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Abstract

In medical research, data scarcity and missing information are prevalent, posing significant
challenges for statistical analysis. These issues often stem from the high cost of collecting
comprehensive patient datasets, the complexity of measuring specific variables, privacy concerns,
or varying levels of patient adherence.

This work addresses these challenges by developing statistical methods for data imputation and
synthetic data generation using mixtures of distributions. Our motivation originates from a case
study at the University Hospital of Bern, for which we have made the data publicly available [3].
The goal was to predict the 10-year risk of cardiovascular disease when some clinical inputs of
the risk calculator were systematically missing. Our method involved probabilistically imputing
the missing variables and propagating the resulting uncertainty into the risk calculator.

Formally, the aim of systematic imputation is to sample from the conditional distribution of
a random vector Y € R? given observations of X € RP, based on existing samples of (X,Y).
We propose a generative approach which consists in estimating the joint density f(x,y) using a
parametric probability density function and sampling from the conditional distribution f(y|x)
through analytical formulas.

For this purpose, our work [1] introduces families of multivariate distributions stable by condi-
tioning, including multivariate Gaussian, Student ¢, and skew normal distributions, but exclud-
ing, for example, multivariate q-Exponential distributions. We demonstrate that stability by
conditioning of a family of trans-dimensional probability distributions can be extended to finite
mixtures and marginal transformations.

This extends the applicability of analytical conditioning across a broader range of multivariate
distributions. We developed an algorithm for conditional sampling using implicit copulas and
latent spaces (see Figure .

While our initial study used Gaussian copulas |5], more complex dependence structures like the
Gaussian Mixture copula model (GMCM) were employed to capture multi-modalities and tail
dependencies in our latest work [1].

These generative approaches, based on copulas, can be applied for synthetic tabular data gener-
ation. They produce realistic synthetic data points and are competitive with machine learning
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Figure 1: Workflow of the conditioning algorithm on a 2-dimensional example.

methods in moderate dimensions . Evaluating data quality is crucial, yet there’s no consen-
sus on the best metrics. Therefore, we utilized a variety of existing metrics and introduced
additional ones tailored to assess the statistical utility and privacy specific to our problem.

Finally, addressing complex scenarios where single generators fail to capture multi-modalities,
we developed an iterative procedure inspired by the Expectation-Maximization framework to
combine mixtures of diverse generators, each specializing in different data space regions [4].
We showed empirically that our approach produces high-quality synthetic data and we provide
theoretical guarantees by establishing convergence rates of the mixture distribution.
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