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ABSTRACT

Clinical data analysis algorithms are complex and usually pre-planned in human-readable text specification before
execution by machine-readable programing codes. Programmers spend lots of efforts on creating the text
specifications and translating them into executable codes, and this work is not one-time effort with the change from
source data and code debugging process, so keeping synchronization of the specifications and code is also not an
easy work. This paper introduces how natural language processing (NLP) can help us solve this problem, utilizing the
natural language understanding (NLU) to help translate from text specifications to codes, and natural language
generation (NLG) to translate from codes back to text specifications when needed. This approach will be
demonstrated with an Rshiny app for SDTM mapping process. We also explored the ChatGPT solution and
discussed about the potential of NLP for other Biometrics tasks in this framework.

INTRODUCTION

The current data flow of traditional clinical trials involves a convoluted and non-linear process that requires a great
deal of manual effort and often leads to rework and inefficiencies. However, the future state of clinical trials involves a
more streamlined and interoperable approach. This will be made possible through the standardization of data and
vocabulary, as well as through leveraging the insights gained from Al and machine learning analysis. By embracing
these advancements, the clinical trial process can become more efficient and effective, ultimately leading to better
outcomes for patients.

In clinical research, digitalization of trial artifacts, including documentation, programming codes, data, output tables,
and complex processes, is critical for achieving FAIRness (Findable, Accessible, Interoperable, and Reusable). By
converting these artifacts into metadata and systematically managing them, clinical data analysis can be conducted
more efficiently, leading to better decision-making.

Natural Language Processing (NLP) is a field of Al that aims to bridge the gap between human communication and
computer understanding. It is essential for processing large amounts of textual data and resolving ambiguity in
language to structure unstructured data sources. NLP has two major components: Natural language understanding
(NLU) and Natural language generation (NLG). NLU helps computers understand human language by parsing text
and extracting meaning, while NLG generates human-like text. This technology can be used for various applications,
such as translating text to code and vice versa. Both rule-based systems and machine learning can be used to
implement NLU and NLG, depending on the complexity of the language task. Rule-based systems are effective for
highly structured and constrained language, while machine learning is preferred for more complex and varied
language tasks.
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BUSINESS PROBLEM

Developing clinical data analysis algorithms is a complex process that typically requires pre-planning in human-
readable text. However, strictly adhering to standard algorithm descriptions can be challenging for human users.
While Graphical User Interfaces (GUIs) can provide an alternative means of building flexible algorithms, they are
often difficult to use. As a result, algorithms written in free text are commonly used in the industry, leading to diverse
mapping specifications across therapeutic areas and companies. Translating human-readable text to machine-
readable code is a time-consuming process, and ongoing updates are necessary to accommodate changes in source
data and the debugging process. In daily work, synchronizing specifications and code can present a challenging task
for human users.

Define-XML Version 2 [Variable Level Metadata]
Demographics (DM) [Location: dm.xpt]

Variable Label Key Type Length Controlled Terms  Origin  Derivation/Comment
or Format

STUDYID | Study Identifier 1] text 40 Protacol

DOMAIN Domaiq ; text 2 Assigned | Two-character abbreviation for the domain most relevant
Abbreviation to the observation. The Domain abbreviation is also used

as a prefix for variables to ensure uniqueness when
datasets are merged.

USUBIID  |Unique Subject | 2| text 20 Derived | Concatenation of STUDYID and SUBJID
Identifier

SUBIID Subject text 3 CRF Page
Identifier for the 1
Study

RFSTDTC | Subject datetime 1508601 Derived | RFSTDTC = First date/time of study drug treatment
Reference Start
Date/Time

RFENDTC | Subject datetime 1s08601 Derived | RFENDTC = Date of Completion or date of Withdrawal.
Reference End Null for screen failures
Date/Time

RFXSTDTC | Date/Time of datetime 1508601 Derived [ RFXSTDTC = Date/time of first exposure to protocol
First Study specified treatment from CRF
Treatment

RFXENDTC | Date/Time of datetime 1508501 Derived | RFXENDTC = Date/time of last exposure to protocol
Last Study specified treatment from CRF
Treatment

To address these challenges, leveraging Al and NLP technologies can make a significant difference in the clinical
data analysis process. These technologies can help automate the translation of human-readable text to machine-
readable code, reducing the time required for updates and synchronization. Additionally, Al and NLP can help
enhance the flexibility and user-friendliness of algorithms, resulting in more effective clinical data analysis.

