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4 AI/ML – CHALLENGES AND OPPORTUNITIES IN IMPLEMENTING ANALYTICS IN THE PHARMA INDUSTRY

https://phuse.s3.eu-central-1.amazonaws.com/Archive/2021/SDE/APAC/Virtual%20-%20India%20Winter/PRE_India06.pdf
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How deep learning is a subset of machine learning and how machine learning is a subset of 
artificial intelligence (AI) https://en.wikipedia.org/wiki/Deep_learning

From Unstructured Data to Structured Data – AI Solution

NLP(Natural Language Processing)

https://cloud.google.com/natural-language/

https://en.wikipedia.org/wiki/Deep_learning
https://cloud.google.com/natural-language/


Digitalization for the Trial Artifacts
Text 

Specification



Business Problem
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• Clinical data analysis algorithms are complex and require 

pre-planning in human-readable text

• People cannot always follow strict standard algorithm 

descriptions

• GUI(Graphical User Interface) is not user-friendly to build 

flexible algorithms

• Algorithm in ‘free’ text are commonly used in the industry

• Diverse Mapping Specification across TA/Companies

• Translation of human-readable text to machine-readable 

code is time-consuming

• Ongoing updates are required due to changes in source data 

and debugging process

• Synchronizing Specifications and code is challenging for 

human

Business Problem
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SDTM specs and programming codes consistency
• Updates should be taken in both files

SDTM programming codes not fully reusable in most cases
• Reference programming code needs to be checked line by line before implementation

Manual creation not the best solution
• Time consuming

• Pron to error

• Intensive QC required for simple and standardized variable generation

SDTM Mapping Code Generation



Standard Derivations in clinical laboratory data
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• Laboratory toxicity grading has been very important part of  safety reporting since the FDA began accepting electronic data. 

Remaining up to date with the various CTCAE versions could be a challenge when you have different source laboratory raw 

data each time.



Standard algorithm example from CDISC 360

GUI(Graphical User Interface) example for algorithm build

Accurate algorithm generated, However

• Not user-friendly

• Hard to apply for projects across different therapeutic 
area/company

• Not adopted in daily work



Can we translate ‘free’ text specification to code, and vice visa?
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Case Sharing
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SDTM Mapping Text Spec to Code Translation
• SAS Code Generation
• Algorithm Text Generation
• R Code Generation



14

Object

LBORRES =  For RAW.LB records:

If RAW.LB.MODULE='LB3' and RAW.LB.LBVDIP not missing then set to upcase(vvalue(RAW.LB.LBVDIP)), else if 

RAW.LB.MODULE='LB3' and RAW.LB.LBORRES not missing then set to RAW.LB.LBORRES, else if RAW.LB.MODULE='LB4' 

and RAW.LB.LBVDIP not missing then set to upcase(vvalue(RAW.LB.LBVDIP)), else if RAW.LB.MODULE='LB4' and 

RAW.LB.LBORRES not missing then set to RAW.LB.LBORRES, else if RAW.LB.MODULE='LB6' and RAW.LB.LBVDIP not 

missing then set to upcase(vvalue(RAW.LB.LBVDIP)), else if RAW.LB.MODULE='LB6' and RAW.LB.LBORRES not missing then 

set to RAW.LB.LBORRES, else set to RAW.LB.LBORRES.

Text Spec to Code Translation 

How to translate the Text Spec into codes for SDTM Code Generation?

SAS

R



NER

Mask the variables and 

formulas by NER 

(Named Entity 

Recognition)

Pre-process

Split long text into short 
sentences if needed

Normaliztion

Semantically match the 

sentence to standard 

algorithm using embedded 

vectors

Parse

Parse the 

normalized 

algorithm into AST 

(Abstract Syntax 

Tree)

Translation

Translate AST into code

Process

Text to Code

Translation

Translate AST into text

Or other programming 

language (R/Python/SQL) 

if needed

Code to Text

Parse

Parse the code into AST Machine Learning

Rule-based



General example:

Domain-specific:

NER (Named Entity Recognition) 

Normalization (Spec smart match)

Normalization

Semantically match 

sentences with standard 

algorithms based on the 

embedding vectors

NER

Use NER model to 

recognize variables, 

formulas, functions and 

quotes. Then mask with 

special strings

Process



Solution

1. Pre-process



Solution
LBORRES =  For RAW.LB records:

If RAW.LB.MODULE='LB3' and RAW.LB.LBVDIP not missing then set to upcase(vvalue(RAW.LB.LBVDIP)), else if RAW.LB.MODULE='LB3' and RAW.LB.LBORRES not missing then set to RAW.LB.LBORRES, else if 

RAW.LB.MODULE='LB4' and RAW.LB.LBVDIP not missing then set to upcase(vvalue(RAW.LB.LBVDIP)), else if RAW.LB.MODULE='LB4' and RAW.LB.LBORRES not missing then set to RAW.LB.LBORRES, else if 

