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Abstract

The availability of high-dimensional transcriptomic datasets is increasing at a tremendous pace, together with the need for suitable computational
tools. Clustering and dimensionality reduction methods are popular go-to methods to identify basic structures in these datasets. At the same
time, different topic modeling techniques have been developed to organize the deluge of available data of natural language using their latent
topical structure. This paper leverages the statistical analogies between text and transcriptomic datasets to compare different topic modeling
methods when applied to gene expression data. Specifically, we test their accuracy in the specific task of discovering and reconstructing the
tissue structure of the human transcriptome and distinguishing healthy from cancerous tissues. We examine the properties of the latent space
recovered by different methods, highlight their differences, and their pros and cons across different tasks. \We focus in particular on how different
statistical priors can affect the results and their interpretability. Finally, we show that the latent topic space can be a useful low-dimensional
embedding space, where a basic neural network classifier can annotate transcriptomic profiles with high accuracy.

Introduction

The number of large-scale and high-dimensional datasets of
gene expression obtained with RNA sequencing is growing
at a frantic pace [1, 2]. This data accumulation generates a
parallel growing need for computational methods to identify
the hidden relevant structures [3, 4]. For example, the efficient
identification of patterns in expression data is a key step in the
development of a precision medicine program, ranging from
the discovery of disease-specific expression profiles for diag-
nosis to the stratification of patients [5]. Analogously, in the
context of single-cell RNA sequencing data, one often needs
to identify the different cell types and their expression hall-
marks, and this hierarchical structure of cell types has to be
inferred in the presence of several confounding factors [6].

For all these tasks, the number of different algorithms and
tools that have been developed and applied to RNA sequenc-
ing data is huge [7]. For example, clustering algorithms are
classic go-to methods to find groups at the level of samples
(e.g. patients or single-cells). At the gene level, clustering can
instead be used to extract the genes whose expression is col-
lectively orchestrated in a particular system or in response to
treatment.

Dimensionality reduction is another key step in many stan-
dard computational pipelines. For example, Principal Com-
ponent Analysis or analogous nonlinear methods, such as t-
SNE, are widely used for both data-preprocessing and visual-
ization [3, 8, 9]. The underlying hypothesis is that the number
of relevant variables needed to efficiently describe the system
is well below the number of genes, and thus concise but infor-
mative representations can be built [10].

This paper analyzes a class of algorithms, called topic mod-
els, that can essentially provide fuzzy clustering and dimen-
sionality reduction simultaneously in a probabilistic frame-

work [11]. Topic models were developed to organize texts
of natural language using a space of latent variables, i.e. the
topics, that define the different word usage probabilities, and
can be interpreted as a more compact, low dimensional de-
scription of the dataset. Topics can be used to define a graded
membership structure, or a fuzzy clustering, of texts in a cor-
pus. While originally developed for natural language process-
ing, topic modeling is recently finding applications in biology,
and more specifically in genomics [3, 12-20]. Indeed, genomic
data share several fundamental statistical laws with natural
language and other modular complex systems [21-23].

However, the topic structure can be inferred using different
methods that are based on alternative assumptions and pri-
ors. It is not clear a priori what are the pros and cons of each
method, in particular in the genomic context. This is our focus
in this paper. We will examine different approaches on sim-
ple and clear-cut benchmark datasets from RNA sequencing
experiments. We will compare the performances of different
algorithms in terms of clustering of samples and genes and
analyze how their specific statistical priors affect the results in
the context of genomic data. We will also discuss in detail the
interpretability and biological relevance of the latent variables
extracted by different topic modeling techniques.

The most popular topic modeling method is the Latent
Dirichlet Allocation (LDA) [11]. It assumes that documents
are generated from a mixture of topics, and each topic is char-
acterized by a distribution over words. Iterative algorithms
are used to infer the underlying topics and their distributions
within the corpus. LDA employs Dirichlet priors to model the
distribution of topics within documents and the distribution
of words within topics. Such priors force few words to be
representative of a topic, and analogously few topics to char-
acterize each document. This choice is mostly motivated by
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mathematical and computational convenience, but it is not
clear how appropriate it is in the genomic context, and what
are its consequences. LDA has been previously applied to RNA
sequencing data for data exploration [3], successfully retriev-
ing genes whose expression can distinguish samples from dif-
ferent tissues.

Topic modeling has been recently connected to the prob-
lem of community detection in networks [24], and a new
algorithm based on the hierarchical Stochastic Block Model
(hSBM) has been formalized with the ambition to solve some
of the weaknesses of LDA [25]. We have recently shown how
this method can be used in the context of cancer genomics [16,
17], but a clear comparison with other topic modeling tech-
niques in different genomic contexts is still needed.

