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Summary

We present pycopykat, a Python implementation of CopyKAT, which infers the copy numbers of single cells in 220
kb bins from their expression and calls each cell aneuploid or diploid without reference cells. pycopykat follows
CopyKAT’s code path, including R’s random number generator and gamma draws, R’s hierarchical clustering and
the mixture models of mixtools, so that the same seed gives the same result as in R. On the six breast tumours
of the CopyKAT paper (10,424 cells), pycopykat found the same breakpoints and the same diploid baseline as
CopyKAT 1.2.5 and made the same call for every cell; its copy-number matrices agreed with CopyKAT’s to 6 ×
10−11. The known-normal, cell-line and Pearson-distance modes gave the same results as well. pycopykat ran
4.7 to 17 times faster than CopyKAT on one thread. It is used by OmicVerse for copy-number inference and is
released at https://github.com/omicverse/py-CopyKAT and on PyPI.
Keywords CopyKAT, copy-number variation, aneuploidy, tumour cells, single-cell RNA-seq, Python, reproducibility

Introduction
Copy-number alterations are present in most tumours and distin-
guish malignant from normal cells. In single-cell RNA sequencing
they leave a trace in expression: the average expression of many
neighbouring genes rises with a gain and falls with a loss. Infer-
ring copy number from expression has become a routine way to
find the malignant cells and their subclones in tumour atlases 1,2.
CopyKAT, developed by Gao and colleagues, infers copy num-
bers in 220 kb bins and calls each cell aneuploid or diploid with-
out reference cells 3. It smooths each cell’s expression along the
genome with a Kalman filter, finds a group of diploid cells by clus-
tering and Gaussian mixture models, segments the genome with
a Poisson–gamma model and a Kolmogorov–Smirnov test, and
separates aneuploid from diploid cells by hierarchical clustering.
Other methods include inferCNV4 and Numbat 5.

Single-cell analysis is increasingly done in Python. Workflows
are built on scanpy and the scverse ecosystem 6,7, and Omic-
Verse 8 brings bulk, single-cell and spatial analyses together in
one Python framework. CopyKAT itself is available only in R, as
a package on GitHub.

Python users currently reach CopyKAT through rpy2 9. This re-
quires a parallel R installation, converts the count matrix between
the two languages and exposes CopyKAT’s options only through
the binding layer. A native implementation removes all three

costs, as PyDESeq2 10 has shown for DESeq2 11 and pyedger 12

for edgeR 13. We set the same target for pycopykat: an analysis in
Python should return the same copy numbers and the same calls
as the same analysis in R.

Here we present pycopykat, a Python implementation of Copy-
KAT that is versioned against a specific CopyKAT release. We
describe its implementation and compare it with CopyKAT 1.2.5
on the six breast tumours of the CopyKAT paper.

Implementation
Method
CopyKAT takes the unique molecular identifier counts of a tumour
sample 3. After removing cells with few detected genes and genes
detected in few cells, it places the genes on the genome and re-
moves HLA and cell-cycle genes. It stabilises the variance by
log(

√
x+

√
x+ 1) and smooths each cell along the genome with a

local-level Kalman filter (dlm 14). To find diploid cells, it clusters the
cells with Ward’s method 15,16 and fits a three-component Gaus-
sian mixture with a common standard deviation to each cluster’s
median profile (mixtools 17). The cluster with the smallest stan-
dard deviation becomes the baseline, and the silhouette 18 and an
F test check the separation; when it is weak, the cells are tested
one by one with the same mixture. Breakpoints are found on each
cluster’s median profile by comparing posterior samples of adja-
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cent 25-gene windows under a Poisson–gamma model (MCMC-
pack 19) with a Kolmogorov–Smirnov test, and every cell receives
the posterior mean of each segment. Genes are then summarised
into 220 kb bins, and the baseline is re-adjusted on the clusters
that hold the diploid cells. The cells are clustered again, and clus-
ters whose consensus profile is closer to the diploid than to the
aneuploid one, by the Wasserstein distance, are called diploid
(Fig. 1d).

Features and code structure
pycopykat 0.2.0 implements copykat of CopyKAT 1.2.5 (Table 1):
the automatic baseline, known normal cells, the cell-line mode,
Euclidean, Pearson and Spearman distances, and the human
and mouse annotations shipped with CopyKAT. copykat takes a
count matrix or an AnnData object 20 and returns R’s prediction
table, the copy-number matrix in 220 kb bins and the cell tree;
copykat_by_batch runs it per patient on an AnnData object. py-
copykat builds on NumPy 21, SciPy 22 and pandas 23; the Kalman
smoother is compiled with Numba 24.

