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Abstract 

T he gro wing a v ailability of high-dimensional, comple x datasets demands analy sis methods that are both interpretable and fle xible. We introduce 
Flo wSets, a no v el frame w ork f or identifying and analy sing flo ws—fuzzy, interpretable patterns—across multiple, diverse, and heterogeneous data 
sets. Views are constructed as an interpretation of biological features of the data sets by grouping absolute or relativ e v alues, summary statistics 
(such as fold changes or P -values), or higher-order comparisons into fuzzy, linguistically defined categories based on their underlying distributions. 
FlowSets builds on these fuzzy categorizations and then tracks how features transition between categories across different conditions or data 
types, unco v ering str uct ural patterns that con v entional methods often o v erlook. T he Flo wSets frame w ork enables users to define, analy se, and 
manipulate complex patterns across heterogeneous datasets in a flexible and interpretable manner. With FlowSets, users can visualize feature 
flows, quantify pattern memberships, and perform enrichment analysis explicitly designed for sets with gradual memberships. This approach 
offers a robust and customizable alternative to rigid clustering or hard thresholding, allowing for a more transparent and insightful interpretation 
of multidimensional biological data. 
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solving expression dynamics across cell types, conditions, and 

time points. Simultaneously, proteomics and bulk RNA-seq re- 
main standard tools, often across large numbers of replicates 
or experimental conditions. 

This expansion of available techniques has enabled com- 
plex, multi-dimensional studies, with increasingly complex 
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enome-wide high-throughput technologies, such as pro-
eomics, bulk and single-cell RNA sequencing, are increasingly
ccessible and widely adopted. The rapid growth in single-cell
NA-seq (scRNA-seq) studies, for instance, reflects both the

calability of current protocols and the growing interest in re-
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setups spanning genes, transcripts, proteins, metabolites, and
cell states, but it has also introduced new challenges for data
interpretation. 

Discovering features that behave similarly within omics
data has become a central task in computational biology. Par-
allel coordinates plots and heatmaps provide a simple visual
summary of behaviour that can be used alongside more ad-
vanced computational approaches [ 1 ]. Classical clustering al-
gorithms, including k-means [ 2 ], hierarchical clustering [ 3 ],
and fuzzy c-means [ 4 , 5 ], have historically provided the foun-
dation for pattern detection in single-omics datasets. While
effective for broad structure discovery, these methods assume
comparable signal distributions across features and are sensi-
tive to normalization, distance metrics, and arbitrary parame-
ter choices. As a result, features may share overarching cluster
assignments despite exhibiting substantially different magni-
tudes or shapes. Methods tailored to omics-specific character-
istics have attempted to alleviate these issues. For example,
WGCNA [ 6 , 7 ] constructs weighted gene co-expression net-
works to identify modules with coordinated behaviour, em-
phasizing correlation-based structure rather than absolute ex-
pression levels. Likewise, trajectory-aware approaches such as
Tempora [ 8 ] leverage temporal labels and pathway informa-
tion to infer dynamic transitions within time-series single-cell
RNA-seq data, integrating both temporal and functional con-
text into pattern discovery. 

With the rise of multi-omics experiments, integrative pat-
tern detection has become increasingly important [ 9 , 10 ].
Component- and factor-based approaches such as DIABLO
from the mixOmics suite [ 11 ] and Multi-Omics Factor Anal-
ysis [ 12 ] enable joint exploration of multiple molecular lay-
ers by identifying latent components that capture shared or
complementary structure. These models allow users to ex-
tract cross-layer signatures, though their interpretability can
be limited by model complexity and reliance on latent variable
assumptions. 

If patterns are first identified separately within each omics
layer, they can subsequently be compared or combined across
layers [ 13 , 14 ]. Tools such as MiBiOmics [ 15 ] facilitate this
by relating modules between omics types. Likewise, Omic-
sTIDE [ 16 ] enables pairwise trend comparison through clus-
tered profile matching and linked visualizations. While effec-
tive for cross-layer comparison, these methods rely on discrete
clustering, which may obscure subtle or heterogeneous signal
patterns. 

The purpose of all of these methods is to exploratively
identify patterns. However, when one has a hypothesis about
the experiment and wants to explicitly analyse a specific pat-
tern, these methods do not provide the possibility to define
and analyse such a pattern. Additionally, a directed analysis
is hampered, as the methods are operating on summarized,
complex, and non-interpretable metrics. 

In our approach, the signals of a feature (gene, protein,
etc.) are first categorized independently within each (omics)
layer, producing interpretation views such as cell type cluster
characterizations. These views are then each represented by
fuzzy sets [ 17 ], in which features receive degrees of member-
ship rather than binary assignments. This allows a feature to
partially belong to multiple categories, providing a more nu-
anced and information-rich representation of its behaviour. 

