HCS assay using HepG2 cells 
as an indicator of human in vivo hepatotoxicity [16].  Although HepG2 cells  are 
generally a well regarded cell line for human liver studies when primary cells are 
inconvenient, or of questionable quality or unobtainable,  HepG2 cells do not possess 
physiologic levels of the most abundant liver metabolizing enzyme Cyp 3A4 [17].   
Additional cell types may be necessary to identify drugs requiring metabolic activation 
through this enzyme.  Nonetheless, many researchers regard HepG2 cells as a better 
indicator of general toxicity rather than as an indicator of specific hepatotoxin activity.              

Because hepatotoxicity is generally regarded as one of the major limiting factors in drug 
discovery [18, 19], cytotoxicity panels using liver-based models would be projected to 
decrease delays and expenses throughout the discovery and development process 
Hepatotoxicity is also often cited as a major reason for failure to gain approval for new 
drug applications, which can lead to expensive drug withdrawals and label restrictions 
[7].  Consequently, there is a continued need for more powerful test systems to identify 
potential hepatotoxins.   
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Primary hepatocytes have emerged as a relevant and dependable model test system. 
When isolated and handled appropriately hepatocytes express a broad range of 
metabolizing enzyme activities, hepatic transporters, and other differentiated functions 
[20, 21].  Furthermore, numerous laboratories have reported correlations between the 
primary hepatocyte model and in vivo metabolic profile of drugs [22-25].   Taken 
together, the primary hepatocyte is well suited to assess hepatocellular liver injury or 
hepatotoxicity using a CSB approach.  Although animal liver cells can process drugs 
quite differently than human liver cells [26 27], rats are the most often used animal 
species in drug safety studies [28]. Thus, for more predictive profiling at the decision-
junctures between drug discovery and pre-clinical safety assessment, multiple cell types  
from humans and animals will be used in additional panels.   

 
CSB enables a new approach to pre-clinical safety testing 

CSB can be applied to toxicity testing and used at the interface between early drug 
discovery and drug development [1] .  CSB brings in the contextual information missing 
from the single end-point measures, adds cause and effect relational information missing 
from toxicogenomics, and importantly, offers tremendous advantages in the speed and 
number of compounds that can be tested earlier in the process yielding a safety index that 
can be used to make decisions to prioritize the compounds that move forward into pre-
clinical testing.  Better decisions will be made possible through application of CSB 
profiling in relevant cell types.  Here is described the application of CSB to cytotoxicity 
profiling and a report on a case study of the performance of the first generation 
CellCiphr™ toxicity profiling tools.  

III. Applying Cellular Systems Biology to Cytotoxicity Profiling  
Case Study: 100 compound CellCiphr Panel 1 Profile  
 
CellCiphr™ Cytotoxicity assays are designed to be used as stand alone assays or in 
combination to provide a more detailed profile on key cell types.  The assays are 
performed in 384 well plates with extensive intra- and inter-plate quality controls using 
HCS readers.  The images collected from each well of the dose response series are 
processed using off-the-shelf software applications provided with the existing high 
content instruments.  The results are extracted as measurements from a dose series that is 
fit to a dose-response curve (Figure 3A) using a standard 4 parameter logistics model.  A 
set of QC metrics are used to automatically accept or reject curves based on the quality of 
the fit and the likelihood that the curve accurately represents a dose- response 
relationship. Cell feature responses can increase or decrease dependent on the treatment 
and these changes are monitored as appropriate by the slope of the dose-response curve 
(Figure 3 B,C).  The concentration at which the population average response is 50% of 
the control activity range (AC50 value) is calculated from the curve and the collection of 
AC50 values over the entire cell feature set comprises the response profile.  The profiles 
are then analyzed with proprietary visual and quantitative data mining tools including 
CellCiphr Classifiers, correlation analysis, and cluster analysis.    
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The CellCiphr™ Cytotoxicity Panel 1 uses the Hep G2 cell line derived from human liver 
hepatoma and Panel 2 uses primary rat hepatocytes to profile the cellular responses to 
toxic challenges in a cell-specific set of fixed end point assays (Table 1).  The cell 
features are captured in time- and concentration-dependent response to toxicants at 1, 24 
and 72 hr in HepG2,  at 1, 24 and 48 hr in rat hepatocytes, and in 10 concentration-ranges 
from 0.003 - 100 µM for the two panels.   
 
