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Topics

• Background: Concept Drift, Data generation
- Methodology: Architecture and Design
- Results

oReal data simulator
oDrift injector
oSynthetic Clinical data: Genes and Proteins

- To do



Concept Drift

• Change in the distribution of our data over time. 

• Very common problem when a model goes into 
production.

• Problem: Identify and deal with it



Data generation: Why simulate data?

• Real data is hard to share

• You rarely get "ground truth" drift

• Fair benchmarking needs control: to compare drift detectors/adaptation methods, you 
need datasets where you can control

• Reproducibility: synthetic generators allow exact re-runs, ablations, and sensitivity 
analyses

• Stress-testing models: simulate rare events, extreme imbalance, or feature shifts that are 
underrepresented in collected data

• Domain realism: generate biomedical-like tabular data (e.g., genes/proteins/clinical 
variables) while keeping interpretability and drift injection feasible.



Methodology: Architecture overview

• Unified framework to generate synthetic data 
from different modalities

• Two main layers: Generators and modifier layers

• Outputs: synthetic datasets + reports



Methodology: Real tabular data generator

• Input: Real tabular data previously curated

• Several simulators:
o TVAE, CTGAN, ...: Deep Learning Methods (sdv library)
o CART (Decision trees), Random Forest: ML Methods

• Fit on real data   Sample strategy

• Synthetic data: Report



Methodology: Stream and time-series data generator

• Input: None

• Several simulators:
o River: Python library to generate data.
o Some examples of generators: Agrawal, Hyperplane...

• One method to 'chunk' the data into several parts.

• Synthetic data: Report



Methodology: Clinic data generator – Genes+Proteins

• Specific data generator for proteins,genes and demographic 
information of a set of patients

• Can be used for testing models before using them in real 
high-dimensional data



Methodology: Drift injector

• Can be utilised while creating synthetic data.

• Time-related drifts: Abrupt, gradual, incremental, recurrent.

• You can change data from:

o One specific timepoint
o One specific chunk
o One specific index (row)

• Drifts according to:

o Some specific feature or set of features.
o Some specific conditions of a set of features
o The target variable (label drift)

• Reports: drifted dataset vs the original dataset



Methodology: Reports of the results

• Plots and statistics to visualise:

o Real data vs Synthetic data
o Data with Drift vs Data without Drift

• Comparison between two datasets using:
o SDV indicator: Comparison between distributions
o Weighted-SDV indicator: Penalising by duplicated 

rows

• Report in a html with all the information



Results: Real data generator – IRIS dataset

• Set-up parameters:

o Iris dataset as df input
o Deep Learning method: TVAE
o 200 rows simulated

• We can run a report of the comparison between 
real and synthetic dataset
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Results: Drift injector – IRIS dataset

• Set-up parameters:

o Synthetic Iris dataset as df input
o Drift on a specific column
o Abrupt drift
o New values = x+ (mean*magnitude)

• We can run a report of the comparison
between real  dataset vs the drifted dataset



Results: Drift Specific Report  – IRIS dataset

• Drift-Specific report:

o Columns affected type
o Drift type
o Magnitude of the drift=0.2

• Some statistics about divergence of 
previous vs new values:

o JS divergence
o KS test
o Cohen's d: Statistic on the 

difference of means
o % of the difference of means



Results: Clinic data generator – Genes+Proteins



Results: Clinic data generator – Genes+Proteins



To do

• Robust testing

• Bug fixing: Missing values, extreme imbalanced, 
small samples...

• Add more examples in the documentation

• Paper



Thank you! :-)
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