Besides hSBM and LDA, we will also consider an alternative
topic modeling approach called Topic Mapping (TM) [26],
which has not been tested so far in the genomic context. This
method uses the co-occurrence of words to create a network
of tokens. Topics are then defined as basic network structures.

Topic modeling techniques will also be compared to more
classic and popular computational methods such as the
Weighted Gene Correlation Network Analysis (WGCNA)
[27]. WCGNA is not formally a topic modeling method but
still has several commonalities with this class of methods. In
fact, WGCNA is widely used to search for correlated groups
of genes, which are called gene ‘modules’, that can be loosely
associated to topics. WGCNA does not provide a natural way
to define clusters or groups of samples, but standard clustering
techniques can be applied using the modules (i.e. the topics)
as features.

Finally, we will also consider standard clustering methods
such as the well-known hierarchical clustering algorithm [28].
With hierarchical clustering, we can search for groups of sam-
ples based on their relative Euclidean distance in the feature
space. We can thus compare these groups to the clusters that
different topic modeling methods identify. This comparison
will provide a better understanding of the advantages of com-
plex topic inference with respect to easy-to-interpret classic
methods.

We will show that different algorithms generally find differ-
ent topic distributions (or embedding spaces) with alternative
structures and statistical properties. In general, there is not an
optimal algorithm for every task [29]. Our goal is to highlight
the potential biases and tendencies that affect different algo-
rithms. In fact, even in presence of comparable performances
on a specific task, different approaches can identify alterna-
tive structures and show different biases [30]. This finding
represents an issue that has to be considered in the context
of interpretability and causal inference. Interestingly, the top-
ics we find with alternative methods, although often poorly
overlapping, are generally well correlated with the biological
properties of the samples analyzed.

Topic models also provide a low-dimensional space in
which the samples can be represented. A simple neural net-
work (NN) can be trained on this low-dimensional topic space
with the task of labelling new samples. Specifically, a classifier
in this space can distinguish samples from different tissues, as
well as detect diseased samples over healthy ones with very
high accuracy despite the dimensionality reduction.

Deep learning methods have also been applied in the con-
text of transcriptomics. In particular, variational autoencoders
are NNs that aim to infer the latent structure hidden in
the data and can capture complex nonlinear relationships

[31, 32]. However, these models typically have a large num-
ber of trainable parameters and several hyperparameters. This
makes them highly flexible but also prone to overfitting and
challenging to interpret. A thorough comparison of topic
models and deep learning techniques for transcriptomics is a
promising avenue for future analysis.

Materials and methods

The Genotype Tissue Expression dataset

The Genotype-Tissue Expression (GTEx) Project was sup-
ported by the Common Fund of the Office of the Director
of the National Institutes of Health, and by NCI, NHGRI,
NHLBI, NIDA, NIMH, and NINDS. The data used for the
analyses described in this manuscript were obtained from the
GTEx Portal phs000424.v8.p2 [33]. GTEx data were down-
loaded in Transcripts Per Million (TPM) format.

We also downloaded from the GTEx portal https://
gtexportal.org the annotations of samples and in particular
we focused on the tissue type (the area from which the tis-
sue sample was taken) and its subtypes (SMTS and SMTSD
labels).

We selected 1000 samples from each one of the 10 most
represented (in terms of number of samples per tissue) tissues:
Adipose tissue, Blood, Blood Vessel, Brain, Colon, Esophagus,
Hearth, Muscle, Skin, and Thyroid.

The mouse cell atlas

The Mouse Cell Atlas (MCA) database cointains single-cell
transcriptomic data for major mouse organs. We considered
data related to the five most represented cell-types from four
different organs: Cerebellum, Heart, Liver, Lung. We subsam-
ple 100 cell of each cell-type per each Organ. Data with re-
moved batch effects from the version 1.1 of the Atlas were
downloaded from Figshare [34].

Algorithms

In the following section we will describe the models and report
the specific setting used for each method.

hierarchical stochastic block model

We used the stochastic block modeling topic modeling
sbmtm class in the code we forked from [25] available
at https://github.com/martingerlach/hSBM_Topicmodel/tree/
develop. We passed the gene expression matrix as a weighted
graph to the model.

The hSBM is a kind of generative model that tries to maxi-
mize the probability that the model describes the data

P(0|.A) o P(A|0)P(6).

