Chapter 13

Feature importance in causal inference for
numerical and categorical variables
Bram Minnaert

Abstract Predicting whether A causes B (write A ! B ) or B causes A from samples (X, Y) is a challenging task. Several methods have already been proposed when
both A and B are numerical. However, when A and/or B are categorical, few studies
have already been performed.
This paper aims to learn the causal direction between two variables by fitting the
regressions of X on Y and Y on X with machine learning algorithm and giving preference to the direction that yields a better fit.
This paper will investigate which features are the most important when A/B is numerical/categorical. Via an ensemble method, it finds that the features that are important heavily depend on the different combination of numerical/categorical.
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13.1 Introduction
Consider the following problem: we have a set of observations of (A, B) pairs. Without any context, can we give an estimate of the causal relationship between A and
B? It is possible that A causes B (A ! B), that B causes A (B ! A), that they are
independent (A | B) or that they have a common cause (C ! A and C ! B).

Recent years a number of very promising methods have been proposed to predict
causal relationships [Janzing et al., 2012, Hoyer et al., 2009, Shimizu et al., 2006,
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Zhang and Hyvärinen, 2010, Daniušis et al., 2010, Mooij et al., 2010]. Most studies
in the field of causal discovery require A and B to be numerical. This paper will
concentrate on the differences between numerical and categorical data.
This paper will define some features and via machine learning techniques it will
investigate the importances of these features and estimate the probability that A
causes B:
P(A ! B) 2 [0, 1].

(13.1)

Section 13.2 will describe the model on a high level. Section 13.3 will zoom in
on the different submodels. In section 13.4 we look at the results of the model and
we will focus on the importances of the features. We will focus on the differences
between numerical and categorical data since only few studies have already been
performed on categorical data [Sun et al., 2006]. At last, we will draw conclusions
in section 13.5.

13.2 Model description
Figure 13.1 shows the architecture of the model.
After some preprocessing steps, such as data normalisation, a list of features is
extracted for every A B pair, for example the correlation coefficient. The preprocessing step and feature extraction is performed on a large number of A B pairs,
which were provided in a training set. Because we know the correct solution for
these A B pairs in the training set (the solution in the causal relationship, for example: A ! B), we can apply supervised learning methods. Via the ensemble method
Random Forest a large collection of classification trees is generated for the training
set (features ! causal relationship). After training we can use this trained model to
predict new A B pairs with unknown causal relationship.

Fig. 13.1: Overview of the causal inference model
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The model has been developed in Python and makes uses of the libraries Numpy,
Pandas and SciPy [Jones et al., 2001–]. The figures in this paper have been made
using matplotlib [Hunter, 2007].
In order to make this study replicable, the code has been made available on the
following url: https://github.com/braincomic/CauseEffectChallenge

13.3 Model steps
13.3.1 Preprocessing
The following preprocessing steps are executed.
• Data normalisation if numerical (feature scaling). This is common in data processing. The range of A/B values can vary widely. Suppose that we would like
to calculate the distances between two points. If we don’t perform normalisation, this distance will be large if ranges of values are large and small if ranges
of values are small.
• Reordering the categories from 0 to n if A/B is categorical in such a way that
E(B|A) is increasing in A. Figure 13.2 show examples. This will enable the
numerical features to perform better on categorical data.

Fig. 13.2: Reordering of categorical values. The figures in the second row are the
reordered versions of the corresponding figures of the first row.
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We have not performed outlier removal as preprocessing step because outliers
can give an indication of a causal relationship.

13.3.2 Features
In this step we extract 211 features. We will not describe the full list. Instead, we
will describe groupings.
1. Number of samples: number of samples in the data set, number of unique samples, difference of unique samples A versus B, fraction of unique samples.
These features serve mainly as control, we don’t expect these features to matter.
2. Basic statistics: median, minimum, maximum, range, percentiles, skewness,
curtosis and minimal precision.
3. Correlation: Pearson product-moment correlation coefficient, Spearman’s rank
correlation coefficient.
4. Polynomial regressions, as described in Hoyer et al. [2009], ranging from degree 1 (linear regression) to degree 4. One feature will determine the best degree
itself by splitting the sample into a training and test set, up to degree 9. Examples are shown in figure 13.3.
5. Logistic regression.
6. Moving average: quality of the moving average function
7. Uniformity and Normality.
8. Remainder test: first a regression is made (for example, regression with degree
4) and then the difference is made of the noisy data with the regression. The
resulting distribution is tested for uniformity and normality.
9. Inversibility test: specific test to check if some polynomial regression is inversible or not.
10. Outlier detection.
11. Information theory features: Shannon entropy, conditional entropy, mutual information, homogeneity, completeness, v-measure and information gain. This is
all calculated after binning. For each feature we used either fixed width or fixed
frequency discretisation. We choose the method that obtained the best results
on the training set. This also determined the number of bins.
12. IGCI: Information Geometric Causal Inference, both the entropy based and the
integral-approximation based estimator, both for uniform and gaussian noice
[Janzing et al., 2012].
13. Clustering: quality of vector quantisation using k-means clustering.
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Fig. 13.3: In these figures the variable is the cause of the Y variable. We expect
better regressions Y=f(X), the green line, compared to regressions X=f(Y), the red
line. These figures are cherry picked to make the idea more clear, it is not always
this obvious, unfortunately.