Numerical parity with CopyKAT
pycopykat follows the code that CopyKAT runs, in R’s order
of genes and cells. CopyKAT draws random numbers only in
the segmentation, where each window and each segment of
each cell takes 1,000 gamma draws from R’s generator after
set.seed(1234). pycopykat ports R’s Mersenne-Twister genera-
tor25 and R’s gamma generator, the GD algorithm of Ahrens and
Dieter26 with its exponential and normal draws. A draw uses a
variable number of uniforms, so pycopykat produces the draws in
vectorised form. It evaluates the length of a draw at every posi-
tion of a stretch of the random stream, follows the chain of draws
through it and corrects the few draws whose length depends on
the gamma shape; every draw equals R’s. R’s hierarchical clus-
tering and tree cutting are ported from R’s Fortran and C code,
including the order of ties and the numbering of clusters, and the
mixture model from mixtools’ C routine, so that it stops after the
same number of iterations. dlm’s Kalman filter works on singular
value decompositions, which shifts the first genes of each cell by
about 10−10 relative to the plain recursions that pycopykat uses.
The steps are tested against CopyKAT 1.2.5 (55 tests, of which 5
compare with stored R results on CopyKAT’s example data and 9
with stored R values of the generators, the clustering and the mix-
ture model). pycopykat versions follow CopyKAT releases (0.2.x
tracks CopyKAT 1.2.5).

Use in OmicVerse
pycopykat is the CopyKAT backend of OmicVerse 8 copy-number
inference: ov.single.CNV(adata, method='copykat'), whose
run method stores the copy-number matrix, the call of each cell
and a per-cell score in the AnnData object.

Comparison with CopyKAT
Data and design
We used the six breast tumours of the CopyKAT paper, a ductal
carcinoma in situ and five triple-negative breast cancers profiled
with 10x Genomics 3 (532 to 3,225 cells per tumour, 10,424 in to-
tal), with the tumour or normal call that the paper gave each cell.
Both packages ran CopyKAT with its defaults on the counts (Sup-

plementary methods). We compared the breakpoints, the diploid
cells of the baseline, the calls, the copy-number matrices and run
time; the known-normal, cell-line and Pearson-distance modes
were compared on TNBC3.

Copy numbers and calls
pycopykat found the same breakpoints as CopyKAT in every tu-
mour, 219 to 326 per tumour, the same diploid cells for the base-
line and the same call for all 10,424 cells. The copy-number ma-
trices agreed to a largest absolute difference of 6×10−11 (Fig. 1a,
d). On TNBC3, the known-normal, cell-line and Pearson-distance
modes gave the same breakpoints and cell trees, and the known-
normal and Pearson-distance modes the same calls; the cell-line
mode makes no calls.

Against the calls published with the data, both packages
agreed on 95.1 to 100.0% of the cells in five tumours (Fig. 1b, e).
In TNBC4, CopyKAT 1.2.5 and pycopykat called all 3,055 cells
diploid, where the paper called 1,192 tumour cells: the consen-
sus profiles of the diploid and aneuploid clusters correlated with
r = 0.70, above the threshold of 0.6 at which CopyKAT 1.2 calls
a sample diploid.

Speed
pycopykat ran 4.7 to 17 times faster than CopyKAT on one thread
(Fig. 1c). For TNBC5, the largest tumour (3,225 cells), CopyKAT
took 2,759 s and pycopykat 165 s; most of pycopykat’s time is
spent on the gamma draws of the segmentation, which follow one
sequential random stream, so eight threads took 157 s.

Conclusion and future perspectives
pycopykat brings CopyKAT to Python with the same results as
R. From the same seed, it reproduces CopyKAT 1.2.5’s break-
points, diploid baseline and calls in every tumour tested, with copy-
number matrices that agree to 6 × 10−11, while running several
times faster. Because pycopykat works with AnnData objects and
is part of OmicVerse, copy-number inference and the identification
of malignant cells can be done in the same Python session as the
rest of a single-cell workflow.

Future work includes CopyKAT’s earth mover’s distance clus-
tering (test.emd), its segment files for IGV and its heatmaps, and
a parallel random stream for the segmentation. pycopykat will con-
tinue to follow CopyKAT releases, with each version pinned to the
release it reproduces.

