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Abstract
Protein networks are commonly used for understanding the interplay between proteins in the
cell as well as for visualizing omics data. Unfortunately, most existing high-quality networks
are heavily biased by data availability, in the sense that well-studied proteins have many
more interactions than understudied proteins. To create networks that can help elucidate
functions for the latter, we must start from data that are not affected by this literature bias, in
other words, from omics data such as single cell RNA-seq (scRNA-seq) and proteomics.
While networks can be inferred from such data through simple co-expression analysis, this
approach does not work well due to high sparseness (many transcripts/proteins are not
consistently observed in each cell/sample) and redundancy (many similar cells/samples are
analyzed) of such data. We have therefore developed FAVA, Functional Associations using
Variational Autoencoders, which deals with both issues by compressing these
high-dimensional data into a dense, low-dimensional latent space. We demonstrate that
calculating correlations in this latent space results in much improved networks compared to
the original representation for large-scale scRNA-seq and proteomics data from the Human
Protein Atlas, and from PRIDE, respectively. We show that these networks, which given the
nature of the input data should be free of literature bias, indeed have much better coverage
of understudied proteins than existing networks.

Introduction
Networks of physical and functional interactions among proteins are widely used to
understand the inner workings of cells and to visualize results from omics results, e.g., as
obtained from transcriptomics and proteomics experiments. Unfortunately, most research is
focused on the same 10% of human protein-coding genes [1], and networks derived from the
biomedical literature — whether through manual annotation or through automatic text mining
— are thus heavily biased by this skewed availability of data. Networks obtained from
databases such as STRING [2] consequently have many interactions for well-studied
proteins but only very few interactions for understudied proteins, which are arguably the
most interesting targets for network-based function prediction [3], [4].

To create networks that also provide interactions for understudied proteins, one must
focus on systematic high-throughput data, as these are inherently unaffected by literature
bias. Such types of data include single cell RNA-seq (scRNA-seq) and proteomics data,
which each have different strengths and weaknesses. ScRNA-seq provides unbiased data
on gene expression at the level of individual cells, thus capturing differences between both
cell types and cell states. However, the correlation between RNA and protein levels is far
from perfect [5]. Mass spectrometry-based proteomics informs us about protein levels but,
on the other hand, proteomics data at single-cell resolution currently remains a rarity [6].
These two types of data can thus be viewed as complementary starting points for predicting
functional interactions, also for understudied proteins. However, both scRNA-seq and
proteomics datasets are very sparse (i.e., many transcripts/proteins not consistently
observed in each cell/sample) and have high redundancy (i.e., many similar samples/cells
are analyzed), both of which present problems for most analysis methods.

However, dimensionality reduction can help address both sparsity and redundancy in
these data. By compressing the information into a lower dimensional space, sparsity is
eliminated by combining data from across multiple cells/samples, while redundancy is
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inherently reduced, because data compression is specifically achieved by not storing the
same information multiple times [7]. One can thus expect that applying dimensionality
reduction to scRNA-seq and proteomics data provides a latent representation that is better
suited for co-expression-based prediction of interactions than the original data matrices.

Dozens of dimensionality-reduction algorithms are available to produce this latent
space. These span linear methods such as truncated singular value decomposition [8], [9],
nonlinear transformations such as Uniform Manifold Approximation and Projection (UMAP)
[10], and deep generative models such variational autoencoders (VAEs). The latter take
advantage of recent advances in deep neural networks and provide a powerful framework
for modeling data distributions in general and scRNA-seq data specifically [11]–[14]. VAEs
use an encoder-decoder structure to learn meaningful compressed latent representations of
the input data that follow Gaussian distributions, resulting in a latent space that is easier to
interpret than those of other autoencoders [15], and do so in a completely unsupervised
manner. Unlike, e.g., singular value decomposition, VAEs can capture both linear and
nonlinear relationships between the cells/samples in scRNA-seq and proteomics data. As a
result, VAEs have become popular in the field of expression data (e.g., for normalization and
visualization of scRNA-seq).