Features or linkages that appear across all views can subse-
quently be connected through their fuzzy memberships, form-
ing the FlowSets diagram. This representation is inherently
time- and order-agnostic, yet supports targeted exploration of 
specific genes or expression patterns. The FlowSets framework 

is designed for scalability and enables users to analyse large 
series datasets by leveraging the flexibility of fuzzy set theory.

A key advantage of fuzzy sets is their ability to represent 
gradual signal differences more naturally than discrete classi- 
fication. They also allow expression values to be interpreted 

as linguistic classes, such as ‘low, ’ ‘medium, ’ or ‘high, ’ improv- 
ing interpretability . Additionally , FlowSets can be applied to 

differential analysis results, where fold changes serve as sig- 
nals. This makes sequences of differential comparisons both 

comparable and comprehensible, extending the framework 

beyond raw expression data. 
The FlowSets framework, incorporating the above- 

described concepts and visualizations, is available on GitHub 

( https:// github.com/ zimmerlab/ FlowSets ). 

Materials and methods 

FlowSets is an alluvial-type analysis framework for omics data 
that is based on features with partial set membership. Signal 
values are transformed into linguistically defined categories 
based on their underlying distributions (e.g. from ‘low’ to 

‘medium’ to ‘high’). Features are assigned fuzzy set member- 
ships, enabling them to be assigned to multiple classes rather 
than to strict, discrete categories. These per-layer fuzzy inter- 
pretations are referred to as views . Each view, such as cell-type 
clusters, conditions, or time points, offers a distinct perspec- 
tive on the observed system by grouping measured or derived 

feature values into fuzzy sets. The transitions of these features 
across views are visualized as flows in FlowSets (Fig. 1 a). 

FlowSets provides two complementary representations.
The first is a fuzzy extension of an alluvial diagram [ 18 ] (the 
FlowSets diagram ). Because alluvial diagrams are defined vi- 
sually rather than mathematically, the underlying structure is 
formalized as an ordered, multipartite, weighted graph (the 
FlowSets graph ) whose edges encode joint fuzzy membership.
A key principle of FlowSets is the focus on specific subsets 
within the FlowSets graph, referred to as FlowSets patterns . 

FlowSets input: fuzzy values 

Fuzzy set theory [ 17 ] is well suited for discretization when the 
assignment to a category is unclear (e.g. for values close to 

a cutoff), because it allows partial membership across cate- 
gories. Gene-expression measurements, for instance, are exact 
in form but uncertain in reality, so modelling them as a dis- 
tribution rather than a single value provides a more accurate 
description of the underlying signal. 

The continuous value of features (e.g. gene expression) 
is divided into user-defined fuzzy sets representing linguistic 
classes, according to the signal distribution of the feature and 

the membership functions. The meaning of a fuzzy set, its 
size, and membership function are problem-specific. FlowSets 
is based on fuzzy values as input; to allow continuous in- 
put, FlowSets offers a preliminary fuzzification procedure,
where Gaussian, triangular, and crisp membership functions 
are available. The positions of the fuzzy sets can be specified 

either by providing their centres, by distributing them evenly 
from the minimum to the maximum values, or by using quan- 
tiles of the data distribution. But any other fuzzification ap- 
proach is also incorporable, so that even more complicated 

approaches for deriving fuzzy values can serve as input [ 19 ]. 

https://github.com/zimmerlab/FlowSets
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Figure 1. ( a ) FlowSets for a single feature, including the naming 
con v entions. At each view and fuzzy set, the membership of the 
observed feature is given in the grey box. There are four paths through 
the multi-partite graph for the feature. For the unrestricted FlowSets, the 
width of each edge shows the joint membership of two fuzzy sets. The 
edge highlighted by the red arrow has a joint membership of 0.6, 
represented by the width of its alluvium, based on memberships of 0.8 at 
the source node and 0.75 at the target node. ( b ) When restricting the 
flow of the observed feature to just a selection of edges (pattern: all 
decreasing edges in the last transition, selected edges are still shown), 
the sum of the membership of each feature is reduced to the 
membership in the remaining three paths. A dynamic programming 
algorithm is implemented, which provides the desired reduced 
membership for the pattern. However, in this example, the membership 
of the feature decreases in the last transition, meaning that the displa y ed 
memberships (and the subsequent visualization of the weights on the 
edges) may be misleading. ( c ) To address this, a bac ktrac king step is 
introduced that propagates the pattern membership back to the initial 
view according to the weights of the remaining edges. The weights for a 
feature are then the same for each view and transition of the restricted 
FlowSets. 
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Every feature f ∈ F with signal x , and for every view v k ∈
 has certain membership values F i v k 

(x ) which assigns feature
f with a given membership value to the respective fuzzy set
i in this view. A fuzzy concept is the set of all desired mem-
bership functions within a single view F C v k = { F 1 v k 

, . . . , F | v k | v k } .
Note that the fuzzy concept does not have to be the same
across all views, and even | v k | the number of fuzzy sets for
view v k can differ. The fuzzy values of x in F C v k in a view v k
is thus a vector of length | v k | . The membership reflects the ex-
tent to which a feature is contained within a specific view. It
typically is ensured that for every feature f the sum 

∑ | v k | 
i =1 F 

i 
v k = 1. 