Its approach is completely nonparametric and aims to
maximize the posterior probability. We used the min-
imise nested blockmodel dl (the degree corrected
version of the model was used) function from graph-tool [35]
to minimize the description length ¥ = —InP(A|0) — [nP(0)
in a nested version of the model [36-40]. Minimizing ¥ leads
to the maximization of the posterior probability. In our setting
A is nothing but the gene expression matrix, weighted by the
number of TPM and 0 refers to the model parameters. It is a
2D matrix with entries A;;: A;; is the expression value of gene
i in sample ;. In a setting where rows are words and columns
are documents it is often referred to as ‘Bag of Words’. The
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model is nonparametric, therefore the default version does
not require the specification of hyperparameters. However, the
model is intrinsically stochastic, thus we ran it 10 times for
each setting and we chose the configuration with the shortest
description length (i.e. the model with the best data fit).

Latent Dirichlet Allocation

When running analyses with LDA, we adopted the implemen-
tation provided by scikit-learn [41, 42]. LDA has few hyper-
parameters that have to be set, specifically the number of ex-
tracted topics K, and the sampling parameters o and 3. We set
the parameter K to match the number of topics obtained from
hSBM (where the topic number is automatically set by hSBM
itself). We used the natural default value for the parameters
o (the parameter of the Dirichlet prior distribution of topics
in documents) and B (the parameter of the Dirichlet prior of
words in topics), which corresponds to +. When managing
LDA output, we selected the argmax of P(topiclsample) to de-
fine clusters. Note that it is not guaranteed that every topic
is maximized in at least one of the samples, so the number
of clusters can be smaller than the number of topics. Using
this procedure it is not possible to select a-priori the number
of clusters. A similar procedure was used to identify clusters
with TM.

To get a list out of the LDA topic distribution we selected
the 20 most distinctive genes of each topic. The distinctiveness
was described and used in LDA analyses of GTEx by [3] and

is the minimum Kullback-Leibler distance of P(topiclgene).
. ekg
Dg[K] = mznl#kékg IOg ; + Olg — ng (1)
g
being 0, 1), the P(genegltopicy, ).

Topic Mapping

We ran TM [26], with its default parameters: the number of
runs -r was set to 10 and the minimum topic size -t was set
to 10 to avoid small useless clusters and force the algorithm
to put at least 10 samples per cluster.

TM requires as input a corpus of text and not a Bag of
Words or a design matrix, this is why we built a corpus in
which each text was constructed from the 1000 most ex-
pressed genes in each sample. In other words, each sample was
translated into a text composed of the 1000 genes most rep-
resented in that sample.

Clusters are defined using the argmax of P(topiclsample).

Finally, we got the list of genes from the output of TM set-
ting a threshold on P(topiclgene) corresponding to the 99th
percentile and kept all the genes above that threshold.

Weighted gene correlation network analysis

We considered the R implementation by https://cran.r-project.
org/web/packages/WGCNA/. WGCNA automatically out-
puts sets of genes (the topics) and it automatically selects their
number. We considered WGCNA [27, 43] modules as topics,
in particular, we chose the threshold of 0.5 to set the corre-
lation for which genes are accepted in the module. The last
step of WGCNA is to cut the hierarchy tree in order to obtain
clusters, in this case, we cut it in a manner useful to obtain the
same number of clusters in output by hSBM.

Hierarchical clustering

We use the agglomerative clustering class implemented in
sklearn to perform hierarchical clustering. Agglomerative
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clustering has no hyperparameters, but one has to decide
which metrics to consider to measure distances (we chose eu-
clidean affinity) and how to group samples in clusters at the
next level (we chose complete 1inkage), these choices were
mutuated from previous works [3]. We would like to recall
that our purpose is to use as little a-priori knowledge as pos-
sible, that is why, under reasonable assumptions, we chose
standard settings without grid search hyper-parameters or ap-
plying other optimization methods. hSBM provides all the in-
formation we discussed without any a-priori assumption or
parameter.

The input for the various algorithms was a matrix A whose
entries are the gene expressions. Data of this matrix are sam-
ples and features are genes. In literature, this is often called
‘Bag of Words’.

One of the advantages of hSBM is that it automatically out-
puts the number of clusters and the clusters themselves. Hier-
archical and WGCNA output a tree of samples; we need to
cut it to obtain clusters. In LDA the number of topics is a pa-
rameter and in TM we set the minimal size of topics.

Computational complexity

hSBM was run on a node of a cluster [44] with 48 cores and
700 GB of memory and it took several hours to be run, all the
other algorithms take minutes on a laptop with 2 cores and
8 GB of memory. The complexity of hSBM is O(VL#n?V) only
in the case of sparse networks when E ~ O(V) [36], LDA has
a complexity of O(K*N?) where N is the number of genes, V
the number of vertices (samples and genes), E the number of
edges, and K the number of topics. In our setting we have V =
1000 + 3000 = 4000 vertices, E ~ 450 000 edges and tens of
topics K. In this setting (i.e. dense network with % ~ 10?) the
complexity of hSBM is higher than the complexity of LDA.

