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Summary
category_encoders is a scikit-learn-contrib module of transformers for encoding categorical data.
As a scikit-learn-contrib module, category_encoders is fully compatible with the scikit-learn API
(Buitinck et al., 2013). It also makes extensive use of tools provided by scikit-learn (Pedregosa
et al., 2011) itself, SciPy (Virtanen et al., 2020), pandas (McKinney, 2010), and statsmodels
(Seabold & Perktold, 2010).

The library provides over twenty encoding strategies. These include commonly used encoders
such as Ordinal, Hashing, and OneHot (Carey, 2006; “R Library Contrast Coding Systems
for Categorical Variables,” n.d.; Weinberger et al., 2009), as well as contrast-based encoders
including Backward Difference, Helmert, Polynomial, and Sum encoding (Carey, 2006; “R
Library Contrast Coding Systems for Categorical Variables,” n.d.). It also includes a range of
advanced encoders: Target Encoder (Micci-Barreca, 2001), which uses the target variable to
derive encodings; CatBoost Encoder (Prokhorenkova et al., 2018), which applies an ordered
variant of target encoding to reduce overfitting; Weight of Evidence (WOE) Encoder (Good,
1960), widely used in credit scoring and risk modeling; James-Stein Encoder (James & Stein,
1961), which shrinks estimates toward the overall mean; M-Estimate Encoder (Zadrozny &
Elkan, 2002); Generalized Linear Mixed Model (GLMM) Encoder (Bolker et al., 2009); Count
Encoder; Quantile Encoder (Micci-Barreca, 2001); Summary Encoder; Gray Encoder; RankHot
Encoder; and BaseN Encoder (McGinnis, 2015, 2016; Zhang, 2015).

Statement of need
Categorical variables represent a fixed number of possible values, assigning each observation
to one of a finite set of categories. They differ from ordinal variables in that there is no
intrinsic ordering among categories. Machine learning algorithms typically require numeric
inputs, so categorical data must be converted into a numeric representation before modeling.
While simple approaches like one-hot encoding are widely available, many real-world datasets
contain high-cardinality categorical features where naive encodings produce excessively wide or
uninformative representations.

The original release of category_encoders included a number of commonly used encoders,
notably Ordinal, Hashing and OneHot encoders (Carey, 2006; “R Library Contrast Coding
Systems for Categorical Variables,” n.d.; Weinberger et al., 2009), as well as some less frequently
used encoders including Backward Difference, Helmert, Polynomial and Sum encoding (Carey,
2006; “R Library Contrast Coding Systems for Categorical Variables,” n.d.). It also included
several experimental encoders: LeaveOneOut, Binary and BaseN (McGinnis, 2015, 2016;
Zhang, 2015).
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Since then, the library has grown substantially through community contributions. It now includes
over twenty encoding strategies. Notable additions include Target Encoder (Micci-Barreca,
2001), which uses the target variable to derive encodings; CatBoost Encoder (Prokhorenkova
et al., 2018), which applies an ordered variant of target encoding to reduce overfitting; Weight
of Evidence (WOE) Encoder (Good, 1960), widely used in credit scoring and risk modeling;
James-Stein Encoder (James & Stein, 1961), which shrinks estimates toward the overall mean;
M-Estimate Encoder (Zadrozny & Elkan, 2002); Generalized Linear Mixed Model (GLMM)
Encoder (Bolker et al., 2009); Count Encoder; Quantile Encoder (Micci-Barreca, 2001);
Summary Encoder; Gray Encoder; and RankHot Encoder.

State of the field
Several tools exist for encoding categorical variables, but each covers only a subset of available
methods. Scikit-learn (Pedregosa et al., 2011) provides OrdinalEncoder and OneHotEncoder,
but does not include target-based or statistical encoding methods. The pandas (McKinney,
2010) library offers get_dummies for one-hot encoding, but without the fit/transform pattern
needed for consistent train/test handling. In the R ecosystem, the recipes (Kuhn et al.,
2024) and embed (Hvitfeldt & Kuhn, 2024) packages provide some categorical encoding steps,
but with a different API paradigm. The Python libraries Patsy (Smith, 2018) and formulaic
(Wardrop, 2023) support contrast coding schemes but are oriented toward formula-based
model specification rather than general-purpose feature engineering.

category_encoders fills a gap by consolidating over twenty encoding strategies into a single
scikit-learn-compatible package. It is the only Python library that provides supervised encoding
methods such as Target, CatBoost, Weight of Evidence, James-Stein, and GLMM encoders
alongside classical contrast coding and hashing approaches, all with a uniform interface that
handles edge cases like unseen categories and missing values consistently across methods.