FlowSets diagram: visual appearance 

A FlowSets diagram generalizes classical alluvial diagrams by
replacing crisp set assignments with fuzzy set memberships.
Consider a sequence of views v ∈ V , each corresponding to
a layer in the diagram. Every view v contains a finite collec-
tion of sets, each representing a linguistic variable that char-
acterizes the distributional position of a feature (e.g. ‘low,’
‘medium, ’ ‘high, ’ to represent, for example gene expression
levels). Let F denote the set of genome-wide features. 

Instead of assigning each feature f ∈ F to exactly one set
within a view, FlowSets employs graded (fuzzy) membership
functions. Thus, a feature may simultaneously belong to mul-
tiple linguistic sets within the same view, with degrees of mem-
bership in [0,1] that reflect its relative position in the underly-
ing distribution. 

A FlowSets diagram is defined as an ordered collection of K
views, v 1 , . . . , v K , displayed along the x -axis (Fig. 1 a). For any
two neighbouring views v k and v k +1 , the alluvia linking sets
across these views represent joint membership of features in
the corresponding fuzzy sets. For a feature f , this joint mem-
bership is computed using a fuzzy ‘AND’ operator applied to
its membership degrees in the two sets. The width of each al-
luvium is then given by the sum of these joint memberships
over all f ∈ F . 

FlowSets graph: underlying data structure 

The FlowSets graph representation consists of nodes, repre-
senting all fuzzy sets in all views F i v k 

, and edges, connecting
fuzzy sets of neighbouring views according to the chosen order
of views, e.g. (F i v k 

, F j v k +1 
) for 0 < i ≤ | v k | and 0 < j ≤ | v k +1 | .

These edges are representing the joint membership of features
from a specific fuzzy set i (e.g. ‘low’) in a view v k to a fuzzy
set j (e.g. ‘high’) in the next view v k +1 . Given these properties,
a weighted, ordered, and multipartite graph is constructed. 

In order to calculate the joint membership for each feature,
which is depicted as weight on the edge between two fuzzy
sets, the respective memberships are multiplied ( edge weight ):
F i v k 

· F j v k +1 
. For a set of features, the weight of an edge is de-

fined as the sum of all feature edge weights. In the traditional
alluvial diagrams, a feature is contained with a membership
of 1 in exactly one set of each view. Then, the membership of
this feature in the edge from a crisp classification for a fea-
ture contributes with an edge weight of 1 to exactly one edge
between subsequent views in the FlowSets graph. In the fuzzy
case, this edge membership can be distributed over many or
all edges from view v k to view v k +1 . 
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Table 1. FlowFinder language for selecting pattern of interest 

Symbol Meaning 

? Any transition 
= Stays in the same class 
x Changes the class in any direction 
∼ Remains approx. at same class ( ± 1) 
> Decreases class 
� Decreases class > 1 
< Increases class 
� Increases class > 1 

Between each view, the transition can be specified using the symbols below. 
At each view the user can also specify minimum or maximum class per view. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

F eature-centric anal ysis 
The feature-centric analysis in FlowSets allows to focus on
a subset of features F 

′ ⊂ F in the entire FlowSets represen-
tation. Subsetting features does not change the membership
of the other features, because they are independent of each
other, but the summarized weights differ. Individual features
or groups of features can be compared to the weights of the
entire dataset, and also be highlighted in comparison to the
background in the visualization. Complex regulatory patterns
across views of subsets of features can become apparent and
further analysed. 

Pattern-centric analysis 
A pattern-centric analysis focuses on analysing how features
behave across a selected subset of edges and nodes that de-
fine a specific pattern. Such a selection of specific fuzzy sets or
edges over all views is also called a restricted FlowSets graph
(Fig. 1 b). 