CASE SHARING

As a case sharing exercise, we present a proposed solution for the SDTM Mapping case, which involves translating
Text Specifications to Code using Al and NLP technologies. Our proposed solution includes SAS/R code generation,
and algorithm text generation. By automating the translation of Text Specifications to Code, our solution can
significantly reduce the time required for updates and synchronization, while also enhancing the user-friendliness and
flexibility of algorithms. Through this case sharing exercise, we aim to demonstrate the potential of Al and NLP
technologies in facilitating the translation of human-readable text to machine-readable code, revolutionizing clinical
data analysis, and enabling more effective and efficient decision-making in the field.

OBJECT

The SDTM mapping file is typically composed of multiple sheets in an Excel file, which contain mapping algorithms at
different levels, including data, variable, and value levels. Meanwhile, the target SAS/R codes consist of several
sections, such as the header, macro variable definition, variable attributes definition, data join, and variable and value
level derivation. To facilitate the generation of SDTM data from the Excel mapping spec, an automated process is
designed to analyze the Excel file and produce the corresponding SAS/R code for execution.



SAS

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

LBORRES = For RAW.LB records:

if RAW.LB.MODULE=".B3" and RAW.LB.LBVDIP not missing then set to upcase(vvalue(RAW.LB.LBVDIP)), else if

IRAW.L B MODULE="L B3' and RAW.LB. BORRES not missing then setto RAW.LB.L BORRES, else if RAW.LB.MODULE="B4'

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

IRAW.LB.LBORRES not missing then setto RAW.LB.LBORRES, else if RAW.LB.MODULE='LB6"and RAW.LB.LBVDIP not
Issing then set to upcase(vvalue(RAW.LB.L BVDIP)), else if RAW.LB.MODULE=1B6' and RAW.LB.L BORRES not missing then

|set to RAW.LB.LBORRES else setto RAW.LB.LBORRES. [

‘R
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PROCESS
In the context of Text to Code generation, the following five steps can be identified:

1. Pre-processing: In some cases, long texts may need to be split into shorter sentences to facilitate
subsequent processing.

2. Named Entity Recognition (NER): Variables and formulas can be masked using NER to identify their
presence and position within the text.

3. Normalization: The text can be semantically matched to a standard algorithm using embedded vectors to
ensure consistency and facilitate parsing.

4. Parsing: The normalized algorithm can be parsed into an Abstract Syntax Tree (AST) for more structured

processing.
5. Translation: Finally, the AST can be translated into code that can be executed by a computer.

When generating Text from Code, the following two steps can be followed:

1. Code Parsing: The input code can be parsed into an Abstract Syntax Tree (AST) for more structured
processing.

2. Translation: The AST can be translated into text, or into other programming languages like R, Python or
SQL if needed.

In the above steps, Named Entity Recognition (NER) and Normalization rely on machine learning techniques, while
the other steps are based on rule-based algorithms.

NER (Named Entity Recognition)

General example:

On  the 15th of September DATE , | Tim Cook PERSON announced that
Apple ORG wants to acquire ABC Group ORG from New York GPE

for 1 billion dollars MONEY

Domain-specific:

(SVIGKSTATIVAR]) ca 'NEVER' auor then 'NON-SMOKER' auor

Normalization (Spec smart match)



Flexible Spec

inputSpec

Baseline flag

Convert date (VISDAT/VSDAT) to 1508601 date.

Input Spec normalized

BASELINE FLAG

2 Setto RAWAEAENO SETTO$S
3 Convert To Char CONVERT TO CHAR
4 Convert To SAESEV. Format CONVERT TO $55. FORMAT

_ Sort by variable STUDYID USUBJID AESTDTC AEDECOD. Restart the
N numbering at each USUBJID with 1

Calculation of AESTDY = (Number version of date of AESTDTC - Numeric
version of date of DM.RFSTDTC). Notel: Add 1 if greater than or equal to 0.

Concatenate (RAW.AE AESTDAT and RAW.AE.AESTTIM) by /'

WITH1

CALCULATION OF $5 = (NUMBER VERSION OF DATE OF $$ - NUMERIC
VERSION OF DATE OF $5). NOTE1: ADD 11F GREATER THAN OR EQUAL

T00.