The performance of the CellCiphr Panel 1 was assessed in a set of 136 compounds with 
preclinical safety reference data.  A total of 100 of the compounds were blinded test 
compounds provided by a consortium of pharmaceutical companies, while the remaining 
36 compounds were well known compounds.  Initially, each compound was assigned to a 
categorical toxicity class based on a severity score derived from the analysis of drug 
safety studies by two separate toxicologists.  This toxicity score along with the CellCiphr 
profiling results for approximately half of the unknown compounds was used as the 
training set to build the computational Classifier algorithm (Figure 4A, B).  The 
Classifier is an analysis method by which a 2-stage regression model is applied to the cell 
feature data with the outcome being a categorical classification of the overall response as 
a function of the strength and frequency of the variables.  Once created, Classifier 
performance was then tested against the remainder of the unknown compounds (the test 
set) and an independent set of control compounds (Figure 4C).    
 
Because CellCiphr™ profiling was developed to provide facilitated decision making 
from complex sets of response profile data, the results are presented in several forms. 
Each compound can be reported simply as a non-correlated individual response profile or 
after computational analysis to reduce dose- and time- dependent data into a set of 
descriptors that are used to tease out cellular modes of toxicity, provide a relative ranking 
score and safety index predictor (Figure 4D).   Clustered heat maps are used to identify 
patterns of responses in large data sets (Figure 5).  Statistical tools such as the Pearson’s 
Correlation coefficient are used to compare compound profiles for similarity which can 
also be visually assessed in overlayed profile plots .  The profile similarity plots are also 
used to identify potential mechanisms of action by direct interpretation of functional 
responses as well as the mechanisms predicted by the correlations between the unknown 
test compounds and known control compounds (Figure 6) with known mechanisms of 
action.  The relative toxicity of compounds in a series, such as a lead series or SAR, 
predicted by the CellCiphr Classifier provides a rank order of toxicity that can be utilized 
to prioritize compounds for additional follow-on studies or for pre-clinical candidacy.  
This safety risk index has been demonstrated in the study presented here to reliably 
predict potential in vivo liabilities.  Additional, results such as the earliest and the most 
potent cell feature response of a compound can also be easily extracted from the data.  
These results may be useful to identify a single end-point assay for more extensive 
toxicity SAR campaigns, as well as mechanisms of action campaigns.  
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Performance of First Generation CellCiphr in Case Study 
 
The first generation, two-stage classifier produces 3 output classifications: Significant 
Toxicity, Moderate Toxicity, and Minimal Toxicity. When applied to the 136 compounds 
in the HepG2 assay panel, if the unbiased automated CellCiphr™ classifier identified a 
compound as significantly toxic, it was indeed, in all cases toxic, giving an accuracy of 
100%. (Table 2.).  The accuracy over the entire 136 compound set of unknowns to 
identify compounds with in vivo toxicity was 76%,  a substantial improvement over the 
less than 50% accuracy found in the MEIC study.  Although the performance accuracy 
for classifying minimal/negative toxins was low it was improved compared to the single 
end point assay method, with the advantage that the accuracy can be refined with addition 
of larger sets of compounds in the database, as well as additional cell types with their 
specific assay panels targeted to other toxicity mechanisms.  
 
Several of the control compounds used in the large study are currently marketed or 
market-withdrawn drugs.  Table 3 compares the results of two drugs still on the market 
against one marketed with a warning label and four that were market-withdrawals due to 
safety issues.  The classifier performed very well in identifying correctly the compounds 
with safety issues.  These drugs would have failed the CellCiphr™ “filter” early in their 
development phase, if applied.  This would have given the investigators key information 
to help make decisions and could have saved a large amount of time and money.  In 
comparison,  the single end point cell viability assessment would prioritize Tacrine and 
Troglitazone ahead of Lovastatin, Mevastatin, Astemizole, Terfenadine and Cerivastatin 
simply on cell loss AC50 values of 115, 49 14, 12, 10, 4 and 0.2 uM, respectively.  CSB 
assay data linked to classification is a powerful tool to confidently prioritize unknown 
compounds early in drug discovery process prior to pre-clinical safety assessment.   
 