We define a path within the FlowSets graph as an ordered
list of nodes, which traverses all views exactly once F ∗v 1 →
... → F ∗v K , where ∗ is a selected node. From the definition of
edges it follows that within each view exactly one fuzzy set
is covered. Paths are observations of specific fuzzy sets or
changes across different views. The membership of a feature
within a path expresses the membership with which the fea-
ture is contained in all fuzzy sets of the path. A closed formula
for the path weight can be derived as: 

pw ( f ) = 

K ∏ 

k =1 

F ∗v k . (1)

In the unrestricted FlowSets (the unmodified alluvial dia-
gram applied independently to each feature), the fuzzy mem-
berships of all possible paths for a given feature sum to 1. 

A FlowSets pattern is defined as a set of paths, leading to
a restricted FlowSets. Here, the memberships for a feature do
not sum up to one, but rather to a membership of every feature
to the pattern. 

Patterns are specified using the FlowFinder pattern lan-
guage (Table 1 ) to support user-friendly specification,
FlowFinder identifies nodes and edges that satisfy the defined
pattern criteria. These criteria may describe transitions be-
tween views, requiring paths to remain within the same fuzzy
set, or, as fuzzy sets often express relative positions, directional
changes used to analyse trends. Node subsetting can be ex-
pressed by selecting the minimum or maximum linguistic class
within individual views. 

By constraining both nodes in each view and the edges be-
tween them, users can define complex FlowSets patterns. 
The membership of a feature for a FlowSets pattern is sim- 
ply the sum over the membership in all paths of the pattern 

( pattern weight ). 

Pw ( f ) = 

∑ 

i ∈ paths 

pw i ( f ) (2) 

and the pattern weight for a set of features F 

′ is: 

Pw (F 

′ ) = 

∑ 

f∈F ′ 
Pw ( f ) . (3) 

Complexity of pattern membership calculation 

In traditional alluvial diagrams, subsetting is a straightfor- 
ward task based on simple Boolean logic (included or ex- 
cluded). However, in FlowSets, features are partially reduced 

based on their fuzzy memberships. 
The computational complexity of the subsetting problem 

depends critically on whether the restriction is applied only to 

nodes v k leading to v ′ k , or also to edges between the remaining 
nodes in v ′ k . When subsetting the nodes of a FlowSets only 
(leading to the induced subgraph), the distributive property 
allows the pattern weight of a feature 

Pw ( f ) = 

K ∏ 

k =1 

| v ′ k | ∑ 

i =1 

F i v ′ k 
, (4) 

can be computed in linear time, which is of the order O(K ∗ n ) ,
where n is the maximum number of fuzzy sets per view. In con- 
trast, edge subsetting, and thereby supporting the full range 
of FlowSets patterns, induces a considerably higher level of 
computational complexity. The most direct approach requires 
computing the memberships of a feature across every possi- 
ble path within the restricted FlowSets. However, because the 
number of such paths can be exponential within the number 
of views K, this approach quickly becomes computationally 
infeasible O 

(
n 

K 
)
, particularly for datasets with many views. 

Fortunately, it is not necessary to explicitly enumerate all 
individual paths. Since only the sum of the memberships of 
all selected paths is relevant for determining the membership 

for each feature in a pattern, the individual paths themselves 
do not need to be explicitly computed. Making use of the pre- 
fix property for pattern weights in FlowSets, a dynamic pro- 
gramming algorithm provides the same reduced memberships 
while reducing the complexity from exponential to quadratic,
approximately in O 

(∑ K−1 
k =1 n v ′ k 

∗ n v ′ k +1 

) ≤ O 

(
K ∗ n 

2 
)
. 

Calculating the membership for a pattern 

Starting from the first view, the membership of the remain- 
ing fuzzy sets v ′ k are considered and all remaining edge mem- 
berships are computed in a dynamic programming fashion 

(Fig. 1 b). The prefix scores D 

i 
v ′ k 

for the memberships for all 

prefix paths up to view v ′ k ending in F i v ′ k 
are calculated. For 

each selected edge, the membership can flow proportionally 
to the next view from one fuzzy set F i v ′ k 

to another fuzzy set 

F j v ′ k +1 
in the next view, by a factor of the membership in the 

next view. For each node in the next view, the edge member- 
ships for all connected nodes I is summed up to obtain a prefix 

score that serves as new starting membership for the next step.