Model evaluation

We evaluated the performance in clustering by looking at
the partition of samples between clusters. We used the V-
measure or Normalized Mutual Information (NMI) [45] to
evaluate the performance of the model in the task of sepa-
rating samples of different tissues. A similar approach involv-
ing NMI was proposed by [46] to evaluate topic modeling
performance in reconstructing synthetic corpora. NMI is esti-

mated as the harmonic average of homogeneity and complete-
H(CIK)
H(C)

nessisC=1— HP(,IEIL?), so NMI = Zfi% In our setting C is the

ensemble of GTEx tissues and K is the partition in output.
In particular H(C|K) = —X.cc rek 52 log (Z—‘:) and H(K|C) =

ness. Homogeneity is defined as h = 1 — and complete-

—Xecc ek 53 log ("Gk ), being 7. the number of samples of tis-

sue ¢, 7;, the number of samples in cluster k and 7., the number
of samples of tissue c in cluster k. If all the nodes in cluster k
belong to tissue ¢n, = n,., and the homogeneity » = 1. Sim-
ilarly, the completeness C equals 1 if all samples of tissue ¢
are in the same cluster k. See Supplementary Table S1 in the
Supplementary for a brief illustration of these metrics.

This decomposition of the NMI can aid in understanding
the biological implications of the clustering structure identi-
fied by the models. At the upper levels of the hierarchy, where
the number of clusters is low, high completeness and low
homogeneity indicate that clusters typically contain samples
from multiple tissues (Supplementary Table S1). At this stage,
the algorithms capture macro structures encompassing several
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tissues, which correspond to the known ground-truth parti-
tion in our illustrative example. As the hierarchy progresses
and eventually aligns with tissue-level resolution, homogene-
ity increases and we often observe the NMI peak. In the deeper
layers, where the number of clusters is higher, homogene-
ity reaches its maximum while completeness declines. Here,
the algorithms focus on finer substructures within tissues (see
Supplementary Table S1, lower-left panel). These trends sug-
gest the existence of a true hierarchical structure within the
data as the are not found with random partitioning at different
scales. In the random case, both metrics only increase slightly
after the initial trivial partitioning (see Supplementary Fig. S1).

We estimated the NMI score for all algorithms varying the
resolution (layer). The NMI is not zero in the case of random
sampling: when the number of clusters is too high the result
is almost random for every algorithm. Therefore, we decided
to normalize the NMI score with the one obtained by random
partitions (i.e. we shuffled the data maintaining the number
of clusters and the clusters sizes). The NMI for the random
model was estimated for the number of clusters in output by
hSBM, other points are interpolated from this. We referred to
the NMI scaled to random as NMI".

The random partitioning has an intrinsic variability in the
NMI that induces variability in the NMI* scores associated to
the different models. We can thus estimate score distributions
and compare them. For example, Supplementary Fig. S2 re-
ports the NMI" distribution obtained using multiple random
partitions for the normalization in the case of transcriptomic
data from different tissues.

We applied this approach to TPM data and on transfor-
mations of them. In particular, we applied two different log-
transformations. We estimated log,(TPM;; + 1) being TPM;;
the number of TPM of gene i in sample j. We tried with base
b =2 and b = 10 obtaining the same results.

Hyper-geometric test and model comparison
Results of different algorithms were compared using two dif-
ferent approaches.

First, given the list of genes in two topics of different algo-
rithms, we performed an hyper-geometric test. The test con-
sists in evaluating the probability that the overlap between the
two sets of happens by chance
() Ce)

()
where N, the population size, is the number of genes processed
by both algorithms. K, the number of successes in the popula-
tion, is the number of genes in the topic of the first algorithm.
n, the sample size, is the number of genes in the topic of the
second algorithm. The number of successes k is the intersec-
tion between the two sets i.e. the number of genes in common
between the topics obtained by the two algorithms.

Note that some algorithms drop genes during the analy-
ses. WGCNA has the goodSamplesGenes() function that re-
turns a list of samples and genes that pass some criteria: miss-
ing entries, entries with weights below a threshold, and zero-
variance genes. When we built corpora for TM it was not guar-
anteed that every gene was picked up at least once, and the
same for the LDA topic-construction procedure, some genes
can be left out.