In the set of unknown compounds, approximately 7% of them produced profiles that have 
a correlation coefficient with known control compounds in our database of greater than 
0.8,while and additional 10% showed a correlation of at least 0.7 when compared with 
known controls.  The unknown set of compounds produced an average of 9 cell feature 
responses while the control compounds averaged 11 cell feature responses.  As expected, 
nearly all features show increased frequency and decreased AC50 with exposure time.  
All cell feature assays showed activity for at least 1 compound. DNA degradation was the 
least frequent while changes to nuclear size and cell loss were the features affected most 
frequently.  Nearly 1/3 of the compounds caused significant cell loss (>20%) at 1 hr and 
80% showed measurable cell loss at the chronic time point (72 h).  Overall the selectivity 
(frequency of features responding) correlated better to in vivo toxicity than sensitivity 
(mean AC50 of the responses).   
 
Combining Multiple CellCiphr Panels 
 
Detailed analysis of the compounds which exhibited toxicity, but were not classified as 
toxic by the first generation classifier, indicates that the toxic mechanisms involved were 
not expected to be active in the HepG2 panel. Mechanisms including toxicity of 
metabolic by-products, immune mediated toxicity, neuropathies, cardiac, renal and 
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respiratory toxicities highlight the need for development of additional assay panels. To 
address this need, and to further optimize detection in rats, a primary rat hepatocyte panel 
has been developed. Although the two panels were designed with different functional 
endpoints and only the HepG2 panel results are reported here, preliminary results from 
the rat hepatocyte panel show that the different cell types produce results consistent and 
unique to the cellular biology.  Diclofenac is a NSAID compound that requires Cyp 3A 
metabolic activation to produce toxic intermediate [29]. Cell responses to diclofenac were 
evident in rat hepatocytes but not in HepG2 cells (Figure 7A).  Primary rat hepatocytes, 
but not HepG2 cells maintain measureable levels of Cyp 3A activity in short term culture  
[17], so the results between the two panels are consistent with a metabolism-driven mode 
of toxicity.   Another example of differential response to a compound from the test set is 
a compound which exhibited toxicity consistent with a toxic proliferation inhibitor.  In 
vivo the compound presented bone marrow depletion, reduced blood counts and 
thrombocytopenia, but minimal effect on liver cells.  As demonstrated in the two 
CellCiphr panels, no measureable responses were evident in the rat hepatocyte panel but 
significant number of features responded in HepG2 cells (Figure 7B).  These results are 
consistent with an in vivo profile of a compound effect on cycling HepG2 cells but no 
effect on non-cycling cells such as primary hepatocytes.  The two selected examples 
serve to show that multiple cell types or panels are required to cover the broad range of in 
vivo toxicity mechanisms. The additional panels of key cell types are in development. 
 
 
Conclusions 
 
The principles of CSB were used to address the problems arising during the drug 
development  process by developing a reliable, new CSB solution for identifying toxic 
compounds in an automated process. The first generation CellCiphr™ Cytotoxicity 
Profiling system offers a rapid, inexpensive, cell-based method capable of accurate and 
sensitive identification of compounds associated with severe in vivo toxicity with the 
additional benefit of no occurrence of false positives.     The CellCiphr Cytotoxicity 
panels are designed to filter compounds for toxicity and would be employed anywhere 
that compound ranking for efficacy or pre-clinical safety assessment is useful.  Further, 
the multiplexed image-based data captured by the CellCiphr™ Cytotoxicity Profile tools 
offers advantages over single end point well-based assays by providing deeper insight 
into potential mechanisms of action. 
 
The CellCiphr HepG2 panel (Panel 1) presented here is the first in a series of panels to be 
developed aimed at applying Cellular Systems Biology to in vitro toxicity assessment. 
Preliminary results from the CellCiphr Primary Rat Hepatocyte panel, including some 
additional mechanistic insights resulting from the use of the two panels, were discussed. 
New panels making use of cells from other organs and additional measurements, coupled 
with a growing library of reference compound profiles will continue to improve the 
reliability of the classification, as well as add significantly to the mechanistic insights 
provided by the feature measurements themselves and the correlations with the reference 
compounds in the database. 
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Figure Legends 
 
Figure 1. Cellular Systems Biology (CSB) is the study of the integrated and interacting 
network of genes, proteins and metabolic processes that give rise to normal and abnormal 
conditions. The cell, as the simplest of complex biological systems, exhibits properties in 
response to external stimulus that are not always anticipated from detailed knowledge of 
its component parts, or component functions and can measured and analyzed using panels 
of fluorescently labeled, functional biomarkers coupled with advanced informatics. 
   
