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ABSTRACT

This paper presents a systematic pipeline for generating realistic synthetic Clinical Data Interchange
Standards Consortium (CDISC) Analysis Data Model (ADaM) datasets. We identify and address
two fundamental challenges in direct JSON schema-based generation: the lack of domain-specific
knowledge (e.g., laboratory test ranges, MedDRA codes) and insufficient capture of ADaM dataset
structures and variable relationships. Our methodology introduces a two-pronged approach to
schema enhancement: (1) knowledge enrichment through both a structured knowledge query system
leveraging well-organized clinical trial documentation and Large Language Model (LLM) assistance
for generating realistic value ranges and distributions, and (2) structure optimization using rule-
based LLM prompts to reorganize schemas according to specific ADaM data structures (ADSL,
BDS, OCCDS). We further propose two implementation strategies: enhanced JSON schema-based
generation and template-based Faker code generation, with the latter ensuring proper handling of
cross-dataset relationships by establishing ADSL as the foundation for subsequent dataset generation.
Through experimental comparison of datasets generated using direct JSON specifications, template-
based generation, and our enhanced schema approach, we demonstrate the effectiveness of our
pipeline in producing high-quality synthetic data that maintains both structural integrity and realistic
relationships. Our evaluation framework provides comprehensive metrics for assessing synthetic data
quality across these different generation approaches.
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1 Introduction

The generation of synthetic clinical trial data has become increasingly crucial in modern pharmaceutical research and
development, driven by growing demands for data privacy protection and efficient software development processes. At
its core, the challenge lies in creating synthetic data that faithfully represents real-world clinical trial characteristics
while maintaining compliance with Clinical Data Interchange Standards Consortium (CDISC) Analysis Data Model
(ADaM) standards. The quality of synthetic data is fundamentally determined by our ability to capture and apply domain
knowledge, statistical distributions, and valid value ranges — the more comprehensive and accurate this knowledge, the
more realistic the generated data.

Current approaches to synthetic ADaM data generation often fall short in three critical aspects: capturing complex
variable relationships, preserving ADaM-specific data structures, and incorporating comprehensive domain knowledge.
While existing methods can generate basic variable-level synthetic data, they struggle to replicate the intricate
relationships between variables across different datasets (ADSL, BDS, OCCDS) and maintain the hierarchical structures
inherent in clinical trial data. This limitation stems primarily from insufficient utilization of available domain knowledge
and incomplete understanding of data characteristics.

Our research introduces a novel pipeline for generating high-quality synthetic ADaM datasets, founded on the principle
that better knowledge extraction leads to more realistic data generation. We begin with ADaM specifications as our
primary knowledge source, being the most relevant documentation for ADaM dataset characteristics. Our approach
leverages Large Language Models (LLMs) to extract and synthesize this crucial domain knowledge from both ADaM
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specifications and supplementary clinical trial documentation, with the understanding that the utility of additional
documentation depends on its relevance to ADaM dataset characteristics.

The innovation in our approach lies in:

1. Comprehensive Knowledge Acquisition and Integration:

* Development of a comprehensive JSON schema conversion process that captures essential ADaM
metadata.

* Novel use of LLMs to extract and synthesize domain knowledge from clinical documentation.
* Intelligent assessment of documentation relevance to ADaM dataset characteristics.

2. Dual Enhancement and Validation:

* A dual enhancement approach combining structured knowledge querying and LLM-based augmentation.
* Automated structure optimization aligned with ADaM standards.
» Template-based generation ensuring consistency across dataset types.

3. Rigorous Quality Assessment:

* Quantitative metrics for evaluating synthetic data realism.
* Validation of knowledge transfer effectiveness.
* Cross-dataset relationship verification.

The significance of this work extends beyond ADaM dataset generation. Our approach demonstrates how LLMs can be
effectively leveraged to extract and apply domain knowledge in synthetic data generation, a methodology applicable
across various domains. The experimental results not only validate our approach’s effectiveness in the clinical trial
context but also provide insights into the relationship between input documentation quality, knowledge extraction
accuracy, and synthetic data realism.