D 

j 
v ′ k +1 

= 

∑ 

i ∈ I 
D 

i 
v ′ k 

∗ F j v ′ k +1 
. (5) 
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This constrains the overall membership of the feature in
ll classes of the view to be at most equal to its value in the
revious view, but it is further reduced if edges or fuzzy sets
ith membership of this feature are not selected. 
The steps are consecutively performed for all views. At the

nd of this iterative process the memberships for all fuzzy
ets in the final view are calculated. Here, these memberships
re summed up for each feature, which then equals the total
remaining) membership for each feature within the selected
attern. 
It is then known how much of the membership can still be

assed through the graph. However, the weights of the flow
ay be misleading, as the incoming weight is not necessarily

he same as the outgoing weight for every node (e.g. due to de-
elected edges and dead ends). This can optionally be adjusted
or every feature with a backtracking step (shown in Fig. 1 c),
o that the cut of each bipartite graph equals the pattern
embership. 
The memberships in the fuzzy sets of the last view are back-

racked to the first view, for which a corresponding backtrack-
ng matrix B is constructed. By iterating through all views in
everse order, the memberships are distributed proportionally
o the edges used in the dynamic programming phase. The fi-
al memberships for each node are computed as 

B 

j 
v ′ k −1 

= 

∑ 

i ∈ I 

D 

j 
v ′ k −1 

∗ B 

i 
v ′ k ∑ 

l∈ L D 

l 
v ′ k −1 

, (6)

here I are all nodes in view v ′ k connected to F j v ′ k −1 
and L are

ll nodes in view in v ′ k −1 connected to F i v ′ k 
. These memberships

an then be summed for each edge and node, providing the
rue weight of the edges for the selected pattern. 

Once the membership of each feature for a pattern in the
ystem is known, various downstream analyses can be per-
ormed, such as identifying the features with the highest mem-
ership in the given pattern or performing pathway over-
epresentation analysis as described below. 

nrichment of resulting flows 

o assess the membership of pathways or gene sets within a
attern, two approaches can be used. First, the memberships
f features within the pattern can be thresholded, enabling
he application of traditional gene set enrichment analysis. Al-
ernatively, we propose a fuzzy gene set over-representation
nalysis, which directly incorporates the membership of each
eature into the enrichment process. Similar to the traditional
pproach, gene-set over-representation analysis here is viewed
s an over-representation of a particular set of features within
he data. Thus, for each gene set F 

′ , we sum up the mem-
ership of the genes from the gene set within a given pattern
w (F 

′ ) . We then calculate the gene set coverage (the frac-
ion of the summed-up memberships) by dividing the num-
er of measured genes from the gene set. Typically the distri-
ution of gene set coverage is zero-inflated (many gene sets
re not covered) and their coverage is highly dependent on
he gene set size [ 20 ]. Therefore, using a simple standard ap-
roach, all gene sets were assigned to bins based on the num-
er of genes they contain. By default, the bin boundaries are
, 10, 50, and 100. Within these bins, all non-zero gene set
overages are z-scaled, and for the positive z -values (over-
epresentation), P -values are then derived from the survival
unction of the underlying normal distribution. The result-
ing P -values for all gene sets are multiple testing corrected
(Benjamini –Hochberg). As input for gene sets, any list def-
inition of features can be used (gmt format), such as Reac-
tome pathways [ 21 ], Gene Ontology [ 22 ], or MSigDB path-
ways [ 23 ], while custom gene sets can also be added. 

Use-case data 

The data for the use-case study was obtained from a S AR S-
CoV-2-related study in which pneumonic (symptomatic) and
non-pneumonic (non-symptomatic) patients were character-
ized using scRNA-seq analysis [ 24 ]. In this use case, we focus
only on pneumonic versus non-pneumonic samples and there-
fore exclude the control group from the analysis, which con-
siders three time points of infection. All analyses shown here
were performed on the monocyte subset of the full dataset. 

Gene set over-representation was performed on Gene On-
tology [ 22 ] biological processes with five or more associated
genes per gene set. 

Results 

With the FlowSets framework, it is possible to analyse com-
plex data sets using fuzzy set theory for discrete measurement
data. The framework is agnostic to the used input data and can
even combine multiple input data types (e.g. transcriptomic
measurements and proteomic ones) by abstracting measured
signals into linguistic classes (fuzzy sets). 

To highlight the applicability of FlowSets, we demonstrate
the analysis of biomedical data. The use-case dataset consists
of human peripheral blood mononuclear cells (PBMCs) of
patients with pneumonic (symptomatic) and non-pneumonic
(non-symptomatic) COVID-19, analysed at three distinct
timepoints [ 24 ]. This dataset is thus well suited for a FlowSets
analysis because it allows for (i) an analysis of gene expression
data along the distinct time points for each disease state and
(ii) a double-differential comparison along the time point se-
ries and between the two disease states. In this study we focus,
like in the original publication, on monocytes. Hence, this use
case operates only on (differential) gene expression data from
the monocyte cluster. 

The fuzzy nature of FlowSets applies exceptionally well to
zero-inflated distributions like scRNA-seq data because lin-
guistic classes can be used to differentiate between cells ex-
pressing and cells not expressing a gene within one cluster. Ad-
ditional fuzzy sets can be used to describe the distribution of
gene expression values and thus not only enable to see changes
in the intensity of gene expression, but also in the fraction
of expressing cells, offering an alternative method for man-
aging the inherent complexity of gene expression patterns in
scRNA-seq datasets. 

