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ABSTRACT: Rare disease clinical trials face
formidable challenges, including limited patient
populations, data scarcity, regulatory hurdles,
and difficulty in defining meaningful endpoints.
These “catch-22" scenarios often slow progress
and hinder drug development. This presentation
explores how artificial intelligence (Al) and
machine learning (ML), implemented using
open-source tools in R and Python, can help
overcome these barriers across the clinical trial
lifecycle. We highlight practical applications,
theoretical foundations, and future directions,
with a focus on open-source clinical NLP and
cancer Al models that enhance data utility and
trial efficiency.



DISCLAIMER

This presentation is intended solely for
informational purposes and should not
be interpreted as professional advice or
guidance. The views and opinions
expressed are those of the presenter
and do not necessarily represent the
views or policies of AstraZeneca.
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Operational

JIPatient Recruitment & Retention
JRegulatory & Compliance

1Site Management & Operations
JFunding & Budgeting
IStakeholder Engagement
Analytical

1Study Design & Protocol Development
IData Collection & Management
IStatistical & Analytical Challenges
ITechnology & Innovation
JReal-World Data (RWD) & Evidence
Generation




Challenge: Define the rare disease trial barrier.

Al/ML Approach: Describe the proposed solution.

Al/ML
Tools: Key R/Python libraries. SO LUTI 0 N
FRAMEWORK

Theory: Core algorithms and assumptions.

Praxis: Real-world adoption and limitations.

Future: Experimental ideas and integration
potential.




SMALL
SAMPLE SIZE
VS.

STATISTICAL
POWER

my  Challenge:

* Few eligible patients make statistical significance difficult to
achieve.

e Al/ML Solutions:

* Patient finder algorithms (EHR mining)
* External control arms with ML

Open-Source Tools:

* pandas, scikit-learn (Python)
* Matchlt (R), causalml, statsmodels

Theory, Praxis, and Future

* Al/ML methods effectively boost statistical power and group
matching in rare disease trials.

* Digital twin modeling to simulate control arms or augment trial
populations

* Growing use in select trials, with cautious regulatory and industry
uptake.

* Emerging approaches include deep learning, multi-modal dataq,
and federated learning.




Challenge:

* Strict criteria exclude patients; looser criteria threaten rigor.

Al/ML Solutions:

* Eligibility optimization via ML

E LI G I B I L I TY * Adaptive inclusion modeling

CRITERIA VS.
FEASIBILITY « PyCaret (Python), mir (R)

* SimPy, custom simulation scripts

Theory, Praxis, and Future

* ML can optimize eligibility criteria, balancing scientific rigor
with patient inclusion in trials.

* Adoption is limited but growing, mainly in pilot studies and
feasibility analyses.

* Future advances could include adaptive, simulation-driven
eligibility and real-time updates during recruitment.




CLINICAL
ENDPOINTS

VS.

DISEASE
UNDERSTANDING

Challenge:

* Scarcity of established endpoints for rare diseases.

Al/ML Solutions:

* Biomarker and digital endpoint discovery
* Digital phenotyping via wearables

Open-Source Tools:

* scikit-learn, keras, PyTorch

* tsfresh, pyts, lifelines (time series/survival)

Theory, Praxis, and Future

* Al/ML enables discovery of novel endpoints where few exist,
addressing key gaps in rare disease trials.

* Adoption is early-stage; limited examples use wearables and
digital phenotyping.

* Digital twin simulations for endpoint validation and personalized
disease modeling

* Explore multi-modal data, federated learning, and adaptive
digital endpoints.




NATURAL
HISTORY
STUDIES VS.

URGENCY FOR
TREATMENT

Challenge:

* Delays in natural history studies slow access to therapy.

e Al/ML Solutions:

* Accelerated natural history modeling from RWD
* Al prediction of treatment effects
* Digital twin models to simulate untreated disease progression.

mme Open-Source Tools:

* lifelines, scikit-learn, Shiny (R dashboarding)

= 1 heory, Praxis, and Future

* Al/ML can robustly accelerate natural history modeling and
predict treatment effects by leveraging real-world data.