Variable masked

CONVERT DATE ($$/$5) TO 1508601 DATE

CONCATENATE (35 AND $$) BY @@

SORT BY VARIABLE $5 $3 $5 $5. RESTART THE NUMBERING AT EACH $§  SORT BY VARIABLE $§ $5 $5. RESTART THE NUMBERING AT EACH $§

Standard Spec

Standard Spec matched Similarity
DERIVE BASELINE FLAG 90.0%.
CONVERT DATE ($5/5) TO 1508601 DATE FORMAT
SETTO$S

CONVERT TO CHARACTERVERSION

CONVERT TO $XX. FORMAT

WITH 1 (ORDER SEQUENTIALLY)

CONCATENATE 55, 55 BY @@

CALCULATION OF $8 = (NUMERIC VERSION OF $§ - NUMERIC VERSION
OF §5). NOTE:ADD 1 IF CALCULATION IS GREATER THAN OR EQUALTO 89.6%
0

SOLUTION

Here is the process of how we convert the text algorithms into SAS code, taking variable LBORRES derivation for

example:

Name T

Type

e

Length /Teontoll.ﬂ'llmlior Flmln

[Conversion Definition

o

Yariabie Conversion Definition domains
Name
® Al

For RAW.PREG rocords: If
RAW.PREG.MODULE ="PREG' then set 1o
Upcase(walua(RAW.PREG. PREGTSTU;

LBORRES  4lse if RAW.PREG.MODULE="PREGT'
then set 1o

LBORRES _|Result or Finding in Original Unit Upcase(value(RAW.PREG. PREGTSTS)).

For RAV.LE records: If
RAW.LB.MODULE='LB3" and
RAW.LB.LBVDIP not missing then sot 1o
upcane(vvalue(RAW.LB.LBVDIP)), alse if
RAW.LB.MODULE=LB3 and
RAW.LB.LBORRES not missing then set
1o RAW.LB.LBORRES, else if
RAW.LB MODULE nd
RAW.LB.LBVDIP not missing then sot 16
upcaso(wvalua(RAW.LB.LBVDIRY), also if

LBORRES  RAW.LB.MODULE=1LB4" and AL
RAW.LBLLBORRES not missing then sot
to RAW.LB.LBORRES, alne if
RAW.LB.MODULE=LBE" and
RAW.LB LBVDIF not misaing then set to
upcase(vvalue(RAW.LB.LBVDIP)), else il
RAW.LB.MODULE='LBS" and
RAW.LB.LBORRES not missing then set
to RAW.LB LBORRES, also sot to
AL LBORKES.
For RAW.GLAB rocords: Set to upcass of

LBORRES  RAW.CLAB.LBORRES.

LBORRES = For RAW.LB records

If RAW.LB.MODULE=18B3"'and RAW.LB.LBVDIP not missing then set to upcase(vvalue(RAW.LB.LBVDIP)), else if RAW.LB.MODULE='L B3' and RAW.LB.L BORRES not missing then set to RAW.LB.LBORRES, else if
W.LB.LBVDIP not missing then set to upcase(vvalue(RAW.LB.LBVDIP)), else if RAW.LB.MODULE="1B4' and RAW.LB.LBORRES not missing then set to RAW.LB.LBORRES, else if

RAW.LB.MODULE='LB4'
RAW.LB.MODULE='LB6'
RAW.LB.LBORRES.

2.NER

It

W.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 setto

3. Normalization
v OREBUBRAR] ot missing e 5115

?value: numeric

—

For RAW PREG recorgs. |
For RAW LB records l

IV LD MG — LD 11U RATY.LE LOVOIF 108 HSSIY 1111 SE1 (0
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 LBYDIP not missing then set to
upcase(vvalue(RAW LB LBVDIP)).

eise 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 LEVDIP)).

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

clse set 1n RAW | B | BORRES

Set to upcase of RAW.CLAB LBORRES.

age 58 -68, 70 - 72

If RAW PREG MODULE="PREG' then set to upcase(vvalue(RAW PREG PREGTSTU)); else if
RAW PREG MODULE='"PREG1' then set to upcase(vvalue(RAW PREG PREGTSTS))