FlowSets provides instructions for creating gene expression
output directly from Seurat [ 25 ] or scanpy [ 26 ] objects (see
GitHub repository), resulting in a file with one mean expres-
sion value per gene, and corresponding standard deviation
and percent expressing cells. Given this additional informa-
tion about the distribution of the gene expression values, the
fuzzification can be performed by sampling from such defined
distribution (here: 1000 samples). These are then fuzzified and
averaged for each sample, and weighted by the fraction of cells
expressing the particular gene. This way, scRNA-seq gene ex-
pression is accurately represented in a fuzzified form. The sum-
marized expression is read in by FlowSets, and for each gene,
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Figure 2. ( a ) FlowSets illustrates the flow of 25 767 genes in the non-symptomatic monocytes of the scRNA-seq dataset. The signal intensity of the 
starting set determines the colour of the edges. ( b ) A FlowSets pattern was applied to highlight a subset of flows in the FlowSets plot that indicate 
decreasing gene activity across time points 1 to 3, as identified by the FlowFinder routine. ( c ) Gene memberships for the pattern in the 
non-symptomatic sample. Highlighted in red are the members of the long ISG signature. Mean and standard deviation are calculated for all non-zero 
memberships, with red lines indicating the mean, a z -score of 1, and a z -score of 10. ( d ) Membership of all ISG signature features across all views and 
fuzzy sets, aggregated along the y -axis. ( e ) Results of gene set over-representation analysis on combined target flows for monocytes from 

non-symptomatic patients, filtered for size ( > 5 genes) and significance (adjusted P -value < .05). In brackets first the fraction of the summed-up 
memberships and then the gene set size are shown, which also is visualized as size of the dots. The red line indicates a cut-off of 0.05. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

at each view, the expression is transformed into a membership
for each designated fuzzy set of the fuzzification. In this anal-
ysis, we choose six fuzzy sets ( ‘NO’, ‘LOW’, ‘LOWMED’,
‘MED’, ‘MEDHIGH’ and ‘HIGH’ ) as triangular member-
ship functions with their peak/centre at log-UMI 0.4, 0.8, 1.2,
1.6, 2, and 2.4. 

When analysing the data, we first want to get an overview of
gene expression patterns over the disease states of the mono-
cyte cluster (Fig. 2 a). In the complete FlowSets diagram, it
can be seen that a majority of genes are not expressed and
do not change over the series and remain in the ‘NO’ set.
Only a few genes are in the medium or high expression range,
which is depicted by only thin lines. Nonetheless, we are in-
terested in specific expression patterns that are indicative of
the studied S AR S-CoV-2 infection. These are genes, which are
initially highly expressed in order to tackle the infection and
then return to a lower expression set (Fig. 2 b). Flows follow-
ing such a pattern can be selected using the FlowFinder routine
(sequence = [‘ > ’, ‘ ≥’], minLevels = [‘LOWMED’, None, None],
maxLevels = [‘HIGH’, ‘MED’, ‘LOW’]). 

For the selected pattern, it is possible to identify the
genes with the highest membership scores within these flows
(Fig. 2 c). From the original publication it is known that the 
interferon-stimulating genes play a major role in early stages 
of S AR S-CoV-2 infection and signatures were derived (ISG- 
signature short and long). Unsurprisingly, many genes from 

these ISG signatures are among the top genes representing the 
pattern. On the other hand, it also becomes apparent that the 
membership within the pattern drops fast to below 0.25, indi- 
cating that these genes have the majority of their membership 

in other flows. With the FlowSets framework it is possible to 

have a closer look at the memberships of specific genes over 
all views and fuzzy sets (Fig. 2 d). For instance, the genes IFI27,
IFI44L, IFI6, IFITM3, ISG15, and LY6E show a high expres- 
sion level at TP1 and then a decreasing expression at views 
TP2 and TP3. With this functionality it is possible to differen- 
tiate the behaviour of specific genes. 