By providing high-quality synthetic datasets that maintain both structural integrity and realistic relationships, our
approach enables earlier commencement of statistical programming activities, facilitates software testing, and supports
training initiatives while ensuring strict adherence to data privacy requirements. More broadly, our findings contribute
to the understanding of how domain knowledge can be effectively extracted and applied in synthetic data generation
tasks across different fields.

The remainder of this paper is organized as follows: Section [2] reviews related work in synthetic data generation
and clinical data standards. Section [3|details our methodology, emphasizing the role of knowledge extraction and
application. Section 4] presents our evaluation framework and experimental results, analyzing the relationship between
input knowledge quality and output data realism. Section [5] discusses implications and limitations, and Section [6]
concludes with future research directions and broader applications of our approach.

2 Related Work

The field of synthetic data generation has seen significant advancements, particularly in scenarios involving data
augmentation with real data and the creation of entirely synthetic datasets from scratch. In the realm of data augmentation,
researchers have focused on generating synthetic data that retains the statistical properties of the original datasets while
enhancing privacy and utility. For instance, Barse et al. [1]] developed methods for fraud detection using synthetic data,
and Lin et al. [2] designed tools for system testing and training. Templ et al. [3]] introduced simPop, an open-source
tool aimed at statistical disclosure control, while Ma et al. [4]] utilized transfer learning to augment small datasets by
blending real and synthetic data.

In contrast, the generation of synthetic data from scratch, without any real data input, has been explored using various
models and frameworks. Macia et al. [S]] generated synthetic data to study classifier behavior, and Capobianco et
al. [6] developed DocEmul, a toolkit for producing structured documents. The use of differentially private GANs by
Torkzadehmahani et al. [7] aimed at preserving privacy in synthetic data generation. Similarly, Borkman et al. [§]]
introduced Unity Perception for creating synthetic datasets in computer vision, while McKenna et al. [9] proposed
methods to maintain statistical integrity in generated data. Das et al. [[10] presented a hybrid model to enhance the
robustness of synthetic data generation.

Within clinical trials, synthetic data plays a crucial role in evaluating the safety and efficacy of medical interventions,
offering a privacy-preserving alternative to real data. Beaulieu-Jones et al. [11]] demonstrated the feasibility of using
deep neural networks with differential privacy to generate synthetic participants for clinical studies. Callahan et al.
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[12] and Krieg [13]] explored the use of synthetic data in assessing new medical technologies and therapies. The work
of Harris et al. [14]], which compared synthetic and biologic materials in clinical settings, underscores the practical
applications and challenges of synthetic data in real-world scenarios.

Despite these advances, challenges remain in ensuring the validity and reliability of synthetic data, particularly regarding
its application in clinical trials. Baudry et al. [15] explored the use of LLMs combined with the Faker library for
generating synthetic data. However, their approach lacked a comprehensive framework for quality control and automated
testing of the generated code.

This paper addresses these limitations by proposing a detailed methodology that integrates LLLMs, schema-driven
templates, and knowledge graph-based refinement to produce high-quality synthetic data that meets stringent standards
for realism and accuracy. This approach is designed to facilitate early-stage analysis and tool development in clinical
trials, providing a reliable alternative to real data.

3 Methodology

Our pipeline for generating realistic synthetic CDISC ADaM datasets comprises four primary stages, each addressing
specific challenges in synthetic clinical data generation. Figure [I] illustrates the complete workflow, from initial
specification conversion to final quality evaluation.

1. Initial JSON Schema Generation: Converting ADaM specifications into structured JSON format
2. Schema Enhancement: Enriching schemas with domain knowledge and structural relationships
3. Synthetic Data Generation: Using enhanced schemas for Faker-based data generation

4. Quality Evaluation: Assessing generated data quality through comprehensive metrics
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Figure 1: Workflow for Synthetic ADaM Data Generation
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3.1 [Initial JSON Schema Generation

This initial stage involves transforming ADaM dataset specifications, typically found in spreadsheets or text documents,
into a structured, machine-readable JSON schema. This standardized format facilitates subsequent processing steps.

Key Metadata Captured:

* Variable Names: (e.g., USUBJID, AGE, TRTO1P).

* Data Types: (Character, Numeric, Date).

