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Disclaimer

The views expressed in this presentation are our personal opinions and not 

those of Boehringer Ingelheim Pharmaceuticals, Inc.
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• 1. Introduction

• 2. Data processing

• 3. Innovative programming methods in meta-analysis

Outline
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– A lot of pieces of clinical trial data, reuse them is hot topic

• Artificial Intelligence, Machine learning, Big Data…..

Introduction



• Answer new questions

i. Identify right patient populations that have fast disease progression

ii. Identify demographic and disease characteristics that related to disease 

progression/clinical endpoint events

iii. Explore the correlation between disease progression and occurrence of clinical 

endpoints

iv. …

• To pool multiple projects/indications as one analysis database

• Covariates: special factors of study interest (ADEFF1, ADEFF2),  co-morbidities and 

baseline characteristics (e.g., age, gender, BMI)
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How secondary use of data helps?
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Disease Prognosis

Low risk

Moderate risk

High risk

Very high risk

Unknown and 
under-studied but 
potentially 
benefitting 
population

Traditional 

study 

population



Data Processing

Hong Wang



Pooling database
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Master Database Project 3 

Project 1

Project 2

Project …

Project n

Trial 1

Trial 2

Trial m

Trial 3

Trial …

Trial 4



– To Harmonize at source data level (build master project database)

• Pro: first hand information, no black area, can get any kind of analysis dataset

• Con: take more time to harmonize if they are not in SDTM format (for 

example, in legacy format), or projects/trials included are spanned many 

years (e.g., over 20 years); some data issue is hard to know/take care

Suggestion: same format/type of source data
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Different ways to create master project analysis datasets

Source 1 Source 2 Source x Source y

Pooled Master Source data

Master Analysis Data Set

…...



– Harmonize at original Analysis Data Set (ADS) level

• Pro: easy to use, a lot of info has been taken care, make programing easier 

• Con: no complete information for analysis purpose, especially not in ADaM

(no traceability)

Suggestion: All info needs could be derived from original ADS, same derivation 

rule (e.g.  All imputed using LOCF)
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Different ways to create master project analysis datasets

ADS 1 ADS 2 ADS x ADS y

Pool original ADS data

Master Analysis Data Set

…...



– Part from ADS, part from source data, harmonize at master project ADS level 

• Use original projects/trials ADS datasets as much as possible—some messy data has 

been taken care (e.g. ADSL)

• If can not get from original projects/trials ADS, then go to raw (as collected) data to 

derive (e.g. endpoint using different derivation rule)

Suggestion: lots trials/projects in different data structure; same variable name may reflect 

different concept; some projects have paper based CRF not through EDC; 
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Different ways to create master project analysis datasets

Source/ADS 1

Master Analysis Data Set

…... Source/ADS ySource/ADS xSource/ADS 2

There is no One-Method-Fits-All solution



1. Master project team does all the pooling and derivation
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Different programming resources to create datasets

Project1 Project2 Project n-1 Project n 

Master Project team does all the pooling 

and derivation based on project needs

…………………

Sending original 

dataset (source/ads)



2.     Individual project programmer does derivation
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Different programming resources to create datasets:

Project1 Project2 Project n-1 Project n 

Master Project team does simple pooling 

and derivation

…………………

Derived 

datasets

Derived 

datasets

Derived 

datasets
Derived 

datasets

Based on master project 

needs, each individual 

project team derives all 

needed variables using 

the master specification
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Challenge to Create Analysis Datasets

ADEX

ADSL

ADEFF2

ADCT

ADEFF1

ADEFF3

ADTTE
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Challenge to Create Analysis Datasets

ADEX

• Actual treatment period, ignore 

short wrong medication period;

• Need to specifically take care of 

cross over, extension trials

• Only include patients needed ( eg. 

right population)

ADSL

ADEFF2

ADCT

ADEFF1

ADEFF3

ADTTE
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Challenge to Create Analysis Datasets