The FlowSets framework provides means to analyse the 
memberships for the full FlowSets or a selected pattern 

also on a pathway or gene set basis. For each pattern, it 
is checked whether a specific gene set (e.g. from a collec- 
tion like Reactome [ 21 ] or Gene Ontology [ 22 ]) is over- 
represented. Here, we performed such analysis on the pat- 
tern using Gene Ontology biological process gene sets and 
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he two ISG gene signatures from the original publication
 24 ]. Gene set over-representation results were filtered for
ignificance (adjusted P -value < .05) and minimum gene set
ize ( > 5 genes), as very small pathways were not consid-
red of interest, and visualized in Fig. 2 e. It is reassur-
ng that the ISG signatures are found significantly enriched
n the pattern. Moreover, compared to the symptomatic
lowSets, we can see that the short ISG gene set is better cov-
red (pathway coverage Pw non _ sympt (ISG _ SHORT ) = 0 . 31
ersus Pw sympt (ISG _ SHORT ) = 0 . 26 ). Interestingly, several
itochondrial processes appear among the top 20 over-

epresented gene sets in the non-symptomatic data, suggest-
ng that their upregulation may contribute to coping with the
isease, consistent with previous reports [ 27 ]. 
Next, we are interested in identifying key differences be-

ween symptomatic and non-symptomatic patients. Again, we
oncentrate on the monocytes within the dataset because these
re known to be key indicators for disease outcome [ 28 , 29 ]. A
ifferential comparison between the two disease-state groups
as therefore performed for each view using Seurat’s Find-
arkers function. The thereby returned single differential ex-

ression results were concatenated into a discrete series, and
he log 2 fold changes are used as input for FlowSets. The
uzzy sets are defined such that a gene is clearly up-regulated
abs(fc) of 1] in one group ( SYMPT or ASYMPT ), most abun-
ant [abs(fc) of 0.5] in one group ( sympt or asympt ) or
odiff if either the fold change is too small, or there was
o significant fold change. Given the centres of the fuzzy
oncepts, their widths are automatically derived by FlowSets.
gain, we first checked the overall patterns of the 314 Seurat-

dentified genes (Fig. 3 a). A larger set of genes, which is more
revalent in sympt at TP1 can be noted, while no such flow
s visible in asympt . This warrants a closer look at flows that
ave a disease-associated pattern (e.g. changing from one ex-
reme at TP1 to the other, or no regulation, at TP3; Fig. 3 c
nd d). For both restricted FlowSets, gene set enrichment on
he pattern membership was performed. Again, results were
ltered for significance, and gene set size and finally sorted by
djusted P -value (Fig. 3 e and f). 

In the symptomatic cases (Fig. 3 e), it is interesting to see
n up-regulation of apoptotic process as well as a viral entry
nto host cell (Fig. 3 g). Albeit not significant anymore, among
he top 20 gene sets in the symptomatic case, many apoptosis-
nd cell death-related gene sets are identified. Again, this is
xpected, as programmed cell death is a hallmark of severe
OVID-19 infection [ 30 ]. Likewise, there are many gene sets
ssociated with T-cell activation found for genes up-regulated
n the non-symptomatic case (Fig. 3 h). It is also possible to
onfirm the finding that ISG-related gene signatures are over-
epresented in non-symptomatic patients. 

These results show that FlowSets is able to easily extract
elevant processes and activities from gene expression or dif-
erential gene expression data. It was possible to recapitulate
he results from the original publication and to identify key
rocesses like cell cycle activity only uncovered recently. 
An illustrative comparison with unsupervised clustering is

hown in Fig. 3 b. For the differential expression results gen-
rated with Seurat, clustering fold change profiles is more
traightforward than clustering expression values directly,
aking comparison with clustering-based approaches more

ppropriate. Accordingly, the same fold change values used
or FlowSets were imported, non-significant fold changes were
et to zero, and the genes were clustered by k-means across
a range of cluster numbers. The resulting clusters were then
tested for over-representation against the same GO annota-
tion using ORA as implemented in the Python package gseapy
[ 31 ]. Across k = 3 to k = 9, k-means recovers cluster profiles
that are very similar to each other. For direct comparison, k
= 4 was selected; in this setting, clusters 0 and 1 most closely
matched the two FlowSets patterns of interest. For cluster 0,
gene set enrichment identified only a strict subset of the signifi-
cant pathways detected with the FlowSets-based gene set anal-
ysis, whereas cluster 1 yielded no significantly enriched terms.
This is most likely due to the clustering itself, as some of the
genes in the cluster have a quite different trajectory than the
cluster profile and thus also do not follow the FlowSets pat-
tern. Furthermore, the ISG-related signature that was impor-
tant according to the original publication was not recovered
by the k-means approach. In this example, FlowSets, therefore,
provided a more sensitive enrichment analysis. Overall, these
results indicate that targeted rule-based filtering with FlowSets
provides a straightforward and effective strategy for address-
ing focused research questions. 

Discussion 

Here, we present the FlowSets framework, which allows fuzzy
set-based analysis of (discrete) series data on any kind of sig-
nal, including expression and differential values. While we are
showcasing the use on scRNA-seq data, the framework can be
applied to a whole range of data, from RNA-seq, over other
omics data and even spatial technologies. 