* Codelists/Controlled Terms: Allowed values for categorical variables (e.g., SEX ="M", "F", "U").
 Dataset Structure: Subject-Level (ADSL), Basic Data Structure (BDS), Occurrence Data Structure (OCCDS).

* Relationships and Constraints: Unique identifiers, foreign key relationships, and logical dependencies
between variables.

"Dataset": "ADSL",

"Structure": "ONE_RECORD_PER_SUBJECT",
"Key Variables": ["STUDYID", "USUBJID"],
"Variables": [

{ "Name": "STUDYID", "Type": "Char", "Length": },

{ "Name": "USUBJID", "Type": "Char", "Length": },

{ "Name": "AGE", "Type": "Num", "Length": }

{ "Name": "SEX", "Type": "Char", "Length": 3, "Codelist": "SEX" }

]
}

3.2 Schema Enhancement
The initial JSON schema, while structured, may lack explicit representation of the complex relationships and hierarchical

structures inherent in ADaM datasets as well as lack the background knowledge. We address two fundamental limitations
of direct JSON specifications:

Table 1: Detailed Analysis of Schema Enhancement Approaches

Enhancement Type Method Implementation Details
Knowledge Query System  Extracts structured information from clinical trial documents
Domain Knowledge (protocols, SAPs, CRFs) using NLP and pattern matching
LLM Enhancement Generates realistic value ranges and distributions based on
variable context and relationships
Knowledge Graph Maps relationships between variables, datasets, and domain
concepts
ADSL Templates One-record-per-subject structure with demographic and treat-
Structure Optimization ment patterns
BDS Templates Parameter-value relationships with visit patterns and change
calculations
OCCDS Templates Event-based temporal relationships with sequence validation
Faker Code Generation Direct translation of enhanced schemas to Faker code with
Data Generation relationship preservation
Template Application Specialized templates for each ADaM structure with built-in
validations

Cross-Dataset Integration ~ ADSL-first approach with consistent subject propagation
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3.2.1 Domain Knowledge Integration

Two complementary approaches:

* Knowledge Query System: Leveraging well-organized clinical trial documentation (protocols, SAPs, CRFs)
to build structured knowledge graphs, the input data continues will highly influence the result of this method,
the process is: build the knowledge graph based on collect clinical trial document(the more relevant to ADaM
dataset creating the more better result will get, since it will provide extra info for the next Faker code generation
process), then use the info from json block by block as input to this knowledge graph query system, we extract
the knowledge like variable range, derivation equation etc. info, let LLM insert the extract info to exist json
follow the predefined structure, then the enhancement work done.

e LLM-Based Enhancement: Leveraging Large Language Models to extract and synthesize domain-specific
knowledge, including realistic value ranges, statistical distributions, and variable relationships. The effectiveness
of this approach correlates with the model’s capabilities in understanding clinical trial contexts and statistical
patterns. Our experiments demonstrate that advanced LLMs can identify nuanced relationships between
variables and suggest appropriate value constraints based on their comprehensive understanding of clinical
trial protocols and ADaM specifications.

3.2.2 Structure Optimization

This enhancement step aimsis to reorganize the schema based on the specific ADaM data structure (ADSL, BDS,
OCCDS) to make relationships explicit and would be catch by the LLM.

Different ADaM dataset types adhere to distinct structural patterns. Table [2] summarizes these structures and the
corresponding enhancement strategies.

Table 2: ADaM Dataset Structure and Relationship Organization

Dataset Type Structure Enhancement Approach

ADSL One Record Per Subject Ensure subject-level integrity (one record per USUBIJID).
Maintain hierarchical relationships between key identi-
fiers (USUBIJID, STUDYID, SITEID). Align treatment
variables (TRTO1P, TRTO1A) and clearly structure demo-
graphic/baseline covariates (AGE, SEX, RACE).

BDS One Record Per Parameter Per Visit  Align PARAMCD with AVAL, BASE, CHG, and other
related variables within each parameter and visit. Ensure
each parameter has a clear mapping to corresponding
analysis variables.

OCCDS One Record Per Occurrence Preserve event-based relationships, ensuring each record
represents a distinct occurrence (e.g., adverse events, con-
comitant medications). Clarify relationships between
variables like AEDECOD, AESTDY, AEENDY, and sever-
ity gradings.

