
Classification with missing values

Supervision:
• Marine Le Morvan, Parietal, Inria (marine.le-morvan@inria.fr)

• Gaël Varoquaux, Parietal, Inria (gael.varoquaux@inria.fr)

Context In applications –health, business, social sciences, . . . – the pervasiveness of missing values hinder the
use of machine learning. Electronic Health records are typically plagued with missing values. The reasons are
multiple: two patients rarely undergo the exact same series of exams, doctors do not always have time to record the
information, . . . Surveys are also subject to missingness issues, due to non-responses.

Since the 70s, an abundant literature on missing data has flourished. This literature has been mostly focused on
statistical estimation of model parameters and their variances in the presence of missing values, as well as imputation
techniques. Imputation is the task of filling in the missing entries with their most probable values. However, missing
values in a supervised-learning setting has been less studied. It calls for different tradeoffs. Good imputation prior to
learning is neither necessary nor sufficient for good learning [1]. Informative missingness (Missing Not At Random) is
particularly challenging.

Building learning models that can directly handle samples with missing values is a challenging task, because the inputs
are represented by varying subsets of input variables. A few recent works have provided results for linear regression
with missing values. In particular, [3] has shown that a one hidden layer feedforward neural network, fed with the data
imputed by 0 and the missingness indicator, can achieve optimal performances given 2d hidden units, where d is the
dimension. What’s more, [2] has introduced a theoretically grounded neural network architecture, with a new kind of
non-linearities, that can also achieve optimal performances but with much less parameters, and which is robust to the
missing data mechanism including Missing Not At Random cases.

Methods In this internship, you will explore the problem of classification in the presence of missing values. Similarly
to what has been done previously in the context of regression, the goal is to characterize the form of optimal predictors,
and think about a way to approximate it efficiently using a model that can be optimized in a differentiable way. Special
attention will be paid to cases where the missingness is informative.

Environment The internship will take place in Inria Saclay, in the Parietal team. This is a large team focused on
mathematical methods for statistical modeling of brain function and health, developing core software tools such as
scikit-learn. The internship will be set in the DirtyData project.

Requirements
• Strong mathematical background.

• Good programming skills in Python. Knowledge of a deep-learning library is a plus.
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