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Abstract

We present CLASSIX, an open-source Python library for fast and explainable clustering.
The library provides a unified interface to three metric-specific implementations, compiled
acceleration with portable Python fallbacks, and extensive user and developer documentation.
CLASSIX accepts NumPy arrays and Pandas DataFrames and is available under the MIT
license at https://github.com/nla-group/classix.
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1. Introduction

Clustering is an important task in data science and engineering, arising in applications such
as computer vision (Cheng, 1995) and bioinformatics (Song and Zhong, 2020). Cluster-
ing methods are generally distance- or density-based, with many interpretations of what
constitutes a “good clustering” dependent on the application and the evaluation metric
used (Estivill-Castro, 2002). One of the most widely used distance-based clustering methods
is k-means (Lloyd, 1982). While easy to use and often very efficient, this iterative method
is limited to identifying clusters of approximately spherical shape, requires an a-priori
guess of the number of clusters, and can be sensitive to initialization. On the other hand,
density-based clustering methods such as DBSCAN (Ester et al., 1996) can identify clusters
of arbitrary shape, but they usually assume that a global density threshold exists in the
distribution of data, leading to failures on data with clusters of varying density. Furthermore,
many algorithms, including DBSCAN, can become significantly less efficient as the number of
data points increases because of the cost of pairwise distance computations. Most clustering
algorithms, including the two just mentioned, do not provide any means to explain or justify
the computed clustering results.
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The CLASSIX method introduced in (Chen and Güttel, 2024) seeks to overcome the
aforementioned drawbacks by combining ingredients of both distance and density-based
clustering. CLASSIX employs a two-phase clustering strategy, with an aggregation and
a merging phase, combined with an early-search termination criterion based on sorting.
CLASSIX clustering can currently be performed in the Euclidean (ℓ2-norm), Manhattan
(ℓ1-norm), or Tanimoto (or Jaccard) metric (Güttel and Roy, 2026). The most appealing
aspects of CLASSIX are its speed, low memory requirement, and explainability. The method
is controlled by two main parameters, a radius hyperparameter controlling the coarseness
of clusters, and a minPts parameter for dealing with outliers. Unlike many other clustering
algorithms, the two-phase design of CLASSIX means that the parameter choices for radius
and minPts are largely decoupled, significantly streamlining hyperparameter tuning.

The performance of CLASSIX in comparison to HDBSCAN (Campello et al., 2013),
Quickshift++ (Jiang et al., 2018), and k-means++ (Lloyd, 1982), on a dataset representing
5.7 million RNA sequences of coronavirus, is demonstrated in Figure 1, showcasing its
superior scalability and accuracy with respect to the adjusted Rand index (ARI; Hubert
and Arabie, 1985) and adjusted mutual information (AMI; Vinh et al., 2010).

Figure 1: Performance on the Covid3MC dataset containing 5.7 million data points.

2. Software contribution

Chen and Güttel (2024) offered a basic proof-of-concept Python implementation of CLASSIX
including the core explainability functionality. The present contribution packages this method
into a versioned, cross-platform Python library that supports multiple distance metrics.
The latest library version, CLASSIX 1.5.3, is fully aligned with scikit-learn’s interface to
clustering algorithms (Pedregosa et al., 2011), allowing for seamless user adoption.

Among the most recent functional additions is a new metric property allowing CLASSIX
clustering in the euclidean, manhattan, or tanimoto distance. Changing the metric requires
different aggregation and merging strategies under-the-hood, but the user does not need to
be concerned with these technicalities.
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Figure 2: Modular design of CLASSIX. The public interface in CLASSIX validates and
preprocesses the input, selects the Euclidean, Manhattan, or Tanimoto path, and
calls compatible aggregation and merging routines. Compiled routines are used
when available, with Python implementations as fallbacks. The returned groups,
representatives, and labels are stored as fitted state and reused by predict() and
explain().

Another recent addition is a new method called changeMinPts, which allows the user to
change the minPts hyperparameter without redoing the aggregation and merging phases,
which typically take most of the computation time. This can significantly speed up hyperpa-
rameter tuning.

CLASSIX supports a modular software design for multiple distance metrics–the workflow
is as depicted in Figure 2. The public CLASSIX class offers interfaces of fit(), predict(),
explain() methods. When fit() is called, the input data are first checked and preprocessed.
The selected metric then determines whether the Euclidean, Manhattan, or Tanimoto routines
are used for the subsequent steps of aggregation and merging, which are performed using
compiled implementations when available and Python implementations otherwise. Finally,
the resulting labels, groups, and representative points are stored and reused by predict()

and explain().

The Euclidean-, Manhattan-, and Tanimoto-based aggregation and merging are kept
in separate modules with compatible outputs. Performance-critical routines have Cython
implementations, and a C++ sparse matrix–vector kernel supports the Tanimoto path.
Our package automatically checks extension availability when constructing the estimator
and falls back to Python implementations where needed. Further, the active mode can be
inspected with classix.cython is available() and Cython can be explicitly disabled for
debugging. This separation allows metric-specific optimization without changing the public
API.

