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Goal of Presentation: Target Encodings
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Get you familiar with a feature 
engineering* technique for categoricals
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Why Target Encodings are interesting?

Motivation (personal)
• Target Encoding appears in several submissions / discussions / kernels in machine learning 

competitions (Kaggle)
• Improve model performance for categorical features
• Easy to describe / implement but tricky to apply properly (regularisation)
• Gradient Boosted Trees implementation (CatBoost by Yandex) is based on mean target 

encodings
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Finance Track: Weight of Evidence encoding
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Review Paper on Consumer Credit Scoring Weight of Evidence encoding of Categoricals

Big data implies no overfitting; no regularisation



Machine Learning: point of views
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Industry

Academia

• Competitions: model performance (this talk)
• Industry: model performance, scalability, interpretability, robustness/simplicity

• Academia: Model Performance / Novelty

Competitions
(Kaggle)

Neural Networks

Gradient Tree Boosting
(xgboost, lightgbm, catboost)



Handling Categoricals in Machine Learning
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age gender canton ZIP target

34 Male Zurich 8043 1

27 Female Bern 3001 0

54 Male Luzern 6000 1

65 Male Vaud 1010 1

48 N/A Schwyz 6413 0

One-Hot Encoding 
(OHE)

Numeric Encoding Entity Embedding 
(NN)

Cases:
• Models handle categorical correctly

• Models handling categorical incorrectly (factors in R)
• Models cannot not handle categoricals (numerics)

Target encodings

Working Example (Postal Code)

Hierarchical Bayesian 
Modelling



High Cardinality Categoricals: Label/Numeric Encoding
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Label/Numeric Encoding

• Replace each categorical level with an integer 
(implicit ordering)

• Enforces an arbitrary ordering on categorical
• Many categoricals require more degrees of freedom 

(colours, industries, postal codes, car brands, etc)

ZIP

80xx

30xx

80xx

30xx

30xx

34xx

ZIP_ENC

0

1

0

1

1

2

Label Encoding



High Cardinality Categoricals: One-hot Encoding
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ZIP

8043

3001

6000

1010

6413
One-Hot Encoding 

(OHE)

Hashing Trick / 
Binary Encoding / 

etc

One-Hot Encoding:

• Often high cardinality categoricals exist (or interaction features)

• High cardinality & OHE -> high dimensionality
• Hashing trick / binary encoding might help on high dimensionality

• Heavy tail on categorical levels size cause overfitting; tail truncation
• Tree based models require many splits for a single category (bin. splits)

80433001 6000 1010 6413

1 0 0 0 0

0 1 0 0 0

0 0 1 0 0

0 0 0 1 0

0 0 0 0 1

One-Hot Encoding

{
one dimension per distinct value



High Cardinality Categoricals: Mean Target Encoding (no regularisation)
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Mean Target Encoding (MTE)

• Extract mean target value of group / categorical level (unseen 
categorical values, use total mean value)

• Danger! Danger! Use of target value; target leakage / 
overfitting

• [+] Require a single dimension/feature per categorical
• [+] Easy to implement
• [-] Must be carefully regularised (next slides)

Target encoding could extract any 
property of the group (min, max, std)

ZIP target

80xx 1

30xx 0

80xx 0

30xx 1

30xx 0

34xx 1

ZIP_TE

1/2

1/3

1/2

1/3

1/3

1

Mean Target Encoding

* Can be extended to regression, multi-class classification



Why Mean Target Encodings work well with GBTs?
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ZIP target

80xx 1

30xx 0

80xx 0

30xx 1

30xx 0

34xx 1

ZIP_TE

1/2

1/3

1/2

1/3

1/3

1

Mean Target Encoding
30xx

80xx

0 1
ZIP_TE

1/3 1/2

34xx

Intuition
• Mean TE separates levels of categorical between positive 

and negative classes.
• Tree based models benefit from above ordering to find the 

optimal split (cross-entropy, Gini index, MSS) [Fisher58, 
Breiman84, Ripley96]



An overfitting example in R
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• 2 informative/good categoricals; 2 uninformative/bad categoricals

Process:
• Target encode all categoricals on train split

• Run Logistic Regression on all target encoded numerics.
• Train AUC: 0.99; Test AUC: 0.85 (models considers xBad1/xBad2 significant)



Regularisation of Mean Target Encodings
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Smoothing / Empirical Bayes (EB) / Shrinkage of MTE (James-Stein Estimator)
• Weighted average of MTE and global target mean. (shrink more on small groups)
• EB with global mean as prior. `Double dipping` issue

Additive Laplacian Noise

• Additive noise on each extracted value (differential privacy / stability => generalisation)

K-Fold CV / Stacked Generalisation
• Compute MTE on each fold by using all other folds
• Connection with Stacked Generalisation [Breiman96]
• Owen’s LeaveOneOut Target Encoding (attributed by Kaggle competitors)

Bootstrapping / Rolling Mean

• Randomly permute rows; compute MTE on ith row based on data up to (i-1) row
• Implemented in the Boosted Trees Model: Catboost  by Yandex (with shrinkage)



Smoothing / Shrinkage / Empirical Bayes (EB)
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ZIP target

80xx 1

30xx 0

80xx 0

30xx 1

30xx 0

34xx 1

ZIP_TE

1/2

1/3

1/2

1/3

1/3

1

Smoothing:
• Compute global mean target value: 
• Compute mean for each level, i.e., 
• Regularised mean target is the average of global mean 

and group/level mean
• Intuition: The larger the size of the level (say 30xx) 

of the categorical (say ZIP), the lower the shrinkage

• λ(N) formalises the above intuition. N is the size of 
the level.

Mean: 1/2

µEB
j (C) := �(N)µj(C) + (1� �(N))µ

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

µ := 1/2
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

µ30xx(C) = 1/3
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

µEB
30xx(L) := �(3)

1

3
+ (1� �(3))

1

2
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

In general:
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Implementations of Target Encodings

R

• vtreat package
• h2o package: h2o.target_encode_* methods

Python
• Categorical encodings: https://github.com/scikit-learn-contrib/categorical-encoding
• Regularisation is missing
• Easy to write your own implementation based on Pandas

https://github.com/scikit-learn-contrib/categorical-encoding
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Hyperparameters for Categoricals in Gradient Boosted Trees

Extracted from: https://towardsdatascience.com/catboost-vs-light-gbm-vs-xgboost-5f93620723db

LightGBM splits
categorical by  

using gradient vector &
optimal splits [Fisher58]

(2-means on 1 dim.)

CatBoost based
on regularised

Mean Target Encodings!
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Conclusions & Discussion

• (Mean) Target encodings appear where model performance is the main focus
• Top performing models in Kaggle: feature engineering & GBTs

• Regularisation of  Target Encodings cannot be avoided & tricky to be done right
• Target Encodings have many connections to fundamental topics in Statistical 

Learning (Empirical Bayes, Stability, Model Stacking, Bootstrapping)

• Rise of GBT models that handle categoricals natively…
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Questions
Thank you

Konstanz University Spin-off 
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Light GBM Categorical Notes
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