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ABSTRACT
Cytometry has evolved as a crucial technique in clinical diagnostics, clinical studies, and research. However, batch effects due 
to technical variation complicate the analysis of cytometry data in clinical and fundamental research settings and have to be ac-
counted for. Here, we present a Python implementation of the widely used CytoNorm algorithm for the removal of batch effects, 
implementing the complete feature set of the recently published CytoNorm 2.0. Our implementation ran up to 85% faster than its 
R counterpart while being fully compatible with common single-cell data structures and frameworks of Python. We extend the 
previous functionality by adding common clustering algorithms and provide key visualizations of the algorithm and its evalua-
tion. The CytoNormPy implementation is freely available on GitHub: https://​github.​com/​Tarik​Exner/​​CytoN​ormPy​.

1   |   Introduction

Cytometry is an essential technique to measure multiple fea-
tures of single cells. As the scale of cytometry studies grows 
and longitudinal studies are performed, not all samples can be 
acquired simultaneously, which introduces batch effects into 
the data. Therefore, the analysis of cytometry data increas-
ingly necessitates accurate and efficient methods for batch 
correction.

CytoNorm has recently been described as an algorithm for 
the removal of batch effects using cluster-specific marker 

normalization across batches [1, 2]. The algorithm uses ref-
erence samples measured in all batches to quantify technical 
variation between different batches in the dataset (summa-
rized in Figure 1). CytoNorm has been widely adopted in the 
analysis of cytometry data in fundamental science (e.g., [3, 4]) 
and is currently the most cited algorithm among peer-reviewed 
methods for the removal of batch effects in mass cytometry 
(iMUBAC [5], CytofRUV [6], CytofBatchAdjust [7], and cy-
Combine [8]).

CytoNorm is currently implemented in R, one of the most widely 
used programming languages for data analysis, including 
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cytometry. However, Python has become increasingly popular 
in the analysis of single-cell data, as it offers a generalizable and 
flexible data structure (anndata [9]) and accompanying frame-
works like the scverse [10] ecosystem, scanpy [11] and pytome-
try [11, 12], among others. Further, many popular machine/
deep learning frameworks provide Python APIs, and Python 
often outperforms R in terms of scalability and speed in many 
applications.

Here, we present cytonormpy, a Python implementation of the 
CytoNorm algorithm. We show that cytonormpy runs signifi-
cantly faster than CytoNorm, yielding near identical results 

with the original implementation and offering full compatibility 
with Python single cell analysis data structures, as normalized 
data within anndata objects can be readily used in downstream 
applications using scikit-learn, TensorFlow and the scVerse. We 
extend the original capabilities and add suitable clustering al-
gorithms for cytometry data [13–16]. Cytonormpy fully imple-
ments the functionality that was recently added to the original 
CytoNorm algorithm (CytoNorm 2.0), namely normalization 
without control files, normalization towards another model or 
goal distribution and normalization of markers not included in 
the clustering step [2]. Finally, we provide visualization tech-
niques to display key steps of the algorithm and its results.

FIGURE 1    |    CytoNorm/CytoNormPy algorithm overview. FCS files or anndata objects are divided into reference data (left side) and experimental 
data (right side) where reference data are comprised of samples that have been measured in all batches. Reference data are subsequently clustered (1) 
using one of the implemented clustering algorithms. Expression values are quantized, and a desired goal expression is defined, which defaults to the 
mean of all quantized expression values over the batches (2). A spline function between the expression values and the goal expression is fitted for each 
channel, cluster, and batch (3). The experimental data are then mapped to the reference cluster space (4) and the corresponding spline functions are 
used to transform the data (5). Finally, the data are either exported as .fcs files or returned as an anndata object containing the normalized expression 
values (6). [Color figure can be viewed at wileyonlinelibrary.com]
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2   |   Materials and Methods