The second approach is based again on the NMI. We used
the same approach to compare clusters on the gene side and

P(k) = (2)

on the sample side. Given a partition in clusters of genes or
samples the NMI was estimated as

P(x,y)
Cxy) | ~BeoPly)los (F5)
NMIXY) = 0%y = 5. )log (P(x))

being X the set of cluster annotations (i.e. if X = {cy, c1, c1,
¢3...c} it means that the first three samples belong to clus-
ter ci...). P(x, y) is the probability that a sample is classified
in cluster x by the first algorithm and in cluster y by the sec-
ond algorithm. P(x) is the probability that a sample belongs to
cluster x, namely the size of cluster x divided by the number of
samples. NMI reaches one if the two partitions are identical:
one gains no information reading the second sequence when
the first is known. Notice that this measure is not affected by
a reshuffling of cluster labels which are completely arbitrary.

Gene selections
We used three different gene selection protocols.

Highly variable genes

this selection was performed using scanpy python pack-
age [47]. The package performs the analysis using the dis-
persion (variance over mean) [48]. Note that this kind of
selection is always performed on the logarithmic data. See
Supplementary Fig. S4 in Supplementary for an example of
this kind of selection.

Housekeeping genes

These are typically constitutive genes that are required for the
maintenance of basic cellular function. They are expressed in
all cells of an organism under normal and pathophysiologi-
cal conditions. We downloaded the list of 6289 housekeep-
ing genes provided by [49]. Among these, we filtered a total
of 3000 genes highly variable genes. The highly variable fil-
ter was performed taking into account only the housekeeping
genes.

Random genes
These were selected using

the sample (random state=42) function provided by
the DataFrame module of pandas package.

Topic distributions and fuzzy memberships

We are interested in studying the relevance of different top-
ics in a given sample (or in a group of samples). To this end,
we introduced a centered version of the P(topiclsample) dis-

tribution. Let us first recall the definition of P(topiclsample) in
hSBM and LDA. In hSBM it is estimated as

P(topic|sample) =

number of half-edges on sample coming from topic

3
number of half-edges on sample (3)

In LDA it is a K dimensional vector 0;_1_ g over topics
(where K is the number of topics and R the number of sam-
ples), whose prior is a Dirichlet distribution 0; = Dir(«) [50].

Topic models also allow to estimate the P(geneltopic) distri-
butions that quantify the contribution of each gene to a topic.
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In hSBM, this is estimated as:
P(gene|topic) =

number of half-edges on gene going to topic

4
number of half-edges going to topic )

In LDA it is a N (number of genes) dimensional vector

bp—1..x over genes, whose prior is a Dirichlet distribution

¢ = Dir(p).

Box topic and gene ontologies

Starting from P(topiclsample) we constructed a centered ver-
sions defined as:

P(topic|sample) =

P(tOPiC|SamPle) - %Esesamplesp(topicls)a (5)
being R the total number of samples. This centered
P(topic|sample) can be represented with a box plot, after
grouping samples by their tissue. These are the box plots re-
ported in Fig. 7.

Topics are nothing but lists of genes, which are naturally
brought to perform gene ontology tests. We searched for en-
richment using Gene Set Enrichment Analysis (GSEA) [51].

Cancer and healthy samples in a unified dataset

In the latest analyses, we processed data of samples unified
from GTEx and The Cancer Genome Atlas (TCGA), this
dataset was prepared and described in [52]. Normalized data
were downloaded from [53].

We filtered samples in the analyses described in this
manuscript, in particular, we sorted tissues by the number of
samples available and got the eight tissues with the largest
number of samples: Breast, Colon, Esophagus, Liver, Lung,
Prostate, Stomach, and Uterus. We randomly selected 100
samples per tissue which we used to define the topic space,
while all the other samples were used for training and vali-
dation. We set a cutoff above 100 000 FPKM (Fragments Per
Kilobase Million) to reduce the number of edges and avoid
overflows during the fitting procedure. This clipped the 0.2%
of the links.

We collected the metadata through the GTEx portal and
using the Genomic Data Commons tools [54] for the TCGA
samples.

Predictor on latent space

We built an NN predictor using topics as features, in other
words, we trained a simpler model on a low-dimensional
space instead of a complex model on the original ~20 000
dimensional space.

The first step of this analysis was picking up 800 samples of
8 tissues from the unified dataset [53]. We fit the hSBM using
this subset. In output, we obtained the topic distribution of
samples.