* Adoption is limited; a few studies use RWD and ML models, but
regulatory and data quality concerns persist.

* Potential includes real-time learning dashboards, synthetic
control arms, and Al-driven individualized outcome predictions.




STANDARD
OF CARE VS.
INNOVATION

Challenge:

* No established SOC blocks innovation and trial design.

Al/ML Solutions:

* Best-practice mining from global evidence
* Al clinical decision support

Open-Source Tools:

* networkx, spaCy, textacy

Theory, Praxis, and Future

* Al/ML can synthesize global evidence and optimize clinical
decisions where no SOC exists.

* Adoption is early; some text mining of clinical literature, but
limited integration into trial design.

* Digital twin-based scenario testing for protocol innovation.

* Explore dynamic best-practice recommendations and Al-driven
protocol design adapting to emerging data.




Al/ML IN
RARE
DISEASE

TRIALS: NOT
A PANACEA

Al/ML can help address some rare disease
research challenges (e.g., patient identification,
disease modeling, data automation).

In some cases, Al/ML can transform "impossible”
bottlenecks into more manageable, though still
challenging, problems.

Core limitations—small datasets, clinical
variability, and regulatory /ethical complexity—
often remain.

Al/ML may mitigate certain barriers, but cannot
fully overcome the toughest obstacles in rare
disease ftrials.



OPEN
SOURCE
CLINICAL

NLP
MODELS

NLP Model

*A machine learning model trained to understand human language.

In the clinical context, it can extract information from:
* Electronic health records (EHRS)

* Clinical notes and Discharge summaries
Radiology and Pathology reports

Clinical Focus

*These models are trained on medical terminology, clinical
abbreviations, and healthcare-specific language.

*Tasks they perform include:

- Named Entity Recognition (e.g., identifying diseases,
medications, procedures)

 Relation extraction (e.g., linking a medication to a diagnosis)
 De-identification (removing personal information)
» Text classification (e.g., categorizing patient notes)



OPEN SOURCE NLP TOOLS: RARE DISEASE APPLICATIONS (1/2)

LLM-Anonymizer Privacy & compliance (HIPAA)  De-identifies patient data using local
LLMs for secure sharing.

medSpaCy Lack of domain-specific NLP Customizable NLP for clinical notes (e.g.,
section detection, entity linking).

Apache cTAKES Extracting structured data from |dentifies diseases, symptoms, meds, and

clinical text procedures from narratives.
scispaCy Need for lightweight Fast, spaCy-compatible models for
biomedical NLP biomedical text in resource-limited
settings.
Stanza (Bio) Multilingual & syntactic analysis Biomedical models for parsing, NER, and

cross-lingual documentation.



OPEN SOURCE NLP TOOLS: RARE DISEASE APPLICATIONS (2/2)

Transformer-DelD High-accuracy de-identification Deep learning-based PHI (Protected
Health Information) redaction for safe
data use.

Philter Real-time de-identification Filters PHI in live /streaming text for

EHR or trial platforms.

BioSyn Terminology inconsistency Links synonyms to UMLS for better
normalization and interoperability.

BioClinicalBERT Understanding clinical language  Pretrained on clinical notes for cohort
selection, AE detection, etc.

Ascle (MedGen) Small datasets in rare diseases Generates synthetic medical text for
model training and augmentation.



An open source cancer Al model is an artificial
intelligence model that is:

Trained on cancer-related data (e.g., pathology O P E N

reports, imaging, genomics, clinical notes),
CANCER

Designed to assist in cancer detection, diagnosis,
prognosis, or treatment planning, and AI

Typically developed using a robust stack of open M O D E LS
source programming languages, libraries, and tools.

Released under an open source license, meaning it

can be freely used, modified, and shared.




OPEN CANCER Al MODELS -
IMAGING & PATHOLOGY

Radiology & Imaging Models
DeepLesion (NIH): Lesion tracking and progression monitoring.
MONAI: Standardized preprocessing pipelines across institutions.

RadlmageNet: Transfer learning for rare tumor imaging.

