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Research Problems 

Drugs in post-marketing period experience unexpected 
adverse drug events

Unnecessary, often fatal harm to patients

Pharmacovigilance involves early discovery and 
analysis of emerging adverse event signals

• Identify clinical entities
• Decide upon acquisition of additional information
• Consider whether any regulatory action is warranted

Much of the supporting information is textual data that 
requires review by safety experts to:
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Research Problems, cont. 
FDA uses FAERS to compute signal scores (statistical 
reporting associations). 

Signals do not establish a causal adverse drug reactions 
relationship, but are rather considered initial warnings that 
require domain experts assessment.

• drug safety evaluators look for supporting information:
• temporal relationships,
• published case reports,
• biological and clinical plausibility,
• clinical trials data,
• etc.

Assessment normally consists of a complicated process

www.fda.gov
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Research Problem, cont.

A FAERS report contains both structured and 
unstructured data.

Some of the FAERS information is structured, a 
significant portion of it remains in narrative formats.

Plentiful of the information that is critical to risk 
assessments are imbedded in narrative text
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Research Challenge and Solution 

• Timely adverse event detection can save lives and 
further quality of life

• Determining conclusions from data can prove 
challenging for manual analysis alone

Challenge:

• Text analysis employs a wide range of statistical, 
machine learning, and linguistic techniques for 
automated/semi-automated processing of text data

• Generate structured data from unstructured, then 
apply modeling techniques

Solutions:
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Research Solution 

• Applying computational approaches in the 
analysis of FAERS , advance the understanding of 
the feasibility of applying advance techniques to 
uncover relationships between drugs and hepatic 
failure.
• Outputs offer information on:
– the drug combinations related to hepatic failure,
– clarify factors that can predict a greater degree of 

the hepatic failure from serious (death) to minor
events (treatable),

– rate the serious impact of using these drugs on 
patients. 

www.fda.gov
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METHODOLOGY

www.fda.gov
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DATA DESCRIPTION & PREPARATION

• 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 DESCRIPTION & PREPARATION

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

www.fda.gov

 

    Report Type Seriousness Reported Outcomes 
Age 

Group 
Total 
Cases Direct Expedited Non-

Expedited 
Non 

Serious Serious DE HO LT DS CA RI OT 

<1 year 134 3 125 6 1 133 50 58 21 4 5 0 69 
1 - <3 years 174 16 153 5 3 171 67 84 15 2 2 0 76 
3 - <7 years 225 23 198 4 7 218 50 110 31 0 0 1 119 
7 - <17 
years 770 49 685 36 16 754 131 397 71 14 1 3 469 

17 - <65 
years 19,456 901 17,385 1,170 753 18,703 3,849 10,106 1,530 482 8 70 12,100 

>=65 years 10,444 363 9,559 522 320 10,124 2,811 5,819 934 242 2 36 6,139 
NOT 
REPORTED 11,616 112 10,157 1,347 1,057 10,559 2,366 3,616 425 221 40 5 8,118 

Total 42,819 1,467 38,262 3,090 2,157 40,662 9,324 20,190 3,027 965 58 115 27,090 

Patient Sex Total 
Cases 

% of 
Cases 

 Female 19,567 45.7% 

Male 18,250 42.6% 

Not Reported 4,990 11.7% 

Unknown 12 0.0% 

 Total 42,819 100.0% 

 

 
Reported Outcomes Total Cases 

Death 9,324 
Hospitalized 20,190 
Life Threatening 3,027 
Disabled 965 
Congenital Anomaly 58 
Required Intervention 115 
Other Outcome 27,090 
Total (Distinct Cases) 42,819 
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DATA DESCRIPTION & PREPARATION

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. 



11

DATA DESCRIPTION and PREPARATION

• Data is dominated by cases with serious outcome 
value of Yes (Y=1).
– building any model with such dominate outcome will be 

biased towards predicting serious adverse event mostly.
• To compensate for the rare proportion of No 
(No=0) in the raw data, over-sampling of the data was 
done to:
– 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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PREDICTIVE ANALYSIS
Text Analytics 

• Capture information embedded in text that is 
critical to risk assessments
– Signs
– Symptoms
– Disease status/severity
– Medical historywww.fda.gov



13

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

MBR Decision 
Tree

Text Rule 
Builder

Text Topic Neural 
Network

Text 
Cluster

Regression



16

PREDICTIVE ANALYSIS
Text Categorization-Rule Building 

• Boolean rules are created from subsets of terms 
to predict a target variable.
• Different setting for the 
– complexity,
– exhaustiveness,

are applied to prevent overtraining and several 
analyses were compared to set the optimal text rule 
builder setting.
www.fda.gov
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PREDICTIVE ANALYSIS
Text Categorization-Rule Building 

www.fda.gov
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PREDICTIVE ANALYSIS
Text Categorization-Clustering 

• To utilize unstructured data, a text cluster is built.
• Latent Semantic Analysis (LSA) derives a numeric 
representation for each document. 
– terms and documents organized into a common 

semantic space based upon term co-occurrence.
• Derived numeric representation produces the clusters.
• An EM algorithm describes the contents clusters. 

www.fda.gov
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PREDICTIVE ANALYSIS
Text Categorization-Clustering 

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
• 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
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Predictive Analysis
Supervised Model-Decision Tree

www.fda.gov



23

Predictive Analysis
Model Comparison Methodology

• Summary statistics used for model comparison.
• Summary statistics transform model performance to 

numerical scores. 
• The model comparison tool collates statistics from 

different modeling nodes for easy comparison. 

www.fda.gov
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Predictive Analysis
Model Comparison Methodology

Gain Chart

www.fda.gov
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Scoring 

• The champion model classifies new data that do not 
contain a target value (i.e., no serious outcome)

• 4000 cases have been selected randomly and assigned 
the role of score data set.

www.fda.gov
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Scoring 
• The champion model classifies new data that do not 

contain a target value (i.e., no serious outcome)
• 4000 cases have been selected randomly and assigned 

the role of score data set.

www.fda.gov
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Assessment Objectives - Revisited 

• Uncovered relationships between these drugs and 
hepatic failure

• Offered information on drug combinations related to 
hepatic failure

• Clarified factors that can predict a greater degree of 
hepatic failure from serious events (death) versus less 
serious (treatable) events

• Assisted with rating the impact of using these drugs on 
patients

www.fda.gov
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Discussion and Conclusions

• Visualization of results in 
interactive reporting tool
• Model improvement
• Application to other 

adverse event scenarios

www.fda.gov
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Q & A
Thank you !