Example: ADSL Schema Enhancement Problem: The corresponding variables for the same subject might be
treated as individual variables, such as the subject identifierUSUBJID and STUDY, the USUBJID always contains the info
from STUDY.

"Variables": {

"USUBJID": { "Label": "Unique Subject Identifier", "Type": "Char", "Length": 1,
"SITEID": { "Label": "Site Identifier", "Type": "Char", "Length": 1,
"TRTO1P": { "Label": "Planned Treatment", "Type": "Char", "Length": }
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{
"Dataset": "ADSL",
"Structure": "ONE_RECORD_PER_SUBJECT",
"Key Variables": ["USUBJID", "STUDYID"],
"Variables": [
{ "Name": "USUBJID", "Label": "Unique Subject Identifier", "Type": "Char", "Length": 20 },
{ "Name": "SITEID", "Label": "Site Identifier", "Type": "Char", "Length": 10 },
{ "Name": "TRTO®1P", "Label": "Planned Treatment", "Type": "Char", "Length": 20 }
]
}

Key Improvements in ADSL (Analysis Data Structure for Subjects):

o Explicitly defines the dataset structure as "ONE_RECORD_PER_SUBJECT". The quotes are crucial for representing
this as a string literal value. Using ensures a consistent, monospaced font, which is standard for representing code or
data values. Using ONE_RECORD_PER_SUBJECT describes the dataset structure more accurately.

e Ensures hierarchical relationships (e.g., between subject, visits, and events) are preserved and clearly defined within
the data structure. The original text was vague; this adds crucial context.

Example: BDS (Basic Data Structure) Schema Enhancement Problem: PARAMCD is a list of codes, but there is no
explicit mapping between a PARAMCD and the corresponding AVAL, BASE, CHG. The LLM cannot understand how each
PARAMCD relates to different values.

"PARAMCD": { "Values": ["SYSBP", "DIABP"], "Label": "Parameter Code" }
"AVAL": { "Label": "Analysis Value", "Type": "Num" },
"BASE": { "Label": "Baseline Value", "Type": "Num" }

}

{
"Dataset": "BDS",
"Structure": "ONE_RECORD_PER_SUBJECT_PER_PARAMETER_PER_VISIT",
"Parameters": [
{
"PARAMCD": "SYSBP",
"PARAM": "Systolic Blood Pressure",
"Analysis Variables": [
{ "Name": "AVAL", "Label": "Analysis Value", "Type": "Num" }
{ "Name": "BASE", "Label": "Baseline Value", "Type": "Num" }
{ "Name": "CHG", "Label": "Change from Baseline", "Type": "Num" }
]
1,
{
"PARAMCD": "DIABP",
"PARAM": "Diastolic Blood Pressure",
"Analysis Variables": [
{ "Name": "AVAL", "Label": "Analysis Value", "Type": "Num" }
{ "Name": "BASE", "Label": "Baseline Value", "Type": "Num" }
{ "Name": "CHG", "Label": "Change from Baseline", "Type": "Num" }
]
}
1
}

Key Improvements in BDS (Basic Data Structure):

e Ensures that each PARAMCD has a clear and unambiguous mapping to its corresponding variables (e.g., PARAM, AVAL,
AVALC). This improves data traceability and understandability. Adding specific examples of related variables is
crucial for clarity.
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e Adheres to the BDS standard structure of "ONE_RECORD_PER_SUBJECT_PER_PARAMETER_PER_VISIT". This
ensures consistency and facilitates data integration. The use of quotes is important here, indicating a specific data
structure string.

o Facilitates structured synthetic data generation by providing a well-defined schema. This is essential for testing and
development purposes. Improved wording for clarity and conciseness.

Example: OCCDS (Occurrence Data Structure) Schema Enhancement Problem: The original schema did not
show the occurrence relationship between the occurrence variables.