Pathology & Digital Pathology Models
CLAM: Weakly supervised learning for whole slide images (WSIs).

PathML: Custom pipelines for rare histologies.

Applications
Data harmonization, biomarker discovery, and rare cancer diagnosis.

Example: Federated learning using MONAI and RadlmageNet for
rare sarcoma detection.




OPEN CANCER Al MODELS -
GENOMICS & CLINICAL NLP

Genomics & Single-Cell Analysis Models:
scVI (Single-cell Variational Inference)
sCANVI (semi-supervised extension of scVI)

Clinical NLP Models

ClinicalBERT, BioBERT, GatorTron: Extract phenotypes,
mine literature, and stratify patients.

Applications
*Ildentify immune evasion signatures.

*Automate cohort selection and adverse event detection from
clinical notes.

Example: scVI retrained on rare glioma scRNA-seq data
reveals resistance pathways

]




OPEN CANCER Al MODELS - FRAMEWORKS &
MULTIMODAL MODELS

Multimodal & Vision-Language Models

%?

BioGPT: Biomedical text generation and understanding.

LLaVA-Med: Combines imaging and text for robust
predictions.

Frameworks & Toolkits

MONAI and PathML: Modular, reproducible Al pipelines for
oncology.

Applications

Sparse data integration, semantic search, and collaborative
model development.

Enable cross-institutional sharing and reproducibility in rare
cancer research.




OPEN CANCER Al MODELS

Discussion

Open-source Al models offer a scalable and collaborative approach
to addressing the challenges of rare oncology. Their modularity and
adaptability make them ideal for low-data environments. However,
clinical validation remains essential, and overfitting risks persist due
to small sample sizes.

—_—
- _

Limitations

e Many models require fine-tuning and validation in rare cancer
contexts.

e Some referenced models lack public availability or documentation.
e Data heterogeneity in rare cancers may limit generalizability.

Future Directions

* Release de-identified rare cancer datasets for benchmarking
(subject to data privacy or regulatory considerations ).

e Expand multimodal learning approaches.

* |nvolve patient advocacy groups in model development and
evaluation.
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OPERATIONALIZING Al: USE CASES AND
MARKET SOLUTIONS IN CLINICAL AND
STATISTICAL PROGRAMMING



Al USE CASES IN CLINICAL STATISTICAL PROGRAMMING

Use Case and Company Example Basic Functionality

Novartis Al flags data anomalies for review.

SDTM & ADaM Automation — IQVIA Al maps raw data to standard formats.

et er Rl By e LT (e | AN L R S e[ [T A generates and reviews outputs, reducing errors.
VSR e e L E T e e S (= VA= [l NP extracts insights and automates reporting.

Real-Time Data & Adaptive Trials — Pfizer Al monitors trial data, enabling real-time adjustments.

Code Review — Janssen (J&J) Al assists code quality and consistency



MARKETED Al SOLUTIONS FOR CLINICAL STATISTICAL PROGRAMMING

Provider/ Company Main Use Case/ Functionality

IQVIA Smart Data
Standardization & Mapping

SAS Intelligent Decisioning SAS Institute
Medidata AcORN Medidata

Gen Al for Clinical Docs Oracle Health Sciences

Smart Clinical Data Review Saama Technologies

IQVIA

Automated SDTM/ADaM mapping, data
cleaning, and transformation using Al/ML
models.

ML-driven automation for programming,
validation, and generation of TFLs.

Automated generation of TFLs using NLP and Al
from clinical datasets.

NLP-based drafting of narratives, medical
summaries, and automated authoring from
structured data.

Automated identification of data anomalies and
QC checks using Al-driven analytics.



MARKETED Al SOLUTIONS FOR CLINICAL STATISTICAL PROGRAMMING

Solution/Platform Provider/ CompanyMain Use Case/ Functionality

DataRobot MLOps for Al/ML workflow automation and monitoring for
DataRobot i . .
Pharma statistical and operational analytics models.

NLP-based information extraction, AE signal

S GE CE LA TLIEEL R B E G B L inguamatics (IQVIA) detection, and medical curation from clinical text.