2.1   |   Implementation Details

The implementation described here follows the steps imple-
mented in the R package. For the use of .fcs files, the refer-
ence files from a sample present in all batches are first read 
using flowio [17], and annotated using user-provided meta-
data, whereas pre-assembled anndata [9] objects can directly 
be passed into the function. The reference data of batches not 
containing control files will be assembled by concatenation of 
all files of the respective batch and subsampling a user-defined 
number of cells. Next, the data are optionally transformed 
using one of the implemented transformation methods in flow-
utils [17], namely log, logicle, arcsinh, and hyperlog transfor-
mation. Data are subsequently clustered using the FlowSOM 
[18, 19], KMeans, MeanShift, or AffinityPropagation (scikit-
learn [20] implementation) algorithm, where a specific set of 
markers can be chosen for clustering while still normalizing 
the full set of markers. A user-defined number of quantiles 
(default: 99) is then calculated per marker, cluster, and batch, 
which are saved into a pre-allocated numpy nd-array for more 
efficient data storage and access. Quantized expression values 
of markers of cells in clusters with less than a user-defined 
number of cells (default: 50 cells per cluster) are masked out, 
and the corresponding clusters are excluded from further 
calculations. The desired marker distribution across batches 
(goal distribution) is calculated by taking the mean of the ex-
pression quantiles over batches. Alternatively, the median can 
be used, or the expression values of a specific batch can be 
selected. Next, spline functions are calculated for each marker 
and cluster using the batch-specific quantile expression values 
and the respective goal distribution.

The fitting of the spline function follows the R implementa-
tion exactly. First, duplicate values within the quantile expres-
sion values are removed using a custom implementation of R's 
regularize.values function using the mean as a tie-function. 
Subsequently, a cubic hermite spline is calculated using the scipy 
[21] implementation. The interpolating tangents are selected 
using the Fritsch–Carlson method [22] using a custom imple-
mentation modeled after the R stats library. The spline function 
outside of the fitted values is linearly extended using the slope of 
the first and last datapoint.

The final normalization step of non-reference files is carried 
out as follows: First, the files are read concurrently using 
multi-threading. The data are subsequently mapped onto the 
clusters obtained from the clustering algorithms trained on 
the reference data. The cluster-specific expression values are 
finally normalized using the respective spline functions. FCS 
data were written to the hard drive, whereas anndata objects 
were returned.

For the evaluation of batch-effect removal, we implemented the 
calculation of Earth Mover's distance (EMD) according to the 
R implementation of CytoNorm. The EMD is computed before 
and after normalization as maximum sample-pairwise EMD be-
tween batches. As the EMD is a measure of the dissimilarity of 
signal distribution of the same sample in different batches, the 
numerical value is expected to be lowered after normalization. 

The corresponding plot (compare Figure 2D) shows a red dashed 
line that marks the EMD alteration cutoff, where points above 
this line represent an improvement, and points below this line 
mark a decline in batch effect removal after normalization. The 
EMD can be calculated per cell type and channel or per chan-
nel only.

Finally, in order to quantify the conservation of biological sig-
nal, the median absolute deviation (MAD) per channel in the 
original and the normalized samples is computed. Ideally, the 
signal distribution, and therefore the biological information, is 
not altered by normalization. We chose two dashed lines as a 
cutoff that signifies a marked deviation of the signal distribution 
(compare Figure 2D).

For functions carrying out numerical operations, including the 
regularize_values function, the Fritsch–Carlson tangent selec-
tion and quantile calculation, we make use of the numba [23] 
JIT (just in time) compilation package with eager compilation in 
nopython mode to take advantage of the increased performance 
of precompiled code in Python.