Software design
All encoders in category_encoders inherit from a common BaseEncoder class that implements
the scikit-learn transformer interface (fit, transform, fit_transform). This shared base
class provides consistent behavior for column selection, input validation, handling of missing
values (via the handle_missing parameter), and handling of unseen categories at transform
time (via the handle_unknown parameter).

Encoders are divided into two families through mixin classes: UnsupervisedTransformerMixin

for encoders that operate solely on feature values (e.g., Ordinal, OneHot, Hashing, BaseN),
and SupervisedTransformerMixin for encoders that also use the target variable during fitting
(e.g., Target, CatBoost, WOE, James-Stein, GLMM). This design ensures that supervised
encoders properly require a target during fit and can optionally use it during transform, while
maintaining API compatibility with scikit-learn’s Pipeline and model selection utilities.

All encoders accept and return pandas DataFrames, automatically detect categorical columns
when none are specified, and support inverse transforms where applicable. The library is
designed for production use, with careful handling of edge cases including previously unseen
categories, missing values, and invariant columns.

Representative encoding methods
To illustrate the range of techniques the library provides, we give mathematical definitions for
a few representative encoders. Consider a single categorical feature that takes values in a set
of 𝐾 categories {𝑐1,… , 𝑐𝐾}. Let 𝑛𝑘 be the number of training observations in category 𝑐𝑘
and 𝑛 = ∑𝐾

𝑘=1 𝑛𝑘 the total number of observations.
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One-Hot Encoding is the canonical unsupervised scheme: it maps each category 𝑐𝑘 to the
indicator vector 𝑒𝑘 ∈ {0, 1}𝐾, the 𝑘-th standard basis vector, so that the encoded feature is
orthogonal across categories at the cost of a width that grows linearly with cardinality 𝐾.

Hashing Encoding keeps the output width fixed regardless of cardinality. Given a hash function
ℎ and a chosen number of output dimensions 𝑑, category 𝑐𝑘 is mapped to bucket ℎ(𝑐𝑘) mod 𝑑.
This bounds the encoded width by 𝑑 but allows distinct categories to collide into the same
bucket.

Target (mean) Encoding is a representative supervised scheme. With a target 𝑦, global mean
̄𝑦, and within-category mean ̄𝑦𝑘, category 𝑐𝑘 is replaced by a shrinkage estimate that blends

the category mean toward the global mean,

𝑥𝑘 = 𝜆(𝑛𝑘) ̄𝑦𝑘 + (1 − 𝜆(𝑛𝑘)) ̄𝑦, 𝜆(𝑛𝑘) =
𝑛𝑘

𝑛𝑘 +𝑚
,

where the smoothing parameter 𝑚 ≥ 0 controls how strongly low-frequency categories are
regularized toward ̄𝑦. The M-Estimate and James-Stein encoders are variants that differ in
how the shrinkage weight 𝜆 is chosen.

Weight of Evidence (WOE) Encoding targets binary classification. It encodes category 𝑐𝑘 by
the log-ratio of the conditional probabilities of the category given each class,

WOE𝑘 = ln 𝑃(𝑐𝑘 ∣ 𝑦 = 1)
𝑃(𝑐𝑘 ∣ 𝑦 = 0)

,

which is positive when the category is over-represented among positive observations and
negative otherwise.

Research impact statement
Since its original release (McGinnis, 2015), category_encoders has been widely adopted across
both academic research and applied machine learning. The package has been cited in studies
spanning diverse domains, demonstrating its utility as a general-purpose tool for categorical
feature engineering.

In machine learning methodology, Poslavskaya and Korolev (2023) used category_encoders
to conduct a systematic comparison of encoding methods across OpenML classification
benchmarks. In pharmaceutical manufacturing, Schmitt et al. (2022) used the TargetEncoder
from category_encoders to encode categorical process parameters when predicting spray-dried
dispersion particle size.

These applications — from ML benchmarking to pharmaceutical process modeling — reflect
the library’s value as a practical, domain-agnostic tool for working with categorical data in
Python.

AI usage disclosure
Anthropic’s Claude Opus 4.8 (Anthropic, 2026) was used to assist in drafting and editing
the text of this paper. No AI tools were used in the development of the category_encoders
software.
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