RAW.LB.MODULE='LB6' and RAW.LB.LBVDIP not missing then set to upcase(vvalue(RAW.LB.LBVDIP)), else if RAW.LB.MODULE='LB6' and RAW.LB.LBORRES not missing then set to RAW.LB.LBORRES, else set to 

RAW.LB.LBORRES.

equationelif

name LBORRES
if If

conditions

conditionsand

condition

conditionvar
variable RAW.LB.MODULE

'LB3'

condition

missing

variable RAW.LB.LBVDIP
then then

action2

string upcase(vvalue(RAW.LB.LBVDIP)), 

equationelifsub

elseif
else else

if if

condition

string RAW.LB.MODULE='LB3' and 

RAW.LB.LBORRES not missing 
then then

action2

string

RAW.LB.LBORRES

equationelifsub
elseif

else else

if if

condition

string RAW.LB.MODULE='LB4' and RAW.LB.LBVDIP 
not missing 

then then

action2

string upcase(vvalue(RAW.LB.LBVDIP))

equationelifsub
elseif

else else

if if

condition

string RAW.LB.MODULE='LB4' and 
RAW.LB.LBORRES not missing

then then

action2

string RAW.LB.LBORRES, 

equationelifsub
elseif

else else

if if

condition

……

Spec (Human Language + SAS code piece)

SAS programs (or R/Python/SQL)

2. NER 3. Normalization

4. Parse

5. Translation

Solution

AST (Abstract Syntax Tree)
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Solution

• Achieving 100% automation can be 

a challenging goal

• Involve humans in the review and 

decision-making process for new 
scenarios (automatically flagged)

• Additional patterns can be added to 
the knowledge base as needed to 

improve the process
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• Type I (from Spec) – simple derivation

• Copy/Drop/Rename

• Assign - function call

• Type II  (from Spec) – standard derivation (macro call)

• Standard Mapping macro call (top down)

• User-defined Pattern macro call, some chance to 
reuse (bottom up)

• Type III (from open code) – complex derivation

• User-defined complex algorithm, little chance to 
reuse

• Do it in open code manually

• Rerun applicable with updated Code & Spec

Mapping Code Auto Generation 
– Focusing on Type I & II
• Derivation Types



Code Generated
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*Dummy data is used

Integrated Process DEMO
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Text to Code live demo
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Code to Algorithm Text
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Code to Other Programming Language(e.g., R)



Discussion
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• ChatGPT solution testing
• Other Tasks AI/NLP may help



ChatGPT solution testing
• Versatile system excels in both text and code 

analysis & generation

• R code outperforms SAS code due to its 

access to more open-source training data

• Translating code into R before translating it 

into SAS can improve the quality

• Achieving accurate results may require 

multiple rounds of refinement and adjustment

• Challenging to control the quality of its results 

due to its black box nature

• Despite these limitations, ChatGPT can 

effectively process very complex text, 

surpassing the capabilities of many self-

developed systems

• Important to consider the protection of 

company-restricted or confidential data when 

using ChatGPT
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Other Tasks

ADaM
Long sentence and complex logic;
Pretty difficult for non-standard Specs;

Need more support from standard 
macro/functions and knowledge database;

CSR
Good at key information extraction, similarity 
calculation, and text summary;

Predict and identify key information in CSRs and 
link to different documents and sections

TLG
Short and relatively Standard sentence; 
Need support from standards macro/functions;

Need Table layout analysis from mockup table;

Automate Scientif ic Document such as CSR Generation 

using ML/NLP
Metadata-based Auto-Programming Process – Part 2: Map 

human language to SAS® code by  Natural Language 

Processing (NLP) 

IDAR v irtual AI assistant to automate statistical report 

generation

AI/NLP may help

https://www.lexjansen.com/phuse-us/2021/ml/PRE_ML01.pdf
https://www.lexjansen.com/phuse-us/2021/ml/PRE_ML01.pdf
https://www.lexjansen.com/phuse-us/2019/ml/ML05.pdf
https://www.lexjansen.com/phuse-us/2019/ml/ML05.pdf
https://www.lexjansen.com/phuse-us/2019/ml/ML05.pdf
https://www.lexjansen.com/phuse-us/2020/ml/ML01_ppt.pdf
https://www.lexjansen.com/phuse-us/2020/ml/ML01_ppt.pdf


Summary
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• Reduce the requirements on Spec, applicable for Spec across different 

TAs and companies

• Reduce manual synchronization work between Spec and Code

• Cultivate user's mindset in Standard & Automation

• Accumulate algorithm knowledgebase

• Framework applicable for other programming language (R/Python/SQL)

• Benefit for both upstream and downstream work(e.g., Mapping 
recommendation, Dependency analysis, Define.xml)

• AL/ML accelerate/simplify/automate the tasks for conversion between the 

unstructured data and structured data, based on which rule-based system 
can build automatic systems

• Combination of Machine and Human(AI+HI) revolutionize the way we 
work, learn and solve problems

30

Summary
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