Here, we present FAVA, a method to infer Functional Associations using Variational
Autoencoders from omics data. We show that i) the method can efficiently handle large-scale
scRNA-seq and proteomics data, ii) it can predict high-confidence functional associations, iii)
it outperforms simple co-expression analysis by a wide margin, and iv) the resulting
networks provide good coverage also for understudied proteins. FAVA is available as a
Python package on PyPI, via the command pip install favapy.

Materials and Methods
Single cell RNA-seq read-count data
We obtained the single cell dataset from the Human Protein Atlas [16], a public resource that
provides transcriptomics and spatial antibody-based proteomics profiling of human tissues.
Their single-cell transcriptomics atlas combines data from 26 datasets. The matrix gives
read counts for 19,670 human protein-coding genes in 56,6109 individual cells grouped into
192 cell type clusters. Information about the external datasets and processing of the data is
described in detail in [17].

Proteomics dataset
We obtained our proteomics dataset from The PRoteomics IDEntifications (PRIDE)
database, the world’s largest data repository of mass spectrometry-based proteomics data
[18]. Specifically, we used 633 human proteomics project experiments with a total of 32,546
runs and reanalyzed them using ionbot [19] with an FDR threshold of 0.01 [20], resulting in a
total of 154,885,151 peptide spectrum matches for 18,846 proteins. For the full list of
projects, runs, and general statistics of the search see supplementary table (doi:
10.5281/zenodo.6798182).

Pre-processing count data
The first step is to log2 normalize the count matrices. By log-transforming the values, we
model proportional changes rather than additive changes and we help the model focus on
the biologically relevant differences rather than the extreme values. In addition, the errors
are usually proportional to the values, since the variance is not independent from the mean.
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This kind of mean-variance relationship is usually absent on the log scale. The general
recommendation is to ensure that the data lies in the range of the function we are using to
approximate it. Therefore, afterwards, we divide each value by the maximum value of the
row that belongs. With that, our input is within the range of 0 and 1, which is also the range
of the output that we request.

Dimensionality reduction
To compress the high-dimensional expression matrices into lower-dimensional latent spaces,
we make use of VAEs. In general, the VAE framework uses two deep neural networks — an
encoder and a decoder — to learn a representation from complex data without supervision
[21]. The encoder learns the input data and projects it into a normally distributed latent
representation, parameterized by the mu and sigma layers, while the decoder attempts to
reconstruct the input data from the instances sampled from the latent representation
distributions. The encoder–decoder networks are simultaneously optimized to reconstruct
the input data as well as to regularize the latent representations. Input reconstruction is
achieved by minimizing the mean squared error (MSE) between input and reconstructed
instances, which ensures the encoder–decoder learning of the input data distribution.
Regularization of the latent space is implemented by penalizing the divergence between the
latent samples from the standard normal distribution (N(0,1)), quantified with the
Kullback–Leibler (KL) divergence. Restricting the latent variables this way reduces the
complexity of the latent space and encourages a meaningful latent representation of the
input data, thereby distributing the input latent representations according to its underlying
properties into a continuous compact space.

We tested VAE network configurations with zero, one, and two hidden layers and
found that VAEs with one or two small hidden layers performed the best. Based on this we
decided to use a single hidden layer in FAVA. In all cases, we used the Rectified Linear Unit
(ReLU) function [22] for all layers, except for the sigma and mu encoding layers and the last
layer in the decoder, where a sigmoid function was used to generate normalized values
between 0 and 1. To train the VAE, we used the Adam optimizer with a learning rate of 10−3.
The VAE model was implemented in Keras (https://keras.io/).

Pearson Correlation Coefficient pairwise on the latent space
Having produced a regularized latent space that follows Gaussian distribution from the VAE,
we calculate all pairwise Pearson Correlation Coefficients (PCCs) between proteins in the
latent space. That outputs a list of protein pairs with an assigned score, showing the
proximity of the two proteins in the latent space. Based on this score, we sort all protein pairs
and create a ranked list, in which numbers closer to 1 represent higher proximity in the latent
space and thus, expression similarity. Finally, we benchmark the resulting ranked list against
the KEGG database [23] to quantify how well the predicted interactions agree with what is
known. In Figure 1, we compare how well our method, FAVA, works in comparison with
applying PCC directly on the single-cells and proteomics data, without prior dimensionality
reduction with VAEs.