At this point, we considered topics as features and
P(topiclsample) as entries of the design matrix X. The entry
Xj; is the P(topicjlsample;). The matrix needed further nor-
malization to be fitted using Stochastic Gradient Descent later.
The normalized matrix X was obtained by subtracting fea-

tures means and dividing each feature by its range. The entries
Xij—(Xijr) jr
0.5+ (max;, X;;,—min;, X;;,) *

of this new matrix are X;; =
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The dataset was split into a training and a test set; the train-
ing set contains the 95% of the samples. This is quite unbal-
anced, but we were not going to use it to evaluate the perfor-
mance of the model. Moreover, 25% of the training set was
used as the validation set. The model consisted of a neural
net with one hidden layer with 100 neurons activated by a
ReL.U function, the optimizer was set to Stochastic Gradient
Descent. Finally, the output layer used a softmax activation to
classify tissues.

We wanted to evaluate the performance on unseen sam-
ples, never retraining either topic modeling or the neural net.
From the original dataset, we selected all the samples not
involved in topic modeling. These were ~5000 new sam-
ples never fitted by hSBM neither by the neural net. We
projected this unseen samples into the topic space. To do
this, we firstly selected the genes involved in topic model-
ing, the ones that passed the highly variable filter we im-
posed. The P(topiclsample) for the new samples were sim-
ply P(topiclsample) = X P(topiclgene)* P(genelsample), in
other words each expression array is multiplied to the matrix
genes xtopics. We now evaluate the NN performances in sepa-
rating tissues on this new dataset and obtained an accuracy of
0.9273. The area under the curve (AUC) score is here 0.9852.

A similar experiment can be done, but considering ‘healthy’
and ‘diseased’ as labels. In this case, the output layer is simply
a single neuron activated by a sigmoid function. The scores
when predicting the status of the samples are 0.9474 for ac-
curacy and 0.9762 for AUC.

The confusion matrix and the receiving operating charac-
teristic (ROC) curves (reported in Fig. 11) were estimated us-
ing scikit learn [41]. The ROC curve represents the True Pos-

itive Rate or sensitivity (%) versus the False Positive Rate

or 1 — specificity (”,i%).

The whole predictor model was implemented using
keras [55] and using TensorFlow as the backend.

We measured the K-Nearest Neighbor (K-NN) perfor-
mance using the accuracy and the AUC scores. We applied
K-NN setting n_neighbors to 5 and using euclidean
metric.

Results

Discovering the structure of the transcriptome of
human tissues with different topic modeling
approaches

We start the analysis by applying different topic modeling
techniques to a large-scale dataset of RNA-sequencing sam-
ples of healthy human tissues from the Genome Tissue Ex-
pression project (GTEx) [56]. The performance of topic mod-
els and commonly used clustering methods can be compared
to the simple task of tissue separation. However, topic models
have a probabilistic nature that provides an additional layer
of information.

Figure 1 reports the results obtained using the topic model-
ing technique called hSBM [25]. The output of this model con-
sists of blocks of samples (which we will denote as “clusters”)
on one side, and blocks of genes (i.e. the topics) on the other
side of a bipartite network. As a probabilistic method, these
blocks can be fuzzy and eventually overlap. However, at this
stage, we focus on not overlapping blocks to allow a straight-
forward comparison with clustering methods. Topic models
also provide a probabilistic membership of samples to the top-
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Figure 1. The hierarchy structure is represented as a tree. The first layer from the top is an all-samples node by construction. Then the algorithm found
another node with all samples, at this point only the gene side of the network is partitioned. Then the algorithm found 8 clusters with a rough separation
of tissues. From left to right the reader can identify a Brain cluster, a cluster with Colon, Esophagus, and Skin, a cluster with the label Cells (i.e. cultured
fibroblasts and Epstein-Barr Virus-transformed lymphocytes), one mostly with Adipose tissue, one with Artery, one with Muscle and Hearth, one of
Blood, and in the end one with Thyroid. In the next layers, the classification becomes finer, from Brain a Brain - Cerebellum cluster emerges, Skin and
Colon are separated, Cells are split into Fibroblasts and Lymphocytes, Aorta, Coronary, and Tibial emerge, Hearth and Muscle are separated.

ics. A mixture of topics can describe a sample via the probabil-
ity distribution P(topiclsample) defined in Eq. 3 of the ‘Materi-
als and methods’ section. Analogously, the gene membership
to topics is probabilistic. The distribution P(geneltopic), de-
fined in Eq. 4, captures the relative contribution of a gene to
a specific topic. Moreover, the hSBM model has a hierarchical
structure. The blocks can be organized in L layers, and blocks
of layer [ are nodes in layer [/ + 1 [36].

In principle, topic modeling algorithms should first recog-
nize the basic tissue structure hidden in the expression pro-
files, and then recognize more fine-grained structures such as
the sub-tissues. Figure 1 suggests that indeed this is roughly
the case.