• Demographic

• Baseline characteristics

• Concomitant medications

• Co-morbidities

Some projects collected tick box 

instead of MedDRA term, clinical 

experts mapped diagnosis to 

current disease category

MedDRA/SMQ version

ADEX

ADSL

ADEFF2

ADCT

ADEFF1

ADEFF3

ADTTE
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Challenge to Create Analysis Datasets

ADEX

ADSL

ADEFF2

ADCT

ADEFF1

ADEFF3

ADTTE

• Different trials had different way to 

get event/censor date, challenges:

• Adjudicated events until 

primary analysis and then no 

adjudication any more

• Extension trial

• ………
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Analysis Dataset

ADEX

ADSL

ADEFF2

ADCT

ADEFF1

ADEFF3

ADTTE

• Different trials collected value in different 

formula, need to convert them based on 

the unique formula (e.g. BSA, EGFR).

ADEFF1



Innovative programming 

methods in meta-analysis
Hao Meng



• Data preparation and overview
– ADS creation and cleaning (R haven, HPMIXED)

• Longitudinal Analysis
– Linear mixed model (LMM/MMRM)

– Generalized additive mixed model (GAMM) 

– Variable selection (glmmLasso)

– Latent class mixed model (LCMM)

• Time-to-event Analysis
– Kaplan-Meier curve

– Cox model with time-dependent variable

Statistical models and programming functions

Analysis data

Find final linear model

Find final Cox’s model

Predict survival curve
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Analysis data

Find final linear model

Find final Cox’s model

Predict survival curve
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• Use model based method to remove 

outlier (PROC HPMIXED vs. hlme)

Data preparation and overview

• SAS to R data conversion (haven/foreign)

• Scatter matrix plot to see data trend 

(corrplot/PerformanceAnalytics)
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SAS vs. R



• Data preparation and overview 
– ADS creation and cleaning (R haven, HPMIXED)

• Longitudinal Analysis
– Linear mixed model (LMM/MMRM)

– Generalized additive mixed model (GAMM) 

– Variable selection (glmmLasso)

– Latent class mixed model (LCMM)

• Time-to-event Analysis
– Kaplan-Meier curve

– Cox model with time-dependent variable

Statistical models and programming functions
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Analysis data

Find final linear model

Find final Cox’s model

Predict survival curve



Explore ADEFF1 with LCMM
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Heterogeneity due to different study scenario, study design and duration of the trial etc.

To find subgroup patients with the same time trend of ADEFF1 or ADEFF2.

N 21527 588 714 283

Age (year) 69 57 62 65

Baseline ADEFF1 73 98 87 83

Baseline ADEFF2 5 5 4 6

….

Identify demographic and disease characteristics that related to disease 

progression/clinical endpoint events
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Explore Time Dependent Variable in Cox’s model

Challenge

- To include time dependent covariates in Cox’s model, it requires analysis data structure to reflect the 

value changes along the time (e.g., creatinine at different visits)
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‘survival’  package in R:



Explore Time Dependent Variable in Cox’s model

Before grouping to intervals

After grouping
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…
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63911*1291 = 82,509,101 rows

Before grouping to intervals

After grouping

Data size: 99.6% reduced

Computation capacity: from can’t to can based on the 

same computing memory level 

Explore Time Dependent Variable in Cox’s model
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Explore Time Dependent Variable in Cox’s model

Result

Before grouping to intervals

After grouping

Explore the correlation between disease progression and occurrence 

of clinical endpoints



Adjusted survival for all cause death

• Cox model includes selected covariates
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Low risk

Moderate risk

High risk

Very high risk
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Stay Compliant

While bridging data to solution…

https://www.pinterest.com/pin/64457838386560598/

https://freebeacon.com/issues/several-killed-foot-bridge-collapses-florida-university/
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Stay Compliant

• Evaluate the objectives of the secondary use of data

• Grant access to limited team members only

• Risk assessment on extended data usage

• Consult with legal and compliance department

• Stay in line with the laws



Questions?