Co-expression scoring in the latent space
Having produced a regularized latent space that follows Gaussian distribution from the VAE,
we calculate all pairwise Pearson Correlation Coefficients (PCCs) between proteins in the
latent space. That outputs a list of protein pairs with an assigned score, showing the
similarity of the two proteins in the latent space. Based on this score, we sort all protein pairs

.CC-BY 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted July 7, 2022. ; https://doi.org/10.1101/2022.07.06.499022doi: bioRxiv preprint 

https://www.zotero.org/google-docs/?CMpBz5
https://www.zotero.org/google-docs/?R6yaNl
https://keras.io/
https://www.zotero.org/google-docs/?kv1fC2
https://doi.org/10.1101/2022.07.06.499022
http://creativecommons.org/licenses/by/4.0/


and create a ranked list, in which numbers closer to 1 represent higher similarity in the latent
space and thus, expression similarity.

Benchmarking of functional associations
We benchmark the resulting ranked list against the KEGG database [23] to quantify how well
the predicted interactions agree with what is known. To do this, we first map the protein pairs
from FAVA to KEGG maps. If a KEGG map exists, which contains both proteins of a pair, the
pair is counted as a true positive (TP). If both proteins can be mapped to KEGG, but there is
no map containing both, the pair is counted as a false positive (FP). Pairs for which one or
both proteins cannot be mapped to KEGG are disregarded for benchmarking purposes.
Having defined which protein pairs are considered TPs and FPs, we plot the cumulative TP
count as a function of the cumulative FP count for the sorted list of FAVA pairs.

Score calibration and combination of networks
To combine the two networks, we first convert the PCC scores from FAVA from each dataset
into posterior probabilities of being on the same KEGG map given the PCC. We do this
based on the benchmark results described above, by first plotting the local precision within a
sliding window ( ) as function the average PCC within the window ( .𝑦 = 𝑇𝑃/(𝑇𝑃 + 𝐹𝑃) 𝑥)
We do this separately for scRNA-seq and proteomics data, and fit the following calibration
function to each by minimizing the squared error using simplex optimization:

,𝑦 =  𝑎0 +  𝑎1 * 𝑥 +  𝑎2/(1 + 𝑒𝑥𝑝(𝑎3 * (𝑥 − 𝑎4)))
where through are the parameters that are optimized to fit the points in the plot. Once𝑎0 𝑎4
fittet, we use the resulting calibration curves to convert all PCCs from each dataset to
probabilities. When a pair is supported by both scRNA-seq and proteomics data, the two
probabilities are combined the same way, it is done in the STRING database [2].

Results and Discussion
The FAVA software
We have developed a novel method for construction of co-expression networks from huge
omics datasets with high data sparseness and redundancy. The method makes use of VAEs
to perform dimensionality reduction and subsequently scores co-expression in the latent
space. The method is implemented in Python and makes use of the Keras deep-learning
framework for training VAEs. The software is available via PyPI as ‘favapy’ and is distributed
under the MIT open source license.

Performance on scRNA-seq and proteomics data
To assess the ability of FAVA to process huge, diverse omics datasets and infer functional
associations, we applied the method to the single cell dataset from the Human Protein Atlas
[16], and to proteomics data on human samples from the PRIDE database [16]. We
evaluated the quality of the resulting co-expression networks by benchmarking them against
pathways from the KEGG database [23], identical to how functional associations are
benchmarked in the STRING database [2].

The results of the benchmark are shown in Figure 1. The network derived from
scRNA-seq data contains a very large number of high-confidence interactions: it is possible
to obtain more than 5,000 true positives with less than 500 false positives, corresponding to
a precision of more than 90%. The proteomics-based network, by contrast, does not contain
nearly as many high-confidence interactions, but provides more interactions at lower
confidence. Comparing the FAVA results to those obtained by simple correlation analyses
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without the same datasets (Figure 1, dashed lines) shows that FAVA performs better by a
wide margin on both types of data, especially on scRNA-seq data.