1. Pre-process

Spec (Human Language + SAS code piece)

not missing then set to b b
UTTER—

| equationl o
| equation2 e ey T
| equation3 - i
} Eaualgmﬂ[( N - [
concate I
concatenote =
[ B -
| calculate P-4 ranS i
| sort N -
| P s L )
| where i
/* For RAV.LB records: If RAW.LB.MODULE="LB3" and RAV.LB.LEVDIP not mi \ ‘ e . ‘
RAV.LB.LBORRES, else if RAW.LB.MODULE="LB4' and RAY.LB.LBVDIP not missi | equationelif e Flres m s e
RAV.LB.LBORRES, else if RAV.LE.MODULE="LB6’ and RAW.LB.LBVDIP not missi  equafioni: name conditions then action2 else action2 e pr—
RAY, LB, LBORRES, else set to RAV,LB, LBORKES. *f o o L o e beutgy ion el action? = -

LBORRES= ifc (ODULE="LB3’

ifc(MODULE="LE3
1fc (NODULE="LB4
1fc(MODULE="LE4’
ifc (MODULE=" LE6’
1fc (NODULE="LE§’

LBORRES )))))))::

and “missing(LBVDIP), upcase(vvalue(LBVDIP)),  equafiondsub: (varisble|assignasformat) if conditions

equafionelif: name

and ‘missing (LBORRES) ,  LBORRES, Pt ot
and “missing(LBVDIP),  upcase(wvalue(LBVDIP)),
and “missing (LBORRES),  LBORRES,

and ‘missing (LBVDIP) , upcase (vvalue (LBVDIP)),
and ‘missing (LBORRES) , LBORRES,

SAS programs (or R/Python/SQL)

conditions then action2 (equationelifsub)* (equationelelsesub)®

5. Translation



Achieving full automation in the process can be challenging, and it is important to involve humans in the review and
decision-making process for new scenarios, while also adding new patterns to the knowledge base as needed. For
example, if the derivation for a variable such as AEACN is unrecognizable and cannot be parsed into SAS codes, the
system will automatically flag this new scenario, requiring a programmer to write ad hoc open code to handle it. If this
pattern occurs frequently, we can add it to the system library for future re-use.

Variable Conversion Definition r ) flag

STUDYID = 00008" STUDYID=" 00008™ ¥
ususBJID Concatenate STUDY and SUBJECT USUBJID=cat(strip(STUDY),"/", 4
separating by /. (e.g., strip(SUBJECT))
00008/ 001).
AESEQ Sort by variable STUDYID USUBJID AESTDTC| %sdtm_seq(indata=&syslast,domain=&sdt |Y
AEDECOD. Restart the numbering at each |m_domain.);
AESPID Set to "AE- if ~ missing(AENO) then do; AESPID = "AE- |Y
"1 Heft(trim(put(RAW.AE.AENO,best.))) if 1 Heft{trim({put(AENO,best.))); end;
RAW.AE.AENO is not
missing.
AETERM Set to RAW.AE.AETERM. *AETERM=AETERM:; *"copy/keep; ¥
AELLT Set to RAW.AE.LLT_NAME AELLT=LLT _NAME i
AECAT Assgin RAW.AE.AECAT as format If if AECATOCC=1 then do; AECAT = b
RAW.AE.AECATOCC=1 ifc(AECAT = "1", "ANAPHYLAXIS AND
OTHER SERIOUS HYPERSENSITIVITY
REACTIONS", ifc(AECAT =
2", “INFUSION-RELATED
BEACTIONS™
AEACN Set to RAW.AE.AEACN with below AEACN= AEACN with below conversion. N
conversion.Note: O = DOSE NOT CHANGED, | Note: O = DOSE NOT CHANGED, 3 = DRUG
3 = DRUG INTERRUPTED, 4 = DRUG INTERRUPTED, 4 = DRUG WITHDRAWN, 98
WITHDRAWN, 98 = NOT APPLICABLE = NOT APPLICABLE
AEREL Assign RAW.AE.AEREL as format AEREL =iic(AEREL = 0, 'NOT 2 4
RELATED", ifc(AEREL ="1",
“"RELATED",
AESCONG When AESER = "Y": Assign if AESER="Y" then do; AESCONG = Y
RAW.SERAE.AESCONG as format. ifc(AESCONG ="0", "N", ifc(AESCONG
="1", "Y",ifc(AESCONG = "C49487",
“N",ifc(AESCONG = "C49488",
e
AESCONG)))) ;; end;
AECONTRT Set to substr (vwalue (RAW.AE.AETRT), 1,1) | AECONTRT=substr{vvalue(AETRT).1,1) Y

It is crucial to note that when dealing with highly complex study-specific derivations, the chances of success for NLP
analysis and code auto generation are limited, and the opportunity for reusability may also be limited. Therefore, in
such cases, it may be necessary to manually perform the derivation using user-defined complex algorithms written in
open code.