Besides hSBM, we ran the same analysis with other algo-
rithms, specifically the well-known model LDA [11] and the
more recent TM [26]. We also compared the cluster struc-
ture found by WGCNA [27, 43], which outputs modules of
correlated genes, by using the standard implementation in its
R package https://cran.r-project.org/package=WGCNA. The
the ‘Materials and methods’ section reports the implementa-
tion details for each algorithm. Finally, we also tested hierar-
chical clustering on the same task [28]. We included it in the
comparison since it is widely used thanks to its simplicity.

To reduce the complexity of the problem, we selected a sub-
set of GTEx with 1000 samples from the 10 most represented
tissues, and 3000 highly variable genes, as explained in more
detail in the ‘Materials and methods’ section. In this setting,
the output of hSBM has four layers with 1, 8, 29, 978 clus-
ters at the sample level, and 22, 273, 2725, and 2880 topics,
on the other side of the network. The first and last partitions
are clearly not informative, while the two intermediate ones
(8 and 29 clusters) are expected to capture the actual orga-
nization in tissues of the samples. In particular, the first one
has a number of clusters close to the actual number of tissues
in input, while the second partition (29 clusters) is expected
to capture the subdivision of each tissue in more fine struc-
tures, for example distinguishing the cortex from the cerebel-
lum in brain samples. Notice that the first partition of the

genes into 22 topics happens when the samples are still all
in the same cluster. This could be due to the asymmetry of the
network. In fact, the number of genes is three times the num-
ber of samples. The second partition at the gene level, defining
273 topics, corresponds instead to the partition of samples in
tissues.

hSBM is fully nonparametric: the hierarchical structure de-
fined by the number of clusters and layers is automatically se-
lected by the model [36]. Interestingly, the inferred hierarchi-
cal organization agrees with the hierarchical organization of
tissues. For instance, from the cluster composed by Brain sam-
ples the following splitting leads to a sub-cluster composed by
the Brain - Cerebellum samples. The possibility of separating
brain samples from expression information was indeed previ-
ously observed by [56], when the dataset was released. Other
examples of tissue and subtissue separations are reported in
the caption of Fig. 1.

We compare the performances of the different algorithms
in Fig. 2 using the NMI as a measure of the clustering quality.
This measure was proposed by [46] to evaluate topic model-
ing performances on synthetic corpora. Since the NMI is not
null for a random partition (there may be some residual en-
tropy), we chose to scale the NMI score to a simple random
null model obtained by reshuffling labels and fixing the num-
ber and the size of clusters. We will refer to this normalized
measure as NMI". The ‘Materials and methods’ section re-
ports all the details about the evaluation metrics.

Figure 2 shows that at the first hierarchical level, corre-
sponding to tissue partitioning, all the algorithms show rather
good performance values, with a NMI* in the 50-70 range.
hSBM and LDA perform slightly better than the other algo-
rithms, but the performance gain is not significant on this sim-
ple clustering task. TM seems unable to recover the hierarchi-
cal organization of the data, probably due to its more rigid
structure, and stops at the first partition layer. While at the
level of sample clustering, all the algorithms behave in a quite
similar way, their substantial differences manifest in the defi-
nition of topics, as the next section explains.
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Figure 2. The NM/ score of different algorithms. This score measures the agreement between the clusters obtained with the different algorithms and
the ground truth sample partitioning defined by the tissues. (A) Looking at the maximum score reached at different levels of the hierarchy. All the
algorithms reach a maximum score of around 10 clusters, which coincides with the number of tissues that we selected for the test. Topic modeling
methods typically have the highest score. (B) The distributions of the normalized NMI scores corresponding to the resolution closer to the tissue
structures for the different algorithms are reported as box plots. The variability is determined by the fluctuations in the NMI of random partitions of the

same size that we use to define the normalized score NMI*.

The effect of model assumptions and priors on the
structure of the latent space

Topic modeling can also be interpreted as a projection of the
data on a lower dimensional space in which the degrees of
freedom are the topics. In this section, we investigate the struc-
ture of this latent low-dimensional space. In particular, we
prove that different algorithms represent the data in latent
spaces with very different properties, as a consequence of their
different priors and inference procedures.

The structure of the topic space is defined by the topic dis-
tribution associated to samples. Specifically, the distribution
P(topiclsample) for a sample can be considered as its coordi-
nates in the low-dimensional topic space. We can then average
over the samples belonging to a tissue to obtain P(topicltissue)
=D sample e tissue P(topiclsample), i.e. the projection of a whole
tissue in the topic space. Since a topic is nothing but an ordered
list of genes, these probabilities define which genes play a rele-
vant role in identifying the tissues and defining the structure of
the topic space. Building a dataset composed by samples from
different tissues, thus with a well known structure, should
help the biological interpretation of topics and of the genes
involved. Identifying samples from different tissues should
not be challenging, given their distinct expression patterns.
In fact, most algorithms perform comparably well on this
task (Fig. 2). Consequently, one might expect that the latent
topic structure inferred by various methods would be roughly
similar.