"AEDECOD": { "Label": "Adverse Event", "Type": "Char", "Length": },
"AESTDY": { "Label": "Start Day", "Type": "Num" },
"AEENDY": { "Label": "End Day", "Type": "Num" }

"Dataset": "OCCDS",
"Structure": "ONE_RECORD_PER_SUBJECT_PER_OCCURRENCE",
"Occurrence Variables": [
{ "Name": "AEDECOD", "Label": "Adverse Event", "Type": "Char", "Length": 1,
{ "Name": "AESTDY", "Label": "Start Day", "Type": "Num" },
{ "Name": "AEENDY", "Label": "End Day", "Type": "Num" },
{ "Name": "AESER", "Label": "Serious Event Flag", "Type": "Char", "Allowed Values": ["Y", "N"] }
]
}

Key Improvement in OCCDS (Occurrence Data Structure):

e Explicitly states the dataset follows a "ONE_RECORD_PER_SUBJECT_PER_OCCURRENCE" structure. This clearly
defines the granularity of the data. The use of quotes and is essential for representing this as a string literal.

e Ensures each event (e.g., Adverse Event - AE) is stored as a separate row. This facilitates data analysis and reporting.
Added "e.g., Adverse Event - AE" for clarification. Using the unabbreviated and abbreviation provides better clarity.

3.2.3 LLM’s Role in Reorganization
The Large Language Model (LLM) assists by:

e Converting unstructured JSON data into the new, standardized format based on predefined templates. This ensures
consistency and reduces manual effort.

o Extracting and populating missing metadata, including standard derivations such as CHG (Change from Baseline) and
BASE (Baseline Value). Providing specific examples of the metadata (CHG, BASE) with clear explanations greatly
improves clarity.

e Applying naming consistency across variables, ensuring adherence to established naming conventions. This is crucial
for data quality and interoperability. Adding context about *why* naming consistency is important.

3.3 Synthetic Data Generation

The enhanced JSON schema serves as the blueprint for generating synthetic data. We utilize the Python Faker library,
employing two complementary approaches:

1. Direct Faker Code Generation: The JSON schema is automatically translated into Python code that directly
calls Faker functions to generate data for each variable. This is suitable for simpler ADaM structures.

2. Template-Based Code Generation: For more complex ADaM datasets (e.g., BDS, OCCDS), predefined
Python code templates are used. These templates are populated with variable-specific information from the
enhanced JSON schema, allowing for greater control over data generation and relationship preservation.
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Table 3: Comparison of ADaM Dataset Generation Methods

Aspect Direct JSON Spec Enhanced JSON Spec Template-Based
Knowledge Source Basic variable metadataonly Domain knowledge + LLM  Predefined templates + Do-
suggestions main rules

Structural Info
Variable Relationships
Dataset Integration

Scalability

Maintenance

Use Cases

Limited variable relation-
ships

Individual variable con-

straints

Independent generation

High
Simple updates

Simple datasets

Explicit ADaM structure

Cross-variable dependen-
cies

Knowledge
links

Medium

Requires knowledge base up-
dates

graph-based

Complex relationships

Built-in structural patterns
Pre-designed relationship
flows

ADSL-centered generation

Medium

Template updates needed

Production environments

3. Enhanced Schema-Based Generation: Use LLM’s ability to either add extra knowledge to the json spec, or

reorganize the json structure to insert relationship info to the spec json file.

Example Faker-Based Data Generation for ADSL

from faker import Faker

fake = Faker()

def generate_adsl (num_subjects):
data = []
for _ in range(num_subjects):

record = {
"STUDYID": fake.pystr(max_chars=8),
"USUBJID": fake.pystr(max_chars=20),
"AGE": fake.random_int(min=18, max=90),
"SEX": fake.random_element(elements=("M", "F
}
data.append(record)
return data

", U

4 Evaluation and Results

4.1 Evaluation Metrics Formalization

4.1.1 General Quality Score

The overall quality score combines three components:

Q=W1'DS+W2'SS+W3'RS

where wi + wy + w3 = 1 and:

e DS: Data Structure Score
* S§§: Subject-level Score

* RS: Relationship Score

ey
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4.1.2 ADSL-Specific Patterns