Taking all the scenarios into consideration, we divide the derivations into three types, including Type | (simple
derivation like copy/drop/rename or function call), Type Il (standard derivation involving macro calls like standard
mapping or user-defined pattern), and Type Il (complex derivation involving user-defined complex algorithms that
typically requires manual coding). NLP-powered automation can be useful for Types | and I, while Type Il is best left
to human intelligence.

206 _domain="AE" ;
. —ci q H 207 _module=' AE SERAE
Type | (from Spec) - simple derivation B e
209 _aeendtcedte(INVAR_DAT= ae. ssendat , TRVAR_TINe ae. asentin ,OUTVAR_ DIC= as._asendte ) :
_aeout=upcase (putc( aeout, vformat (aeout))) .
. Copy/Drop/Rename 211 _serel=put{ serel, SAERELF.)
212 _aeser-upcase(putc( seser, viornat (seser)))

213 _aesev=upcase(putc( aesevmax, viornat (aesevaax)))

. Assign - function caII 214 _aestdte=Sdtc(INVAR_DAT= ae. aestdat , INVAR_TIM= ae.aesttin ,OUTVAR DIC= ae._aestdtc )
e éo  eieebmiseiade
+ Typell (from Spec) - standard derivation (macro call) U7 aehlgt=hlgtnane.

218 _sehlted=hlt_code;
219 _achlt=hlt_nane
220 _ip=ip:

+ Standard Mapping macro call (top down) — 21 _rm

* User-defined Pattern macro call, some chance to

xecy s
D Ty Tyt

205 seksssnets

reuse(bOttom UP) 226 %dp(INVAR_REFDT plib.._dn.rfstdtc , INVAR_DT nplib. . ae. aeendtc , OUTVAR DYek_ b.. ae. asendy )
227 %dp(INVAR_BEFDIC=&_tenplib.. dm.rfstdtc , INVAR_DIC=&_tenplib.. ae, aestdtc , OUTVAR_DY=g as, asstdy )
228 %5eq(DATASET_LAYOUT=STUDYID USUBJID AESTDIC AEDECOD, OUTVAR_SEQ=& templib.. ae. asseq)

* Type lll (from open code) - complex derivation prs

¢ User-defined complex algorithm, little chance to

reuse —




INTEGRATED PROCESS

The R Shiny App is developed to provides a comprehensive solution for generating SAS code from an Excel Spec,
allowing users to upload the file, select the target domain, and automatically generate the SAS code. If any Type IlI
algorithms require manual coding, users can insert the open code and upload the revised code to the system.
Additionally, the Excel Spec can also be updated if necessary. The final code is regenerated by combining the user's
code with the system's automatically generated code. This process can be repeated multiple times if necessary, with
Type | and Il always coming from the Excel Spec and Type Il being added by the user.

Here is an example of auto generated code. Type Il part can be updated in the ‘Todo placeholder’.

wos samm pi2rOgram header

aut

¢ sdvm_domain = AE:

AESort_Order. = STUDYID.USUBJID AESTDTC. AEDECOD:

AESDTH- AESHOSP- AESLIFE. AESMIE. AECONTRT EPOCH. AESTDTC. AEENDTC. AESTDY. AEENDY:

tpreprocess (domain=AE)

T W Attributes, good format

Fldata RAW_AE;

cerib
STUDYID ;- Identifier® length-321

1engri
1engti

Rename, Where

AEREL
AEOUT

= (REANY="1"-)) ;

Codelist

CODE TO ALGORITHM TEXT

ame = STUDYID. DOMAIN USUBJID AESEQ AESPID AETERM. AELLT AELLTCD. AEDECOD. AEPTCD AEHLT. AEHLT

Ehata cemp: if n

“‘" Data Join/Combine

v Grouping process

Todo ;;igééholder

+ per EPOCH.
E. EPOCH=SCREENTN.

Variable level

i Data level

As introduced above, when we have the code and want to get the algorithm text, it is easy to use rule-based system
to parse the code into an Abstract Syntax Tree (AST) based on which can be translated into algorithm text, or into
other programming languages like R, Python or SQL if needed.

