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Research 
Questions 

Why does defining 
DILI positive and 
negative valuable?  

Do we ultimately 
labeling properly to 
save lives?  

What do we get from 
assessing hepatoxicity?  

www.fda.gov
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Research Problems 

• Defining DILI positive & negative is challenging 
as it requires considering: 
•  causality, incidence, and severity of the liver 

injury events caused by each drug.  

• Biomarkers and methodologies are being 
developed to assess hepatotoxicity but: 
•  require a list of drugs with well-annotated 

DILI potential	

www.fda.gov
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Research Problems, cont.  

• A drug classification scheme is essential to evaluate the 
performance of existing DILI biomarkers and discover 
novel DILI biomarkers but: 
• no adopted practice can classify a drug’s DILI 

potential in humans. 

www.fda.gov
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Research Problems, cont.  

• Drug labels used to develop a systematic and 
objective classification scheme[Rule-of-two 
(RO2)]. However: 
•  highly context specific 
•  rarity of DILI in the premarket experience 
•  the complex phenotypes of DILI. 
•  drugs are often used in combination with other 

medications.	 

www.fda.gov
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Research Solution  

Integrating 

the post-marketing data 
into the drug-label 
based approach. 
•  the FDA FAERS 

database to improve 
the DILI 
classification. 

Developing 

a statistical prediction 
models for better 
predicting DILI. 
•  the unstructured& 

unstructured data 
(premarket and post 
market DILI narrative 
reports). 

www.fda.gov



7

Methodology  
www.fda.gov	



8www.fda.gov
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DATA EXTRACTION/PREPROCESSING/VISUALIZATION 
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DATA EXTRACTION/PREPROCESSING/VISUALIZATION	

Empirica 
Signal 

1	
Drug Safety 
Analytics 
Dashboards 

2	
Rule-of-two 
dataset 

3	

www.fda.gov
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DATA EXTRACTION/PREPROCESSING/VISUALIZATION 
Empirica Signal 	

Empirica Signal 
served as the 
source of data 

retrieval based on 
(PT) or (SMQ) 

SMQ equals to 
'Drug related 

hepatic disorders 
- severe events 

only (SMQ) 
[narrow]'  

171,890 cases 
have been 

retrieved with 
several data 

mining statistics 

(PRR)  
(EBGM) 
(EB05) 
(ROR) 
(RR)  

www.fda.gov
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DATA EXTRACTION/PREPROCESSING/VISUALIZATION 
Empirica Signal 	

Prioritizing investigations 
might be based on scores 
for statistical significance, 
rather than for association.  
•  using a PRR or ROR p-value 

to rank associations causes 
unnecessary focus on drugs 
and events.  

01	
Prioritizing 
investigations, in this 
research, are based 
on both significance 
and association scores 
(EB05 &EBGM).  

02	

www.fda.gov



13

DATA EXTRACTION/PREPROCESSING/VISUALIZATION 
Empirica Signal_ EBGM	

 

www.fda.gov
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DATA EXTRACTION/PREPROCESSING/VISUALIZATION 
Empirica Signal_ EB05	

 

www.fda.gov
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DATA EXTRACTION/PREPROCESSING/VISUALIZATION 
DRUG SAFETY ANALYTICS DASHBOARDS 

  

•  Retrieving FAERS hepatic failure data (Nov.1997- March 
2018).  

•  Events are customized using SMQ: 
•  select drug related hepatic disorders-severe events only. 
•  groupings of terms from one or more SOCs related to: 

1.   defined medical condition 
2.  area of interest 
3.  terms related to signs, symptoms, diagnoses, 

syndromes, physical findings, laboratory test data 
related to DILI.  

 

www.fda.gov
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DATA EXTRACTION/PREPROCESSING/VISUALIZATION 
DRUG SAFETY ANALYTICS DASHBOARDS 

 	

class variables and text are transferred to interval 
ones using some techniques such as text clustering, 

text rule builder, and text profile. 

304,000 cases are retrieved and data was prepared 
for both the unsupervised and supervised learning. 

www.fda.gov
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DATA EXTRACTION/PREPROCESSING/VISUALIZATION 
DRUG SAFETY ANALYTICS DASHBOARDS 

 	

Data is dominated by cases 
with serious outcome value 

of Yes (Y=1). 

model with such 
dominate outcome 

will be biased. 