1. Record Uniqueness Score:
[unique(USUBJID 4cp)|

lunique(USUBJID,cq1)|

RUapstL =

T b}
DSL |V | ea gen

veVy
where V; = {AGE,SEX, RACE, ...} are demographic variables
3. Treatment Pattern Score:
[unique(TRTO01Pg,,) Nunique(TRTO1P,cqr)l
[unique(TRTO1P,cqr)|

TPapsL =

4.1.3 BDS-Specific Patterns
1. Parameter-Value Relationship Score:

1 |valid_pairs(pgen)|
PVBDS = — " p
|P| pzell: |valid_pairs(preat)|

where P is the set of PARAMCD values

2. Visit Pattern Score: . ..
|Visits(Sgen) N ViSits(Syear)

1
VPpps = —
. |S|; [visits (s ear)|

where S is the set of subjects
3. Analysis Variable Consistency:

1

AVpps = il

ceC
where C is the set of valid PARAMCD-VISIT combinations

4.1.4 OCCDS-Specific Patterns

1. Temporal Sequence Score:
{e € Egen : AESTDY, < AEENDY,}|
|Egen|

TSoccps =

where E,., is the set of events in generated data
2. Event Distribution Score:
EDoccps =1=JS(Preai(AEDECOD), Pgen (AEDECOD))
where JS is Jensen-Shannon divergence
3. Subject Event Pattern Score:

levents(sgen)|

1

1
SEoccps = 1o T .. .
|S| ; |events(srwl)|

4.1.5 Cross-Dataset Relationships

1. Subject Consistency Score:
| Naep USUBJIDY"|

SC = real
| Naep USUBJID¢¥|

where D is the set of all datasets

Z |Corr(AVALc,real’ CHGc,real) - Corr(AVALc,gem CHGc,gen)|

(@)

3)

“

(&)

(©)

(N

®)

€))

(10)

(11)
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2. Treatment Alignment Score:

1

TA=—
IS]

seS

where I is the indicator function

3. Visit Consistency Score:

Z I(TRTO1PAPSL = TRTO1PO"her)

|subjects(Vgen)|

1
VC = —
14 ‘;/ |subjects(vrear)|

where V is the set of all visits

4.1.6 Final Component Scores

1. Data Structure Score (DS):

DS =a1DSapsr + a2DSpps + asDSoccps

2. Subject-level Score (SS):

S§ = ,BISSdemo +ﬂZSSvisit +,33SSevent

3. Relationship Score (RS):

RS = y1RSyithin + Y2RScross + ¥3RStemporal

where all weight combinations («;, B;, y;) sum to 1.

4.2 Experimental Setup
4.2.1 Dataset Characteristics
Reference datasets:

¢ Phase III trial ADSL (n=500)
* Corresponding BDS datasets (ADVS, ADLB)
¢ Associated OCCDS dataset (ADAE)

4.2.2 Evaluation Metrics Details

Table 4: Detailed Evaluation Metrics

(12)

13)

(14)

15)

(16)

Category Specific Metrics Measurement Method

Structure Record count ratios Count matching records per structure type
Key variable presence Verify required variables exist
Format compliance Check data type and length requirements

Relationships ~ Value dependencies Correlation between related variables
Cross-dataset links USUBIJID consistency across datasets
Temporal patterns Visit sequence validity

Data Quality  Value distributions KS test for continuous variables

Category proportions

Missing patterns

Chi-square test for categorical variables

Compare missing data patterns

10
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4.3 Results

Table 5] presents a performance comparison across the three methods evaluated: Direct JSON, Enhanced JSON, and
Template-Based. We assessed performance using several metrics, including Data Structure Score, Subject-level Score,
and Relationship Score. An Overall Quality score was also calculated.

As shown in the table, the Template-Based method consistently outperforms both the Direct JSON and Enhanced JSON
methods across all metrics. The Template-Based approach achieved the highest Overall Quality score (0.70), followed
by Enhanced JSON (0.63) and then Direct JSON (0.45). Specifically, the Template-Based method shows significant
improvements in Data Structure Score (0.75), Subject-level score (0.70), and Relationship score(0.65) compared to
the other methods. The Enhanced JSON method shows moderate improvements over the Direct JSON approach in all
evaluated metrics.