 
 
Figure 2. The tools of CSB.  Cells or tissue models are plated in high density 384 well 
microplates and exposed to treatments.  At the end of exposure time the cells are 
evaluated for 10 or more measurements using panels of fluorescent-based reagents.  The 
384 well plates are scanned using existing high content reader instruments with image 
analysis algorithms.  Informatics tools extract contextual information from the multiplex 
of functional cell features.  Data bases containing large compound profiles sets are mined 
for to reduce their complexity to simpler mechanistic interpretations as well as an index 
value that can be used to make decisions. 
 
 
Figure 3. Example of CellCiphr Panel 1 data processing. (A) Image analysis extracts cell 
features as numeric data forming a ten point dose response curve.  (B) Representative 
control response curves from CellCiphr HepG2 assay. (C)  Certain biomarkers can 
increase or decrease dependent on treatment.  Example images of microtubules showing 
normal, stabilized (increased staining intensity) microtubule formation.  (D) dose-
response curves of paclitaxel-stabilized and colcemid-destabilized microtubules. 
 
 
Figure 4.  Constructing the Classifier. (A)  Basic classifier construction method.  The 
collection of compounds having categorical in vivo safety reference data are binned 
according to in vivo severity levels, so that 0 are non-toxic, 1 minimally toxic, 2 and 3 
moderately toxic and 4 significantly toxic compounds.  A limited number of non-toxic 
compounds existed in this initial set of compounds necessitating a combination of 
compounds scored 0 and 1 into minimally toxic and 2,3 or 4 into significantly toxic bins. 
(b)  A sub-set of each bin was randomly selected to use as a training set.  Regression 
analysis using a 2-stage approach was applied to the training set to identify patterns and 
changes between minimally toxic and significantly toxic profiles, creating an algorithm to 
simplify the profile to a single number called the toxicity score.  The safety score 
algorithm was then applied to classification of the test set of compounds.  (C). an 
independent set of control compounds with drug safety reference data was used to 
validate the findings of the classifier.  (D) The results are tabulated according to the 
simple binning and ranked according to the calculated toxicity score 
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Figure 5. Hierarchical clustering of case study compounds. Cell features in the profiles 
are color coded by AC50 value so that red is nM, yellow is µM and blue is mM 
concentrations. In vivo results are shown on the bottom axis.  Blue rectangles indicate 
compounds with high degree of in vitro similarity indicating high likelihood to produce 
similar responses in vivo. Heat maps are used to identify patterns in response profiles 
between compounds in large data sets.     
 
 
Figure 6. Application of Pearson’s Correlation plot similarity analysis.   (A) The universe 
of all compounds plotted as cell features against magnitude of the response. The lines 
represent individual compounds while the gray background is the maximum value of 
feature responses for all compounds in the first generation database.  (B) Test compounds 
I98 and I17 have high similarity to Terfenadine (QT prolongation) while H25 has a 
nearly identical profile to Etoposide (myleotoxicity).   Correlations such as these are used 
as mechanistic indicators for follow-up investigative toxicology studies.          
 
 
Figure 7. Comparison of CellCiphr profile responses of an in vivo hepatotoxic and 
myleotoxic compound in CellCiphr Panels in Hep G2 and rat hepatocytes.   (A) The 
NSAID compound diclofenac requires metabolic activation to a toxic intermediate to 
produce a liver specific cytotoxicity.  HepG2 have limited metabolic capacity to activate 
the toxic intermediate as evidenced by the lack of responses (insert).  However, the 
primary rat hepatocytes contain a full complement of  metabolic function depict early 
activation of apoptosis with time dependent effects on mitochondrial mass and other cell 
features.  Therefore the best system will probably include multiple cell types. 
(B) The test compound W11, found to be a potent myleotoxic, non-hepatotoxic 
compound in drug safety studies, produced numerous cell feature responses in cycling 
HepG2 cells but none in non-cycling primary rat hepatocytes (not shown).   
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Figure 4. 
A. 