To compensate for the rare 
proportion of No (No=0) in 

the raw data, over-
sampling is performed 

produce a more 
balanced data set 

keep the patterns that 
appear in the data 
traceable in the 

sample.		
www.fda.gov
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DATA EXTRACTION/PREPROCESSING/VISUALIZATION 
RULE-of-TWO (RO2) DATASET	

 
 	

• FDA-approved label  
• Human use only 
• A single active molecule in the dosage form 
•   Administered through oral or parenteral route 
•   Approved for five years 
•   Commercially available and affordable for 
future study.  

www.fda.gov
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DATA EXTRACTION/PREPROCESSING/VISUALIZATION 
RULE-of-TWO (RO2) DATASET	

 
 	

•  1036 FDA- approved drugs 
were classified into: 
•   192 vMost-DILI concern, 
•  278 vLess-DILI concern, 
•  312 vNo-DILI concern  
•  254 Ambiguous DILI 

concern drugs.  

www.fda.gov
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ANALYTICS APPLICATIONS 
Association Analysis 
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ANALYTICS 
APPLICATIONS 

Association Analysis	
 
 	

• Association analysis is used to 
identify and visualize relationships 
(association) between different objects.  
• Query could be nontrivial to be 
answered manually with big dataset. 
For example:  

•  What linkage of DILI preferred terms 
can be observed from post-market 
data?  

• Association analysis can address such 
relationship by: 
•   defining association rules 
•  calculating the support for the 

combination of the PTs  

www.fda.gov
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ANALYTICS 
APPLICATIONS 

Association Analysis	
 
 	

• Three scenarios are developed for the 
subset data from Empirica Signal 
(14,436 cases).  
• Association models are built based on 
different settings for minimum support, 
minimum confidence, minimum lift, 
maximum antecedents, and maximum 
rule size.  
• The enumeration of these values allow 
us to: 
•   cover more association rules. 
•  understand the optimal setting. 	

www.fda.gov
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ANALYTICS APPLICATIONS 
Association Analysis_Rules Table	

 
 	

www.fda.gov
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ANALYTICS APPLICATIONS 
Association Analysis_Rule Example 

 
 	
 

•  A confidence of 62.5% of the events where the condition PTs 
 Hepatotoxicity & Aspartate aminotransferase abnormal appear in 
DILI cases, the consequent PTs 
 Transaminases increased & Hyperbilirubinaemia & Alanine 
aminotransferase abnormal  
will also appears.  

www.fda.gov

Hepatotoxicity & 
Aspartate 

aminotransferase 
abnormal  

Transaminases 
increased & 

Hyperbilirubinaemia & 
Alanine 

aminotransferase 
abnormal 
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ANALYTICS APPLICATIONS 
Association Analysis_Rule Example  
	

 
 	

•  A lift is 32.99, indicating a likely dependency. 

• A lift ratio >1 indicates that the consequent PTs 
Transaminases increased & Hyperbilirubinaemia & 
Alanine aminotransferase abnormal” 

have an affinity for the condition PTs  
Hepatotoxicity & Aspartate aminotransferase 
abnormal”. 	

www.fda.gov

Hepatotoxicity & 
Aspartate 

aminotransferase 
abnormal  

Transaminases 
increased & 

Hyperbilirubinaemia & 
Alanine 

aminotransferase 
abnormal 
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Rules generated might be sufficient for understanding the 
association. 

Additional analysis was performed so that similar PTs are 
grouped together using a matrix reducing methodology.  

Topics (grouped PTs) are created by rotating the SVD on the 
transaction item matrix. 

The grouped PTs are then presented to domain experts to 
assign informative names. 

Experts independently provided their assigned topic names 
and majority consistent in topic naming are employed to 
assign name(s) for the generated topics. 

www.fda.gov

ANALYTICS APPLICATIONS 
Association Analysis 	
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ANALYTICS APPLICATIONS 
Association Analysis_Topic Generating_Example	
 
 	

Item Topic	Name 
Bacillary	angiomatosis Various	hepatic	disorders,	particularly	vascular,	

Hepatic	Infection/vascular,	Hepatic	vascular	disorders,	
complications	of	liver	transplantation,	nonspecific	clinical	
finding,	infectious	hepatitis,	liver	injury	clinical	finding	
		
		
		
		
		
	 

Hepatic	cyst	infection 
Hepatic	artery	stenosis 
Perihepatic	abscess 
Hepatic	artery	aneurysm 
Portal	vein	stenosis 
Splenorenal	shunt 
Hepatitis	infectious	
mononucleosis 
Hepatic	vein	stenosis 
Portal	vein	occlusion 
Portal	vein	phlebitis 
Chronic	graft	versus	host	
disease	in	liver 
Hepatic	artery	occlusion 

www.fda.gov
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DATA SETS AGGREGATION 	
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DATA SETS AGGREGATION 	
	
 
 	

This research data has two different domains (i.e., 
pre-marketing and post-marketing). 