SAS function to Algorithm Text Smart Translator

(D Paste SAS functions here

USUBJIDcat(strip(STUDY),, strip(SUBJECT);

@ Convert into Algorithm Text

USUBJID=Concatenate STUDY and SUBJECT separated by

(@ Paste SAS functions here

e SAS furction, can be nested function

varisble  RAW.LB.MODULE

quotedstring 183




SAS function to R Smart Translator @ Paste SAS functions here

(D Paste SAS functions here

One SAS function, can be nested function

USUBJID=cat(strip(STUDY),'/’, strip(SUBJECT));

@ convertintoR

Rcode

USUBJID=paste0(trimws(STUDY,which="both"), /trimws(SUBJECT,which="both

Abstract syntax tree

DISCUSSION

CHATGPT SOLUTION TESTING

As a powerful system excels in both NLP and code analysis & generation, ChatGPT has recently made many
breakthroughs. So we did similar testing for the task at hand. We found that R code outperforms SAS code due to its
access to more open-source training data, and translating code into R before translating it into SAS can improve the
quality. Achieving accurate results may require multiple rounds of refinement and adjustment, while controlling the
quality of its results can be challenging due to ChatGPT's black box nature. However, ChatGPT is capable of
effectively processing very complex text, surpassing the capabilities of many self-developed systems. It's essential to
consider the protection of company-restricted or confidential data when using ChatGPT.

r

1B0RRES /1 (RA. L. HODULE-" LB
1Fn{RAHLE, HOOULE-"

OTHER TASKS

In addition to its great benefits for the SDTM mapping process, the NLP solution can also be applied to other tasks
such as ADaM, TLG, and CSR generation, provided that standard algorithm libraries and knowledge databases are
available to support. Based on our observations of the progress in our industry's work, we would like to share our
thoughts.

ADaM: This task involves long, complex sentences and can be challenging for non-standard specifications.
Standard macros/functions and knowledge databases are required for support.

7



TLG: Short and relatively standard sentences are involved in this task, requiring support from standard

macros/functions as well as table layout analysis from mockup tables.
CSR: The NLP solution is effective in key information extraction, similarity calculation, and text summarization,

and can predict and identify key information in CSRs and link it to different documents and sections.

rototype Motadata Repositcry (VOR) TLG title NLU - title analyzed to structured data - map to code Process
sy koders. Taking he varaie
gt and 380 unue g
Inputs to Generate CSR CSR Template Final CSR
word Template with Additional
Protocol SAP populated information
required provided by medical
information writers

W;&:uﬁaiﬁm.m“ C‘ a
> - - using ML/A!
/ ~ 3555
Ny
CRF Narratives gt
N 8@ |-
e = summary | @ e
- V-
26 55 vz

In-text tables

SUMMARY

In this paper, we have introduced the use of natural language processing (NLP) to facilitate the translation of text
specifications into code and vice versa. Our approach has been successfully demonstrated through an Rshiny app
designed for the SDTM mapping process, and we have also explored the ChatGPT solution and discussed about the

potential of NLP for other tasks in the biometrics process.

From our experience designing and testing the SDTM mapping process, we have observed the following benefits of
the NLP solution and the combination of Al+HI:

Natural language descriptions of algorithms reduce the requirements on specifications, making them

applicable to different therapeutic areas and companies
Code generation automation reduces the need for manual synchronization between specifications and code,

increasing efficiency and reducing errors
Cultivation of a user's mindset in standardization and automation helps to improve overall process

consistency and efficiency
Accumulation of an algorithm knowledge base over time can help improve the efficiency of future projects

The framework is applicable for other programming languages beyond SAS, such as R, Python, and SQL
NLP can benefit both upstream and downstream work, such as algorithms recommendation, dependency

analysis, and Define.xml creation
Machine learning can accelerate, simplify, and automate the tasks for conversion between unstructured and

structured data, upon which rule-based systems can be built for automatic systems
The combination of machine and human intelligence (Al+HI) revolutionizes the way we work, learn, and

solve problems in the biometrics process.
It is crucial for our industry to remain up-to-date with the technological advances in Al and NLP, as their potential
applications will only continue to grow. While these tools offer many potential benefits, it is important to be aware of

the risks and limitations associated with their use. Proper validation and testing should be conducted to ensure the
reliability and safety of these systems. By addressing these risks, we can ensure that the use of Al and NLP is both

effective and responsible in our industry.
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