FlowSets is an explicit, rule-based method for defining pat-
terns of expression. Visual methods, like parallel coordinate
plots, often only visualize input signals for patterns or clusters
and require an analytical method to identify them. FlowSets
can be used for assigning features into soft clusters and could
be integrated in a parallel coordinate plot with pattern mem-
berships visualized as colour or transparency. Unlike all tradi-
tional approaches that use linear modelling on (pseudo-)time
or unsupervised clustering (e.g. WGCNA), FlowSets enables
direct selection and interpretation of user-defined or biologi-
cally guided expression patterns. Because the methodology is
qualitatively different and more flexible by defining explicit
patterns on custom views, a direct comparison to tools like
WGCNA is not fully appropriate. 

In our showcase, we had a consistent fuzzy set structure
across multiple measurement data. This consistency enables
straightforward comparison across dimensions in multidi-
mensional datasets, making it easier to identify systematic pat-
terns and dynamic changes. But it would also be possible to
use multiple views on a single measurement. As biological fea-
tures (e.g. genes or proteins) are often described using multiple
metrics, such as statistical significance and effect size. These
metrics can sometimes lead to contradictory conclusions. By
combining or visualizing them together a more realistic and
informative view of the data can be achieved. 

An additional layer of information can be obtained by in-
tegrating different omics technologies (e.g. transcriptomics,
proteomics, and epigenomics), each of which captures a dis-
tinct view. When related entities are present in the different
omics layers, a clear linkage can be used as a feature (e.g.
transcript –protein relation). In more complicated scenarios in-
volving 1:m mappings between entities (e.g. gene –transcript
relation), either every combination can be used as a feature,
or the features of one of the layers can be summarized to
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Figure 3. ( a ) FlowSets depicting fold changes in gene expression between symptomatic and non-symptomatic patients’ monocytes ( n = 314 genes). 
The edges are coloured according to the direction of the fold change of the starting set. ( b ) Shows a conventional clustering-based analysis of fold 
change profiles using k-means. For k = 4, the resulting cluster-specific expression profiles are displa y ed. On the right, o v er-representation analy sis (ORA) 
w as perf ormed using the same GO Biological P rocess gene sets, and only significantly enriched terms w ere retained (adjusted P -v alue < .05). Similar 
patterns were selected in the restricted FlowSets indicative of ( c ) symptomatic or ( d ) non-symptomatic disease progression, selected based on 
decreasing expression classes across all views of the series. ( e + f ) FlowSets enrichment analysis on pattern membership for (e) symptomatic and (g) 
non-symptomatic cases using Gene Ontology (biological process) gene sets. ( g + h ) Shows the flow for one selected gene set for each pattern. 

 

 

 

 

 

 

 

 

 

 

 

resolve the linkage. Creating an integrated pattern that brings
these layers together enables biological consistency to be as-
sessed and multi-level regulatory effects to be identified. Link-
ing biological entities can also be used to analyse more com-
plex relationships, such as gene regulation or protein –protein
interactions, which depend on multiple features and types of
evidence. For instance, regulatory edges can be used as a fea-
ture, described by the expression levels of the regulator and
target, and a computed regulation score. Combining all rel-
evant views into a single composite pattern via FlowSets en-
ables more accurate modelling and provides greater insight
into complex biological systems. 
With the analyses performed, we are able to efficiently re- 
produce known facts about COVID-19 and reproduce find- 
ings from the selected use-case publication. An essential part 
of the analysis was querying disease-related processes based 

on condition-specific expression patterns. Given a new dataset 
and scientific question, FlowSets provides a framework for the 
discovery of relevant gene expression patterns, and identifica- 
tion of key gene sets and active biological processes. This fa- 
cilitates both a broad overview of relevant mechanisms and 

the targeted investigation of pathways that exhibit consistent 
patterns across multiple views. It is also easy to perform a tar- 
geted analysis by highlighting genes or gene sets within the 
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ows between views or fuzzy sets. In contrast to explorative
ethods, FlowSets allows both a feature-centric and a pattern-

entric analysis of the data: it can be performed on any target
ene or pattern, regardless of whether it has been identified as
pecifically interesting by the method. 

onclusion 

n summary, the FlowSets framework enables easy and
omprehensible analysis of complex multi-dimensional data.
lowSets can be applied to any type of expression data,

n particular to the results of differential expression analy-
is. The user can select expression patterns of interest, and
lowSets is able to identify even subtle differences in expres-
ion between user-defined views. Views are represented as
ell-defined fuzzy concepts enabling the definition and inter-
retation of patterns. At all stages of the analysis, the interpre-
ation of the data is supported by meaningful visualizations.
hus, FlowSets is a versatile tool for analysis of many different
odalities, even beyond the gene expression community. 
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