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I INTRODUCTION TO SDTM G

SDTM is a global CDISC standard for organizing clinical trial
data, designed specifically for regulatory review and cross-
study consistency. But SDTM is more than just a format—it's a
structured language for clinical data that enables seamless

communication across the pharmaceutical industry.

The challenge isn't the lack of standards. It's the lack of A

intelligent automation to implement them efficiently and

accurately.
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B VARIABLE MAPPING CHALLENGE G

( N\

The Problem

Manual SDTM mapping is complex, time-consuming, and error-prone, bottlenecks in clinical trial

data submission.

{ Key Challenges J

e High variability in raw data naming conventions

e Context-dependent domain assignment

e Heavy reliance on expert knowledge ,_K
e Time-consuming manual review processes

e Risk of inconsistency and human error

e Scalability limitations across multiple studies

e Potential regulatory delays due to validation issues
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] PROPOSED Al/ML-BASED SOLUTION G

MULTI-STUDY LEARNING FRAMEWORK

It leverages historical SDTM mappings collected from multiple studies to build intelligent prediction models.
Each source field is comprehensively characterized to capture the full context of expert mapping decisions.

Field Name Field Description Data Type

Variable identifier from Semantic label Character, numeric, or

source data providing context datetime classification

Training is built on real-world expert decisions, ensuring the Al learns from proven mapping patterns and
domain expertise
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] A1 APPROACHES USED TO IDENTIFY G
DATASET DOMAINS

1. Cosine Similarity (Name Matching) \
. Compares dataset variable names with known domain patterns. /.
. Measures how similar the words are. h
. Example: Variables like AEDECOD, AESTDTC - likely AE domain.
2.  Support Vector Machine (SVM)
. Learns to separate domains based on patterns in text and data
. Good at detecting small differences between similar domains.
3. Random Forest (Pattern Learning)

. Looks at multiple characteristics of the dataset.

. Uses many small decision trees to detect patterns in variable combinations.
4. Multinomial Naive Bayes
* Focuses on word frequency in variable names

* Predicts the domain based on how often certain words appear
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DATA-TYPE AWARE MODELING G

Specialized Models by Data Type

Source fields are first categorized into character, numeric, or datetime types. For each SDTM domain, separate
Random Forest models are trained per datatype, enabling specialized prediction logic.

e Character_Model
e Numeric_Model
e DateTime_Model

This approach captures structural patterns unique to each data type, improving prediction accuracy.

Random Forest per type Character fields
x: Separate model for each type Categorial and text values
< Data-Type
Aware
< Modeling
alm'a DateTime fields Numeric fields
Es Timestamps and calendar data Continuous and integer values
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B GLOBAL LABEL-BASED MODEL G

All field descriptions are used to train a centralized Label Model that captures descriptive meaning
independent of data type. This semantic intelligence handles ambiguous or poorly named fields by

understanding the underlying clinical concept.
/ Real-World Example \

= O

Field Name: Label: "Hemoglobin Result: Correctly predicted

k VARO1 (uninformative) Concentration" under Laboratory domain

Label intelligence strengthens contextual understanding, ensuring accurate mapping even when field names are

cryptic or inconsistent
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B HYBRID PREDICTION STRATEGY G

Data Models Label Model
Generate datatype-aware predictions Generate semantic predictions

Combine Scores Top 3 Suggestions

Aggregate confidence rankings Highest probability auto-selected

This hybrid approach combines structural intelligence with semantic understanding, delivering robust predictions

that leverage both naming patterns and contextual meaning
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B PRACTICAL EXAMPLE G

Variable Prediction Data

Raw Model
# Variable Value  Probablities forData  Probablities for Labels |
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I BENEFITS AND FUTURE DIRECTION G

Al-powered predictions minimize

:i Significant reduction in manual SDTM
iy inconsistencies and mapping mistakes

mapping effort accelerates timelines

@__.i

Streamlined data preparation

{@) contributes to faster regulatory :-O Easily handle multiple studies with
~ | <ubmissions (- — consistent quality and efficiency
cY! Expert validation ensures accuracy

3= while maintaining automation benefits
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