Building the Generation 1 Classifier for 
Compound Toxicity

Collection of Compounds

Minimally Toxic Significant Toxicity

0 1 2 3 4

Categorization based 
on Safety Data

Categories: 0 – Non-
Toxic to 4 – Highly Toxic

Re-categorized due to 
limited number of non-
toxic compounds

Reference data used to 
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C. 

Using the Generation 1 Classifier

Collection of Test Set 
Compounds

Minimally Toxic Significant Toxicity

Classifier

 
D. 

Classifier Output of training and Test Set of Compounds 
Building the algorithm

Cmpd Score
Sig 

Toxic
Min 

Toxic
A29 0.53            
W91 0.53            
Y50 0.53            
X49 0.53            
R50 0.53            
R40 0.53            
O53 0.53            
Z22 0.53            
D61 0.53            
G1 0.53            
H35 0.53            
D11 0.53            
B54 0.53            
D51 0.53            
E62 0.53            
S63 0.53            
Z82 0.53            
P70 0.53            
D71 0.53            
G61 0.53            
B64 0.53            
W81 0.53            
T2 0.53            
Z42 0.53            
O93 0.51            
K59 0.51            
A75 0.51            
H27 0.50            

Cmpd Score
Sig 

Toxic
Min 

Toxic
W11 1.00            
Y30 0.85            
O3 0.82            
F84 0.78            
R90 0.76            
T42 0.74            
A55 0.73            
A85 0.71            
U28 0.71            
E7 0.70            

C77 0.69            
N6 0.69            
L38 0.67            
Z12 0.67            
N16 0.67            
I78 0.65            
S23 0.63            
B4 0.63            

W61 0.61            
T63 0.60            
O45 0.60            
L75 0.60            
V27 0.60            
L65 0.60            
S13 0.60            
B74 0.60            
Y10 0.58            
F34 0.57            

Cmpd Score
Sig 

Toxic
Min 

Toxic
H85 0.50            
C67 0.49            
T72 0.48            
M26 0.48            
E72 0.47            
J27 0.46            
K32 0.45            
M36 0.45            
X39 0.44            
I98 0.44            
F44 0.44            
F94 0.44            
T52 0.43            
B24 0.43            
X69 0.43            
L15 0.43            
J37 0.43            
H25 0.43            
U68 0.43            
U58 0.42            
D19 0.42            
G18 0.42            
I17 0.41            
Z62 0.41            
Y60 0.41            
S73 0.40            
P20 0.40            
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Figure 5. 
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Figure 6. 
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Figure 7. 
A. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
B. 
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Tables. 

 
 
 
 
Table 1. CellCiphr™ assays evaluate compound effects over a broad range of 
indicators. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Table 2.  Accuracy of CellCiphr Classifier 1  
 
 
In vivo toxicity*  

n 
Accuracy CellCiphr 

Classifier 
Significant 33 100% 
Moderate 65 80% 
Min  38 41% 
 
* includes 136 unknown and control compounds which CellCiphr and drug safety data 
was available 
 
 
 
 
 
 
 
 
 

CellCiphr™ Panel 1 
HepG2 

CellCiphr™ Panel 2 
Rat Hepatocytes 

Cell Loss 
DNA Degradation 
Nuclear Size 
Cytoskeletal disruption 
DNA Damage Response 
Oxidative Stress 
Mitosis  Marker 
Stress Kinase Activation 
Mitochondria function I 
Mitochondria function II 
Cell Cycle Arrest 

 

Cell Loss 
DNA Degradation 
Nuclear Size 
Cytoskeletal disruption 
Peroxisomal Proliferation, 
Mass and intensity  
Phospholipidosis 
Stress Kinase activation 
Apoptosis 
Mitochondria Function I 
Mitochondria Function II 
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Table 3 Comparison of two examples of currently marketed drugs and five failed or 
warning labeled drugs run in CellCiphr™ Classifier 
 
 
 

Drug Status CellCiphr™ 
Safety Index 

Lovastatin Currently marketed Low risk 
Mevastatin Currently marketed Low risk 
Tacrine Label warning to monitor 

hepatotoxicity 
High Risk 

Troglitazone Withdrawn for hepatotoxicity High risk 
Terfenadine Withdrawn for QT prolongation High risk 
Cerivastatin Withdrawn for rhabdomyolysis  High risk 
Astemizole 
 

Withdrawn for drug-drug 
interactions 

High Risk 

 
 
 




