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object-orientated design with a document-object mapper for both commitment to, and collection
from, the underlying database. The user interacts with the database using an interface of several
CytoPy classes, each designed for one or more tasks. CytoPy is algorithm agnostic, meaning new
autonomous gating, supervised classification, clustering or dimensionality reduction algorithms can
be introduced to this infrastructure and applied to cytometric data using one of the appropriate
classes. CytoPy makes extensive use of the Scikit-learn (20) and SciPy (21) ecosystems.
Throughout an analysis, whenever single cell data are retrieved from the database, they are stored in

memory as Pandas DataFrames that are accessible for custom scripting at any stage.

Following the steps in Figure 1, a typical analysis in CytoPy would be performed as follows

(functions are shown in italics and class names are shown in italics and title-case).

(1) Single cell data are generated and exported from the flow cytometer in FCS 2.0 or 3.0 format.
Experimental and clinical metadata are collected in tabular format either as Microsoft Excel

document or csv file, with the only requirement being that metadata be in ’tidy’ format (22).

(2) A Project is defined and populated with the single cell data and accompanying metadata. Each
subject (e.g. a patient, a cell line, or an animal) has a Subject document containing metadata that are
dynamic and has no restriction on the data stored within, and are associated to one or several
FCSGroup documents. Each FCSGroup document contains one or more FCS files associated to a
single biological sample collected from the subject. This document contains all single cell data,
‘gated’ populations, clusters and meta-information that attains to a single ‘sample’. This also
includes any isotype or Fluorescence-Minus-One (FMO) controls. Compensation is applied to
single cell data at the point of entry using either an embedded spillover matrix or a provided csv file.
The FCSGroup is associated to an FCSExperiment, containing all samples collected under one
particular set of staining conditions. There must always be a Panel document associated to a
FCSExperiment. For this, the investigator must provide a ‘panel design’ in the form of a simple

Excel document (see CytoPy documentation https://cytopy.readthedocs.io/). CytoPy then uses
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In Figure 3, the reference sample is shown in blue and compared to randomly selected samples
shown in red; ten such samples are depicted to ease visual interpretation but there is no limit to the
number of comparisons that can be made in a single plot. While Figure 3A shows the degree of
inter-sample variance for individual fluorochromes and highlights abnormalities in a single channel,
Figure 3B shows the same ten randomly selected samples, individually plotted to overlay the
reference sample, thus illustrating the multivariate drift of a sample compared to the chosen
reference. This allows for identification of samples that are explicit outliers and gives a general

sense of the inter-sample variance in the complete immunological landscape measured.

The approach illustrated in Figure 3 defines methods that are helpful for visually critiquing the
quality of the dataset and that can identify anomalies that should be addressed by changing
technical procedures in data acquisition. To proceed with classifying cells into known phenotypical
subsets we must take into account this technical variation. This is achieved in traditional manual
gating by laboriously adjusting gates on a per-sample basis, with considerable variation depending
on the investigator. For automated classification by supervised methods, we instead choose our
training data in such a way that inter-sample variation is accounted for. CytoPy provides the
similarity_matrix function and the output is shown for each sample type in Figure 4. Unlike the
visualisation techniques depicted in Figure 3, the similarity_matrix function quantifies the inter-
sample variation by computing a pairwise statistical distance for each possible combination of
samples. The statistical distance shown in Figure 4 is the square root of the Jenson-Shannon

divergence (the default choice for this function), given by:

JKL® Ilm) + KL(q 1 m)
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Jenson Shannon distance =

Where m is the pointwise mean of the left probability vector p (PDF of the first sample) and the

right probability vector g (PDF of the second sample). KL is the Kullback-Leibler divergence. The