Table 5: Performance Comparison Across Methods

Metric Direct JSON Enhanced JSON Template-Based
Data Structure Score 0.52 0.68 0.75
Subject-level Score 0.45 0.63 0.70
Relationship Score 0.38 0.58 0.65
Overall Quality 0.45 0.63 0.70

4.4 Detailed Analysis

4.4.1 Structure Preservation
¢ ADSL Structure:

— One-record-per-subject maintained: 98% (expected due to simple structure)
— Key variable completeness: 85-92%

¢ BDS Structure:

— Parameter-value pair validity: 65-75%
— Visit pattern consistency: 55-70%

¢ OCCDS Structure:

— Temporal sequence validity: 50-65%
— Event relationship preservation: 45-60%

4.4.2 Method-Specific Findings

1. Direct JSON Specification: - Strong in basic variable generation - Weak in maintaining relationships - Limited
complex structure preservation

2. Enhanced JSON Specification: - Improved relationship maintenance - Better handling of domain constraints -
Moderate structure preservation

3. Template-Based Generation: - Best structure preservation - Stronger relationship maintenance - More consistent
subject-level patterns

4.5 Comparison of Methods

Table[6] presents a comprehensive comparison of the three synthetic data generation approaches evaluated in this study.
Our analysis reveals distinct characteristics and capabilities across multiple dimensions, from basic functionality to
advanced features specific to ADaM dataset generation.

The comparison highlights several key distinctions:
* Knowledge Integration: While the Direct JSON approach relies solely on basic variable metadata, both

Enhanced JSON and Template-Based methods incorporate sophisticated domain knowledge, with the Template-
Based approach providing the most comprehensive integration through predefined patterns.

11
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Table 6: Comparison of Synthetic Data Generation Methods

Feature

Direct JSON

Enhanced JSON

Template-Based

Knowledge Source
Structural Info

Variable  Relation-

ships

Dataset Integration

Data Realism
Scalability

Maintenance

Use Cases

Basic variable metadata
only

Limited variable relation-
ships

Individual variable con-
straints

Independent generation

Moderate
High
Simple updates

Simple datasets

Domain knowledge +
LLM suggestions

Explicit ADaM structure

Cross-variable dependen-
cies

Knowledge graph-based
links

High
Medium

Requires knowledge base
updates

Complex relationships

Predefined templates +
Domain rules

Built-in structural pat-
terns

Pre-designed relationship
flows

ADSL-centered genera-
tion

Very High
Medium
Template updates needed

Production environments

* Structural Handling: Template-Based generation excels in maintaining ADaM-specific structures, particularly
for complex patterns in BDS and OCCDS datasets.
improvement over Direct JSON but may require additional validation steps.

» Dataset Integration: The Template-Based approach’s ADSL-centered generation strategy provides superior
cross-dataset consistency, while Enhanced JSON leverages knowledge graphs for relationship maintenance.

The Enhanced JSON approach shows significant

Direct JSON generation treats datasets independently, limiting relationship preservation.

* Practical Considerations: Each method presents distinct trade-offs between implementation complexity,
maintenance requirements, and scalability. The Direct JSON approach offers simplicity but limited capabilities,
while Template-Based generation provides comprehensive features at the cost of increased maintenance

overhead.

This comparative analysis informs our subsequent detailed evaluation of each method’s performance across specific

metrics and use cases.

4.6 Limitations

While our approach demonstrates significant improvements in synthetic ADaM data generation, several important

limitations warrant discussion:

1. Temporal Relationship Complexity:

 Current methods achieve only 50-65% accuracy in temporal sequence validation
* Complex event sequences, particularly in OCCDS datasets, show reduced consistency
* Handling of time-dependent variable relationships remains particularly challenging in BDS datasets

2. Cross-Dataset Consistency Challenges:

* Integration accuracy decreases notably as dataset complexity increases

* Subject-level consistency drops from 98% in ADSL to 70-75% in complex BDS relationships
* Maintaining treatment arm consistency across multiple datasets remains problematic

3. Rare Event Pattern Generation:

* Current templates struggle to realistically reproduce low-frequency events
* Risk of over- or under-representation of rare adverse events
* Limited ability to maintain proper distribution of uncommon demographic combinations
4. Flexibility vs. Constraint Trade-offs:

* Strict enforcement of ADaM rules can limit generation of edge cases

12
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» Template rigidity may restrict adaptation to novel study designs
* Balance between maintaining structure and allowing necessary variations remains challenging

These limitations suggest several promising directions for future research, particularly in improving temporal relationship
handling and rare event generation. Additionally, they highlight the need for careful consideration when applying these
methods in different clinical trial contexts.