2.2   |   Dataset Preprocessing and Benchmarking

For benchmarking and reproducibility comparison, we used 
three datasets in total (compare Table  1; detailed sample-
wise descriptions and panel information are provided in the 
Supporting Information). The Van Gassen's [18] dataset consists 
of two healthy donors with stimulated and unstimulated data 
measured over 10 batches (40 samples). For the benchmark, 
samples of healthy control 1 were used as references, whereas 
samples of healthy control 2 were normalized. The dataset 
assembled by Trussart et al. [6] contained samples of healthy 
controls (n = 3) and patients with chronic leukocytic leukemia 
(n = 3) in two batches. The dataset was first pre-processed as 
described in their methods section and the samples HC1 and 
CLL2 were used as references. The third dataset (Dana Farber 
Cancer Institute [8], DFCI) consisted of three batches, of which 
the third one was used as a reference. The data were split into 
two panels with 15 overlapping markers and both panels were 
considered a single batch, following the procedure of the origi-
nal publication [8]. The samples HD05 and CLL08 were used as 
references. For the benchmark, only the channels correspond-
ing to antigens measured by antibodies were selected. All data 
were arcsinh transformed using a cofactor of 5. The reference 
data were clustered without subsampling using the FlowSOM 
algorithm with a grid size of 5 × 5 and a total of 10 clusters, 
and normalization was applied for each cluster as described 
above. As a control, the same analysis was repeated without 
clustering in order to remove the effect of inter-language devi-
ation due to small differences in cluster assignment comparing 
the FlowSOM implementations in R and Python. In order to 
compare the different implemented clustering algorithms, we 
repeated the benchmark using the clustering algorithms on 
a subset of 20,000 cells, as the full dataset was prohibitively 
large for AffinityPropagation and MeanShift. Although the 
KMeans algorithm with the same cluster number as FlowSOM 
was slightly faster than FlowSOM (91%–97% of runtime across 
datasets), AffinityPropagation and MeanShift resulted in 
3–23× increase in runtime, which is however expected as there 
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is no option to pre-define the number of clusters, which were 
much higher than the 10 clusters set for FlowSOM and KMeans 
(data not shown). Execution time was measured using the time 

module in Python (version 3.10) and the Sys library in R (ver-
sion 4.4.0), respectively. For the benchmark, CytoNorm version 
2.0.2 was used.

FIGURE 2    |     Legend on next page.
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3   |   Results and Discussion

3.1   |   Highly Enhanced Performance of the Python 
Implementation

We first measured the computation time of our implementa-
tion in direct comparison to the R implementation on an 8-core 
machine and 32GB RAM using three datasets (Table  1 and 
Section 2). Using the default implementation including the clus-
tering step, we found that the Python implementation led to a 
speed increase of 72%–85% (Figure 2A). Upon further inspec-
tion of the runtime of the individual steps, we noticed that most 
of the runtime of cytonormpy was spent in I/O operations and 
the clustering step (Figure S1A). As the R implementation uses 
frequent saving to the hard drive to save cluster-specific data, 
the observed speed difference is best explained by the increased 
amount of I/O operations, as well as the cluster inference in non-
reference data, as it has be shown that the FlowSOM clustering 
itself has a lower runtime in Python compared to its R counter-
part (Figure S1B) [19]. In order to evaluate the performance in-
dependent of the intra-algorithm I/O operations and FlowSOM 
clustering itself, we compared the runtimes while skipping the 
clustering step. Here, our implementation showed a noticeable 
performance benefit of 27%–43% compared to the implementa-
tion in R. This suggests that implementation choices in the R 
version, such as repeated disk I/O and non-vectorized loops, 

are likely responsible for the slower performance. We note that 
a carefully re-engineered R implementation, for example, using 
Rcpp and optimized data flow, could likely reduce runtime 
substantially. However, our focus here is not on benchmark-
ing programming languages, but on providing a fast and well-
integrated CytoNorm implementation for Python workflows.

3.2   |   CytoNormPy Yields Almost Identical Results 
Compared to CytoNorm

We next tested the difference of the resulting normalized values 
comparing the R and Python implementation. We found that 
the values were highly concordant as judged by the normalized 
RMSE values per file (Figure 2B). We could trace the numeri-
cal differences back to small deviations in cluster assignment 
of the cells, as skipping the clustering step resulted in identical 
values for the batch-normalized values between Python and R 
(Figure S1C).

3.3   |   Visualization Techniques

We implemented a dedicated module for data visualization. In 
addition to a normal bi-axial scatter plot, we provide tools to vi-
sualize the normalization impact using kernel density estimates. 