Figure 1. Comparison of FAVA’s results against networks obtained by calculating Pearson Correlation
Coefficient (PCC). The plots show how many known interactions can be predicted according to the KEGG
database with the two different methods. True Positive is a pair of proteins when both proteins are found in the
same KEGG map. False Positive is a pair of proteins when the two proteins are found in different maps of KEGG.
Orange: Benchmark combined network from scRNA-seq and proteomics data after applying FAVA; Blue
continuous line: Benchmark network from proteomics data after applying FAVA; Blue dashed line: Benchmark
network from proteomics data after applying simple PCC; Green continuous line: Benchmark network from
scRNA-seq data after applying FAVA; Green dashed line: Benchmark network from scRNA-seq data after
applying simple PCC.

  Combined network from scRNA-seq and proteomics data
Given the complementary nature of the networks based on scRNA-seq and proteomics data
individually, we decided to combine them into a single network. As the PCC scores from
FAVA cannot be assumed to be directly comparable across the two networks, we converted
them to probabilistic scores based on the KEGG benchmarks (see Methods). These
calibrated scores were then combined to produce a single network based on scRNA-seq as
well as proteomics data. As should be expected, this network outperforms the individual
networks, combining the best aspects of both (Figure 1).

As was the case for the individual networks, the benchmark against KEGG can also
be used to assign probabilistic scores to the interactions in the combined network. At a 15%
confidence cutoff (corresponding to the low-confidence cutoff of STRING), the combined
network consists of a total of 511,048 associations for 16,790 proteins. The network can be
further filtered to obtain higher confidence networks, depending on the concrete use case; in
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case of proteins with many associations, one will generally want to focus on the highest
scoring once. The combined network has 52,953 associations between 8,191 proteins at the
medium confidence cutoff (40%), and even at the high confidence cutoff (70%), it provides
24,182 interactions among 4,166 proteins. The network of all with a confidence score of 15%
or better is available for download (doi: 10.5281/zenodo.6803472).

Associations for understudied proteins
Given the nature of the data that the combined network is based on, it should be free of the
inherent literature bias, which many other protein networks suffer from. This, combined with
it containing many high-confidence interactions, should make the network well suited to help
elucidate functions of understudied proteins.

To explore this, we defined “understudied proteins” as the 10% least studied proteins
in terms of number of publications, using the fractional publication count also featured in the
Pharos resource [24]. This resulted in a list of 1,957 proteins, each with a fractional count of
less than one publication. Looking these up in the combined FAVA network, based on both
scRNA-seq and proteomics data, revealed 12,792 predicted interactions between 487 of the
understudied proteins and 1,127 other, better studied proteins with at least 40% confidence.
Further analyses are needed to show to what extent this allows functions to be assigned to
understudied proteins and, if so, which functional categories they primarily fall into.

Conclusions
In this work, we have shown that variational autoencoders (VAEs) can be used to model
single-cell RNA-seq and proteomics data for prediction of functional associations. We have
applied this method, which we call FAVA, to large compendiums of scRNA-seq data as well
as proteomics data. The results show that FAVA scales to such large datasets, and that the
resulting networks are considerably more reliable than those obtained from traditional
co-expression methods to the same data. We have moreover shown that combining FAVA
results from both data types provides an even more comprehensive network, and that this
network can be used to associate understudied proteins with better studied ones, thereby
providing hints to their possible functions. We make these networks publicly available along
with the Python implementation of FAVA, which can be installed as the PyPI package
‘favapy’.

Supplementary material
The full list of projects, runs, and general statistics about the analysis of the data in the
PRIDE database: https://doi.org/10.5281/zenodo.6798182

Data availability
Datasets
Human Protein Atlas
https://www.proteinatlas.org/humanproteome/single+cell+type

PRIDE - Proteomics Identification Database - EMBL-EBI
https://www.ebi.ac.uk/pride/
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Combined network
The Network: https://doi.org/10.5281/zenodo.6803472

Code availability
https://github.com/mikelkou/fava
PyPI: <pip install favapy>
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