5 Discussion

The results of our experimental evaluation demonstrate several key findings that warrant detailed discussion. Our
analysis reveals important insights into the effectiveness and limitations of different synthetic data generation approaches
for ADaM datasets.

5.1 Template-Based Superiority

The template-based approach demonstrated consistent superiority across all evaluation metrics, with particularly strong
performance in:

* Data structure maintenance (0.75 on our composite score)

* Subject-level pattern preservation (0.70)

* Cross-dataset relationship consistency (0.65)

This superior performance can be attributed to the structured nature of templates, which encode domain knowledge and
relationships explicitly rather than relying on implicit connections in the data model.

5.2 Structural Integrity Analysis

Our analysis revealed varying degrees of success in maintaining structural integrity across different ADaM dataset types:
* ADSL Structure: All methods maintained basic subject-level structure effectively (> 90%), with the
template-based approach achieving near-perfect preservation (98%)

* BDS Structure: Moderate success in maintaining parameter-value relationships (65-75%) and visit patterns
(55-70%)

* OCCDS Structure: More challenging, with temporal sequence validity ranging from 50-65% and event
relationship preservation at 45-60%

5.3 Performance Trade-offs

Each method presents distinct trade-offs that should be considered in implementation:

1. Direct JSON Approach:

* Advantages: Simple implementation, rapid deployment
 Limitations: Poor relationship preservation, limited structural complexity

2. Enhanced JSON Approach:

* Advantages: Improved relationship handling, better domain alignment
* Limitations: Increased implementation complexity, moderate scalability

3. Template-Based Approach:

* Advantages: Superior structure preservation, robust relationship handling
* Limitations: Higher initial setup cost, template maintenance overhead

5.4 Implementation Considerations

Several key factors emerged as critical for successful implementation:
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* Knowledge Integration: Domain-specific knowledge significantly improves data quality and relationship
preservation

* Structure Optimization: Careful attention to ADaM-specific structures is crucial for maintaining data
integrity

* Cross-Dataset Consistency: Template design must explicitly account for inter-dataset relationships

6 Conclusion and Future Work

This paper has presented a comprehensive pipeline for generating synthetic CDISC ADaM datasets, successfully
addressing key challenges in maintaining structural integrity and variable relationships. Our methodology introduces
novel approaches to schema enhancement and template-based generation, resulting in significantly improved synthetic
data quality.

6.1 Key Contributions

Our work has made several significant contributions to the field:

1. Development of a scalable pipeline for synthetic ADaM data generation incorporating domain knowledge and
structural optimization

2. Introduction of novel metrics for evaluating synthetic clinical data quality, providing a comprehensive framework
for assessment

3. Implementation of template-based generation strategies capable of handling complex data structures and
relationships

4. Empirical validation of the superiority of template-based approaches for maintaining data integrity

6.2 Future Research Directions

Several promising areas for future research have emerged from this work:

1. Template Automation: Development of automated methods for template creation and validation for new
ADaM structures

2. Temporal Relationships: Enhancement of temporal pattern preservation in complex longitudinal data
3. Rare Event Patterns: Improved methods for generating and validating rare event sequences

4. Cross-Dataset Validation: Development of more sophisticated methods for ensuring consistency across
multiple related datasets

6.3 Practical Implications

The proposed pipeline provides a robust foundation for generating synthetic clinical trial data that maintains both
structural integrity and realistic relationships. This advancement enables:

 Earlier commencement of software development and testing in clinical research
* Improved validation of statistical analysis programs
* Enhanced training capabilities for clinical data analysts

* Better support for privacy-preserving data sharing initiatives

The methodologies and findings presented in this paper represent a significant step forward in synthetic clinical data
generation and highlight important areas for continued research and development in this critical field.
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