FIGURE 2    |    Benchmarking and cross-language comparison. (A) Runtime comparison. Runtime was determined on the indicated datasets for 10 
runs. Displayed is the median runtime with (left plot) and without the clustering step (right plot) showing a significant improvement of runtime in 
the python implementation compared to R, especially if the default implementation including the clustering step was used. (B) Deviation of normal-
ized expression values comparing python and R. Data were processed as described above, including the clustering step. The root mean squared error 
(RMSE) between the normalized values calculated from the R implementation and the python implementation was calculated per file and channel, 
normalized to the respective channel range and plotted as average over all channels per file (represented by the data points). (C) Visualization of the 
normalization procedure. CytoNormPy implements a scatter plot (left) and a kernel density estimate (middle) in order to visualize the effect of nor-
malization. A spline plot (right) is used to visualize the fitted spline function where individual, user-defined quantile values can be displayed. For all 
plots, the Van Gassen dataset was used. (D) Visualization of the evaluation metrics. Left plot: Earth Mover's distances (EMD) as a measure to quantify 
batch effects are computed before and after normalization as the maximum sample-pairwise EMD between batches. Each data point corresponds 
to a single channel. The red dashed line marks a deviation of zero and points above this line represent channels where the EMD improved after nor-
malization and therefore signifies a batch effect reduction. Right plot: Median absolute deviations (MAD) are calculated per file and channel as a 
measure of biological signal conservation before and after normalization, under the premise that normalization should not significantly alter these 
values. In the scatter plot, the close alignment of most points along the diagonal suggests minimal deviation from the expected post-normalization 
MAD values. The red dashed lines (here: ±0.25) serve as visual thresholds, demarcating boundaries beyond which changes in MAD values might 
indicate a notable effect on the biological signal distribution. [Color figure can be viewed at wileyonlinelibrary.com]

TABLE 1    |    Datasets used in this study.

Dataset
FlowRepository 

accession n batches

n samples 
(reference/
validation) n channels

n cells (reference/
validation)

Van Gassen FR-FCM-Z247 10 40 (20/20) 37 6.193.423 
(2.842.208/3.351.215)

Trussart FR-FCM-Z2L2 2 24 (4/20) 34 8.589.739 
(2.095.046/6.494.693)

DFCI FR-FCM-Z52G 2 39 (4/35) 15 1.910.861 
(508.055/1.402.806)

Note: Statistics for the number of batches within the respective dataset (n batches) as well as the number of individual files (n samples), the channel count (n channels), 
and the number of cells in the reference and validation subsets (n cells) are given. All datasets are mass cytometry datasets.
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A spline plot was implemented that plots the expression values 
and the corresponding goal distribution as a line plot, label-
ing user-defined quantiles for a clear display of the underlying 
fitted function (Figure  2C). For the visualization of the eval-
uation metrics EMD and the MAD, scatter plots are provided 
that plot the respective metrics before and after normalization 
(Figure 2D and Section 2). At last, we added the recently added 
waterfall plot to visualize the sample distribution across clusters 
[2]. The resulting plots are fully customizable using the widely 
used matplotlib and seaborn libraries.

4   |   Conclusion

We present a Python implementation of the CytoNorm algo-
rithm, which has been widely used to remove batch effects 
by reference-driven data normalization. While being fully 
compatible with existing frameworks such as scanpy or py-
tometry, we show that our implementation outperforms the 
R implementation significantly in terms of runtime while 
yielding highly comparable results. Finally, dedicated visual-
ization capabilities enable a comprehensive diagnostic under-
standing of the algorithm by users and allow quantification of 
the effect of batch normalization and conservation of biolog-
ical signal.
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Supporting Information

Additional supporting information can be found online in the 
Supporting Information section. Data S1: cytoa24953-sup-0001-
Supinfo.zip. Figure S1: Function benchmark and comparison. (A) 
Runtime comparison of the individual function parts using FCS files 
as a data input. The runtime was measured for the indicated steps of 
cytonormpy. The majority of runtime is spent in read/write (I/O) and 
clustering operations. The relative difference between the ratios is best 
explained by the number of cells in the reference- and validation-set, 
respectively (compare Table 1). Reading (I) includes both the data read-
ing from disk as well as a transformation step. Writing (O) includes a 
reverse transformation and writing to disk. (B) Approximate runtime 
comparison of individual function stages using FCS files as input. 
Functionspecific timings for R were obtained via Rprof and allocated 
post hoc to each algorithm step (covering ~90% of total runtime, due 
to ambiguous calls and function calls that could not be unambiguously 
assigned to individual steps). Although the Python implementation out-
performs R across all stages, the clustering- and intermediate-I/O-steps 
account for most of the performance gap. (C) Deviation of normalized 
expression values. Data were subjected to the cytonormpy algorithm, 
omitting the clustering step. The root mean squared error (RMSE) be-
tween the normalized values calculated from the R implementation and 
the Python implementation was calculated per file and channel, nor-
malized to the respective channel range and plotted as average over all 
channels per file (represented by the data points). 
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