RO2 dataset mainly based on drug labeling and 
incorporating  information to verify the drugs 
causality of DILI in humans..  

Empirica Signal and Drug Safety Analytics 
Dashboards are based on FAERS data which is 
post-marketing data. 

Numerous customized SQL were developed to 
match the RO2 compound names (1036 unique 
drugs) with 182474 DILI cases from FAERS.  

www.fda.gov
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DATA SETS AGGREGATION 	
Number of cases that RO2 list matching FAERS data for DILI.	

 
 	

www.fda.gov
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PREDICTIVE ANALYSIS 
Text Analytics	
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PREDICTIVE ANALYSIS 
Text Analytics 	
	

 
 	

•  Capture information embedded in text that is critical to risk 
assessments 
•  Signs 
•  Symptoms 
•  Disease status/severity 
•  Medical history www.fda.gov
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PREDICTIVE ANALYSIS 
Text Analytics-Text Parsing and Text Filtering 	
	

 
 	

www.fda.gov

•  Stemming 
•  Misspellings 
•  Synonyms 
•  Noun groups 
•  Parts-of-Speech 
•  Term filtering 
•  Term Mapping 
•  Native Language 

Models 
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PREDICTIVE ANALYSIS 
Text Analytics-Concept Linking 	
	

 
 	

www.fda.gov
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PREDICTIVE ANALYSIS 
Supervised & Unsupervised Models	
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PREDICTIVE ANALYSIS 
Supervised & Unsupervised Models	
	

 
 	 MBR Decision 

Tree 
Text Rule 
Builder 

Text Topic Neural 
Network 

Text 
Cluster 

Regression 

www.fda.gov
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PREDICTIVE ANALYSIS 
Supervised Model-Decision Tree	
	

 
 	

www.fda.gov

•  Decision Tree is developed to perform: 
– Predict new cases 
– Select useful inputs 
– Optimize complexity.  

Predictive Modeling 
Task 	

 General Principle 	  Decision Trees 	

 Predict new cases 	  Decide, rank, or 
estimate 	

 Prediction Rules 	

 Select useful inputs 	  Eradicate 
redundancies and 
irrelevancies 	

 Split Search 	

 Optimize complexity 	 Tune models with 
validation data 	

 Pruning 	
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PREDICTIVE 
ANALYSIS 
Supervised 

Model-Decision 
Tree	
	
 
 	

•  To utilize unstructured data in building the 
decision tree, a text cluster is built prior to 
the decision tree. 
•   FAERS cases are assigned to mutually 

exclusive clusters.  
•  Clustering is achieved by deriving a 

numeric representation for each document.  
•  Producing the numeric representation for 

each cluster is implemented through SVD to 
organize terms and documents into a 
common semantic space based upon term 
co-occurrence. 

www.fda.gov
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PREDICTIVE ANALYSIS 
Supervised Model-Decision Tree	
	

 
 	

•  The output from the cluster analysis is the input to the decision 
tree modeling.  

•  Two decision tree models have been developed. 
•  1st tree: the SVD numeric values have been rejected only the 

nominal values of cluster numbers  will input the decision tree 
modeling with other FAERS input variables. 
•   2nd tree: the SVDs is utilized  as input to the decision tree with 

other FAERS variables and cluster number variable has been 
rejected. www.fda.gov



40

PREDICTIVE ANALYSIS 
Supervised Model-Decision Tree 

www.fda.gov
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Predictive Analysis 
Supervised & Unsupervised Models	
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Discussion 
and 
Conclusion 
	
	
 
 	

Model Comparison 

Visualization of results in 
interactive reporting tool 

Model improvement 

Application to other 
adverse event scenarios 

www.fda.gov



Thank you  
 
Q&A 