Data and code availability
pycopykat is released under the GNU General Public License
(version 2 or later) on PyPI (pip install pycopykat) and at
https://github.com/omicverse/py-CopyKAT; this report de-
scribes version 0.2.0. The benchmark (report/scripts in the
repository) reproduces every number and figure in this report. The
count matrices of the six breast tumours with the calls of the Copy-
KAT paper were obtained from the Gene Expression Omnibus
(GSE148673: DCIS1 and TNBC1 to TNBC5), accessed on 13
November 2026. Software: pycopykat 0.2.0 (Python 3.10, NumPy
2.2.6, SciPy 1.15.2, pandas 2.3.3, Numba 0.67.0; scanpy 1.11.5
for Fig. 1e); CopyKAT 1.2.5 with dlm 1.1.6.1, MCMCpack 1.7.1,
mixtools 2.0.0.1, parallelDist 0.2.7 and transport 0.15.4 on R 4.5.3

https://github.com/omicverse/py-CopyKAT
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Table 1. CopyKAT functions and their pycopykat counterparts.

CopyKAT 1.2.5 pycopykat Agreement on the benchmark data

copykat copykat, CopykatConfig same call for all 10,424 cells
annotateGenes.hg20, annotateGenes.mm10 core.annotate same genes in the same order
baseline.norm.cl core.baseline_norm_cl same clusters and diploid cells
baseline.synthetic core.baseline_synthetic same copy numbers in the cell-line mode (TNBC3)
CNA.MCMC core.cna_mcmc same breakpoints (219–326 per tumour)
convert.all.bins.hg20 core.convert_bins_hg20 copy numbers within 6 × 10−11

Figure 1. pycopykat versus CopyKAT 1.2.5 on six breast tumours.
(a) Values of the copy-number matrix, pycopykat against CopyKAT, for 4,000 random entries of each tumour. (b) Share of cells called as in the CopyKAT
paper; the calls of pycopykat and CopyKAT are identical. (c) Wall time against the number of cells, the faster of two runs: CopyKAT and pycopykat on
one thread, and pycopykat on eight threads. (d) Copy-number profiles of the 1,097 cells of TNBC1 in 220 kb bins, from CopyKAT and from pycopykat,
with the diploid cells above. (e) UMAP 27 of the cells of TNBC1, computed with scanpy from the counts, coloured by pycopykat’s call.
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(conda-forge). Hardware: one node of the Stanford Sherlock clus-
ter (AMD EPYC 9754).

Declaration of generative AI and AI-assisted tech-
nologies
The authors used Claude Opus 5.5, GPT-6 Astra, and OmicOS
to proofread grammar and syntax, improve readability. Any AI-
assisted edits were reviewed by the authors, who take full respon-
sibility for the content of this publication.
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Supplementary information
Supplementary methods
Data. The count matrices of GSE148673 (DCIS1 and TNBC1 to TNBC5) were read with all their genes and with the call that the
CopyKAT paper gives each cell (tumour or normal); the paper’s calls served only for comparison.

Runs. In R: copykat(rawmat, id.type = "S", ngene.chr = 5, win.size = 25, KS.cut = 0.1, distance = "euclidean",
norm.cell.names = "", genome = "hg20", n.cores = 1), which sets set.seed(1234); everything else at its defaults. In Python:
pycopykat.copykat with the same arguments (CopykatConfig() defaults, seed = 1234). The other modes on TNBC3 used the
paper’s normal cells as norm.cell.names, cell.line = "yes" or distance = "pearson". CopyKAT runs with n.cores = 1 because
its parallel workers start from unseeded random generators.

Comparison. Breakpoints, the diploid cells of the baseline and the calls were compared for equality; the copy-number matrices (the
returned CNAmat, 12,167 bins) entry by entry. Agreement with the paper’s calls counts cells called aneuploid where the paper called
them tumour and diploid where it called them normal, over the cells that CopyKAT keeps.

Embedding (Fig. 1e). The cells of TNBC1 were embedded with scanpy (counts normalised to 10,000 per cell and log-transformed,
2,000 variable genes, 30 principal components, 15 nearest neighbours) and UMAP; the embedding is for display only.

Run time. Run times are wall-clock times of copykat, without reading and writing files. Each run was pinned to idle processor
cores, one core for CopyKAT and for pycopykat on one thread (BLAS and OpenMP limited to one thread) and eight for pycopykat on
eight threads. Each tumour ran twice per configuration, and the faster run is reported.

Notes for users coming from R
1. pycopykat 0.2.x follows CopyKAT 1.2.5, including its defaults; CopykatConfig takes R’s arguments with Python names (LOW.DR

is low_dr, KS.cut is ks_cut, norm.cell.names is norm_cell_names).

2. The prediction table has R’s columns cell.names and copykat.pred; the copy-number matrix is indexed by R’s chrom, chrompos
and abspos.

3. Results equal R’s with n.cores = 1; n_jobs in pycopykat sets threads and does not change the results.

4. The cell tree is returned in R’s hclust form (merge, height, order, 1-based).
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