A metric backend must provide sorted aggregation labels, representative indices, the
sorting permutation and values, the sorted data, group sizes, and a distance-evaluation count.
Its merging routine must map those aggregation groups to final labels and preserve the
correspondence with the original input order. These contracts, together with build and test
commands, are documented in https://github.com/nla-group/classix/blob/master/

SOFTWARE_GUIDE.md.

3. Distribution and documentation

CLASSIX is provided open-source in the form of Python and MATLAB implementations.
Specifically, the Python version is released under the MIT license through PyPI and conda-
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forge. The latest version 1.5.3 declares support for Python 3.8–3.14. Users can install
CLASSIX in Python via pip install classixclustering in the command line. No
user-side compilation is required on the most common architectures. For less common or
unsupported architectures, the full source code is available for compilation, provided that a
suitably configured C++ compiler is available. The MATLAB implementation is available
from File Exchange1.

The user documentation includes installation instructions, a quick start, full API refer-
ence, tutorials, performance comparisons, and many examples. Developer-facing material
is provided in SOFTWARE GUIDE.md and CONTRIBUTING.md. These describe module respon-
sibilities, supported inputs and limitations, build and test commands, backend contracts,
documentation builds, and procedures for adding new distance metrics.

We permit reuse within proprietary software and welcome contributions of various forms.
We encourage raising issues and proposing pull requests on the GitHub repository. References
and examples can be found in the README.md file and the official documentation2.
A comprehensive collection of code examples covering various applications is provided
in https://github.com/nla-group/classix/tree/master/demos.

4. Usage demonstration

We now showcase the basic use of CLASSIX’s clustering and explainability features. CLASSIX
features an interface similar to scikit-learn (Buitinck et al., 2013) for ease of use. It comes
with some real-world datasets from various domains which the user can import by calling
the classix.loadData method and using the associated dataset name, e.g.,

1 import classix

2 data, labels = classix.loadData('Covid3MC') # load a built-in dataset

CLASSIX supports clustering of data provided as Pandas DataFrames and NumPy arrays.
To perform clustering, users first instantiate a CLASSIX object, clx = classix.CLASSIX(),
and then fit the data using the clx.fit() method. CLASSIX has three main constructor
arguments: radius, minPts (optional), and merge scale (optional). Optionally, to log
detailed clustering information, users can use the Boolean variable verbose. Here is a simple
code example to illustrate the basic use:

1 clx = classix.CLASSIX(radius=0.2, minPts=500, verbose=True)

2 clx.fit(data)

The above code will cluster 5.7 million data points. On a standard 2025 laptop with
8 GB RAM, this will only take about 30 seconds! The output is:

1 CLASSIX clustered 5726839 data points with 3 features. The radius parameter was

2 set to 0.20 and minPts was set to 500. As the provided data was auto-scaled by a

3 factor of 1/12.27, points within a radius R=0.20*12.27=2.45 were grouped together.

4 In total, 71926291 distances were computed (12.6 per data point). This resulted in

5 274 groups, each with a unique group center. These 274 groups were subsequently

6 merged into 25 clusters.

1. MATLAB FileExchange: 153451-fast-and-explainable-clustering-with-classix
2. https://classix.readthedocs.io/en/stable
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After fitting the model, users can view information about the group and cluster assign-
ments by accessing the clx.groups and clx.labels attributes, respectively.

The explain functionality of CLASSIX is implemented in the clx.explain method, which
supports a single or a pair of objects as input. Querying clx.explain using a pair of data
points can be done by feeding either the native indices (the indices in the DataFrame or list) or
the data vectors themselves as inputs. As an illustration, we consider two data points with in-
dices ’hCoV-19/Norway/6348/2021’ and ’hCoV-19/USA/WY-WYPHL-20146677/2020’. The
example below shows how to call the clx.explain method:

1 clx.explain(data,'hCoV-19/Norway/6348/2021','hCoV-19/USA/WY-WYPHL-20146677/2020',
plot=True)

Figure 3: Visual explanation for why two data points ’hCoV-19/Norway/6348/2021’ and
’hCoV-19/USA/WY-WYPHL-20146677/2020’ are in the same cluster. CLASSIX
provides a connecting path of data points within the cluster with small steps
controlled by the radius parameter.

The explain method also provides textual justifications of the computed clusters, out-
putting the indices of data points that connect two points in a common cluster:

1 from sklearn.datasets import make_blobs

2 X, y = make_blobs(n_samples=200, centers=2, n_features=2, cluster_std=1.5,

random_state=42)

3 clx = CLASSIX(radius=0.5, metric='manhattan', group_merging='distance', minPts=50,

verbose=0)

4 clx.explain(X, 3, 10)

5 # Data point 3 is in group 11. Data point 10 is in group 37.

6 # Both groups were merged into cluster #1.

7 # The two groups are connected via groups 11 <-> 18 (minPts) <-> 28 <-> 37.

5. Conclusions

CLASSIX is an open-source library implementing a new fast and memory-efficient clustering
algorithm and a user-friendly interface for explaining its clustering results both visually

5
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and in textual form. CLASSIX comes with full documentation and a comprehensive set of
example demonstrations.
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