Automated TFL generation, statistical report
Metrics Workbench Cytel templates, and QC/QM analytics enabled by Al
components.

TriNetX Advanced . Al/ML-based cohort analytics, real-world data
. TriNetX . :
Analytics transformation, and automated summaries
Al-driven data discrepancy detection and medical
Veeva Vault CDMS Al Veeva Systems review automation



Al, ML, and open-source tools can revolutionize rare
disease trials by solving data and operational issues.

Advanced analytics enable smarter study design and
patient selection, even with limited data.

Open-source NLP and Al models accelerate insights
from complex data.

CONCLUSION

Digital twins improve outcome simulation and trial
design, reducing control group size.

Adoption requires strong validation, regulatory
support, and attention to privacy.

Progress relies on community-driven development and
patient involvement for ethical deployment.
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APPENDIX — SAMPLE WORKFLOW

TITLE: Ensemble Modeling and Targeted Inference Pipeline for Outcome Analysis in Rare Diseases

Note: The author gratefully acknowledges Sarbesh Pandeya and Haodong Li, both affiliated with AstraZeneca Rare Disease, for
the underlying concept and selection of R packages utilized in the sample code. This sample workflow is intended for
informational purposes only.

# Load required libraries for modeling, preprocessing, and targeted learning

library(dplyr) # Data manipulation
library(caret) # Data partitioning and machine learning utilities
library(sl3) # Super Learner ensemble modeling

library(xgboost) # Extreme gradient boosting algorithm

library(earth) # Multivariate Adaptive Regression Splines (MARS)
library(glmnet) # Regularized regression (Lasso and Elastic-net)
library(sandwich) # Robust variance /covariance estimators

library(tmle) # Targeted Maximum Likelihood Estimation (TMLE)



APPENDIX

# Step 1: Data Processing
data_clean <- raw_data %>%
filter(lis.na(outcome)) %>% # Remove rows with missing outcome
mutate(across(where(is.character), as.factor))# Convert any character columns to factors
# Step 2: Data Splitting
set.seed(123) # Ensure reproducibility of the split
train_index <- createDataPartition(
data_clean$outcome, p = 0.8, list = FALSE ~ # Stratified split: 80% train, 20% test
)
train_data <- data_clean[train_index, ] # Training set
test_data <- data_clean[-train_index, ] # Test set
# Step 3: Super Learner Model Training
task <- make_sI3_Task(
data = train_data,

covariates = ¢("age", "sex", "biomarker1"), # Model predictors

outcome = "outcome" # Outcome variable



APPENDIX

# Define stack of base learners: XGBoost, MARS, and Elastic-net
learners <- Lrnr_stack$new(learners = list(
Lrnr_xgboost$new(),
Lrnr_earth$new(),
Lrnr_glmnet$new()
))
# Build Super Learner ensemble using stacked learners
sl <- Lrnr_sl$new(learners = learners)

sl_fit <- sl$train(task) # Train Super Learner on the task

# Step 4: ANCOVA Modeling

PS = sl_fit$predict{TESTDATA) # predict the prognostic score for the test data, using model trained from external /training
data

x <- model.matrix(~ age + sex + biomarker1 + PS, data = train_data) # Model matrix for covariates
y <- ’rrclin_dcl'rcl$ou’rcome # Outcome vector

qnglo;{gd_model <- cv.glmnet(x, y, alpha = 0.5) # Elastic-net regression (ANCOVA-like), alpha=0.5 blends Lasso
and Ridge



APPENDIX

# Step 5: Robust Variance Estimation
robust_se <- sqrt(

diag(vcovHC(ancova_model, type = "HC1"))  # Computes robust standard errors using
heteroskedasticity-consistent estimator

)
# Step 6: Targeted Learning Estimation
tmle_result <- tmle(
Y = train_data$outcome, # Outcome variable
A = train_data$treatment, # Treatment variable
W = train_data[, c("age"”, "sex", "biomarker1")], # Covariate matrix
family = "gaussian” # Specify outcome as continuous

)

summary(tmle_result) # Summarize TMLE estimates
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