13.3.3 Random forest
We make use of a random forest regression [Breiman, 2001]. This is an ensemble
learning method that creates many classification trees when training the model.
Instead of using a random forest, we also tried gradient boosting [Friedman,
2000, 2002].
Even though gradient boosting scores slightly better than random forest in a comparison of 11 binary classification methods [Caruana and Niculescu-Mizil, 2006],
random forest obtained better scores in the training set predictions, so we used random forest.
The training also showed that a random forest regression performed better than a
random forest classification.
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13.3.3.1 Training
We train the features using a random forest regression. In a random forest a number
of features is randomly selected to train a classification tree. The training of this tree
is not done on the entire training set, but only a random sample. This is done many
time, so a lot of classification trees are generated, which we call a forest.
We do not only perform this training on the entire training set, but we train it on
several subsets:
•
•
•
•
•

Full training set.
Numerical ! Numerical.
Categorical ! Categorical.
Categorical ! Numerical.
Numerical ! Categorical.
In these subsets, binary variables are treated as Categorical.

13.3.3.2 Predicting
In the previous step we have trained our model via the ensemble method random
forest, resulting into many classification trees. Now we can use this trained model to
make predictions on new A B pairs. In the previous step we have not trained one
model, we have trained five models. In order to predict a new A B pair, we need to
take the weighted average of different predictions of different trained models.
1. Predict with the model trained with the full training set. We call this function
Predfull (A, B)

(13.2)

2. Predict with the model trained with the specific training set for these types. We
use TA as the type of A (Numerical or Categorical) and TB the type of B. For
example, PredCategorical,Numerical .
PredTA ,TB (A, B)
with TA , TB 2 {"Numerical", "Categorical"}

(13.3)
(13.4)

3. Take the weighted average of these 2 predictions. As we will see in section 13.4,
some models based on the specific training sets (types) achieve much better
scores than others. Therefore the better models are given an extra benefit via a
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weight factor W that depend on the type of A and B. Normalisation is added:
worst possible score is 0, best is 1.

P(A ! B) =

Wfull,TA ,TB Predfull (A, B) +Wspec,TA ,TB PredTA ,TB (A, B)
MAX(Wfull,TA ,TB +Wspec,TA ,TB )

(13.5)

If we would like to predict a ternary truth value T (A, B) indicating whether A is
a cause of B (+1), B is a cause of A (-1), or neither (0), we simply take the following
difference.
T (A, B) = P(A ! B)

P(B ! A)

(13.6)

13.4 Results
13.4.1 AUC score
We use the AUC (Area Under the ROC curve) as evaluation metric. The predictions
of the full model are evaluated against a test set of 4050 A-B pairs. When we evaluate the ternary truth value T we use the average of the two AUC score related to
P(A ! B) and P(B ! A)
The following table summarizes the results. In the ChaLearn cause-effect pair challenge, hosted by Kaggle[et al, 2014], this AUC score resulted in the 5th place from
267 competitors.
subset

AUC score

Num ! Num

0.818*

Cat ! Num

0.690*

Cat ! Cat

0.571*

Num ! Cat

0.608*

TOTAL

0.788

*As the detailed final results of the ChaLearn cause-effect pair challenge, hosted
by Kaggle[et al, 2014], has not yet been published, these lines contains the results
on the cross validation set instead of the final test set. The total score on the other
hand is based on the test set.
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We seem to have have achieved the best job in predicting Numerical ! Numerical.
Categorical ! Categorical on the other hand didn’t work out well.

13.4.2 Feature importances
Random forest regressions come with a very handy scoring of the features: the variable importance. For every feature we have calculated the sum of the variable importances and we have listed them in figure 13.4.
Some features aways perform badly:
• Logistic regression, even on the categorical data.
• Moving average
• Outlier detection. It seems we should have performed outlier removal in the
preprocessing steps, or at least treated them separately.
• IGCI
• Clustering

Fig. 13.4: Importances of feature categories in the different submodels in sum of the
percentages of the features in this category.

13.4.2.1 Numerical ! Numerical feature importance
Numerical to numerical is totally ruled by the polynomial regression features. The
most important features are listed below.
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• The most important feature is the R2 value of a polynomial regression with
variable degree. The degree is determined by splitting the data set into a training
set to find the best polynomial regression and a cross-validation set to measure
the quality of the regression. It’s feature importance is 75.1%.
• The degree of this polynomial has feature importance 9.9%.
Interpretation: if A causes B, then the regression B = f1 (A) + e1 will have a
higher quality (better R2 ) and will be simpler (lower degree) than the regression
A = f2 (B) + e2 .

13.4.2.2 Categorical ! Categorical feature importance
• Surprisingly the polynomial regressions do very well on categorical data. When
we introduced reordering categories as described in section 13.3.1, the variable
importance of these features raised dramatically. All polynomial features sum
up to 47.1%.
• Several features of information theory score pretty well. The best are the mutual
information and correlated entropy, defined as the mutual information divised
by the Shannon entropy. The corresponding feature importances are 12.6% and
7.5%.

13.4.2.3 Categorical ! Numerical feature importance
• The features of information theory score very high. The best are the mutual
information and the v-measure, having importances of 49.3% and 23.8%

13.4.2.4 Numerical ! Categorical feature importance
• The polynomial regressions again have the highest importance, summing to
52.1%.
• From information theory, the mutual information has 9.1% importance.

13.5 Conclusion
When predicting causal relationships, the category of features that gives the most
information heavily depends on the type of the variables: numerical or categorical.
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Thanks to category reordering the numerical features are still important to categorical data. The following table summarizes the most important categories of features.
subset
Num ! Num
Cat ! Cat

Most important feature categories
Polynomial regression
Polynomial regression, information theory

Cat ! Num

Information theory

Num ! Cat Polynomial regression, information theory
TOTAL

Polynomial regression
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