Figure 3 reports P(topicltissue) across tissues for two differ-
ent algorithms. Figure 3A indicates that hSBM tends to find
a common distribution for all tissues. Samples from all tis-
sues are described by a mixture of a few important topics [i.e.
with high P(topiclsample)], and several more specific but less
present ones [with low P(topiclsample)]. The way the topics
integrate on a global scale differentiates the tissues.

On the contrary, LDA leads to a radically different result
due to its specific priors. The Dirichlet prior on which LDA is
based forces the topic distribution towards more peaked so-
lutions [11], as Fig. 3B clearly shows in our case. As a conse-
quence, the identified topic are much more tissue specific, with
no common highly represented topics. This result is particu-

larly appealing in the biological context because it potentially
offer an easy interpretation. A sample is often characterized
by just one or a few topics, and thus by a relatively small set
of associated genes. Nevertheless, this behavior is likely the re-
sult of the Dirichlet prior and, thus, the one-to-one association
between topic and structure could not be actually present in
the data. Similarly to LDA, TM, and WGCNA output a single
layer of topics, with a structure of the topic space composed
by a set of peaked distributions (see Supplementary Fig. S5).

Gene expression levels are typically power-law distributed
in most datasets [22, 57], and indeed a power-law distribu-
tion also well describes the expression levels in all the tissues
(Supplementary Fig. S6 in the Supplementary material). hNSBM
reflects this statistical property by reproducing an analogous
distribution for the inferred topic structure (Fig. 3C). This
model was indeed originally proposed to abandon the specific
LDA priors in the linguistic context, where power-law word
abundance distributions are also ubiquitous, and was then ap-
plied to RNA-sequencing data with similar motivations [16,
17]. Here, we directly show the effect of this change of prior
on the inferred topic structure.

The main difference in the structure of the inferred latent
spaces can be observed using correlation analysis. We can
measure the correlation between the typical expression of a
gene in a topic (f;); and the topic frequencies (P(topic)) in the
samples. (f;), is estimated by averaging the normalized expres-
sion of genes in each given topic, while (P(topic)) is the nor-
malized abundance of topics in all samples. These two quan-
tities are clearly correlated using hSBM, while this is not the
case for LDA or other methods (Fig. 4). In other words, hSBM
finds the tissue structure in the data by defining topics that
typically contain genes with similar expression levels. This is
not true for other methods. Again, this is a consequence of
the different model priors, and in particular of the uniform
prior implicitly present in hSBM. Which topic organization
is more desirable can be debated, and it is probably context-
dependent. However, it is important to keep in mind that the
specific gene grouping is strongly influenced by the selected
method, especially when attributing a biological interpreta-
tion to the topics.
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Figure 3. Pltopic|tissue) for different tissues. The topic importance in samples of different tissues is reported in panel (A) for the hSBM and in panel (B)
for LDA using a dataset composed of samples from 10 tissues of GTEx and selecting the highly variable genes. The trend of the reconstructed topic
space is affected by the algorithm priors. In panel (C), topics are ranked in every tissue so that the first point corresponds to the most expressed topic in
that tissue. For convenience, the plot is reported on a log-log scale. The powerlaw structure, at least for low ranks, of the original data space is
preserved in the hSBM topic space. The analogous plot for LDA would be trivially peaked due to the probability distribution induced by the Dirichlet prior.

In general, hSBM does no push towards few cluster-specific
gene “markers”, but it rather organizes genes with similar ex-
pression values into topics and then uses the specific global
combination of topics to cluster the samples. On the other
hand, methods such as LDA tend to find topics composed
by few genes with variable expression levels, and cluster of
samples strongly associated to just one or few of these topics.
While this is particularly appealing in terms of biological in-
terpretation and subsequent experimental testing, it can be an
artifact due to the model prior.

The impact of the different priors becomes even more ev-
ident when the analysis is restricted to housekeeping genes.
These genes are, by definition, consistently expressed in every
sample. Their global expression pattern can still have enough
information to separate different tissues, but we do not ex-
pect to find housekeeping ‘markers’ of a tissue, i.e. housekeep-
ing genes that are clearly differentially expressed in a specific
tissue. Indeed, as expected, the distribution of hSBM topics
is again power-law-like, and the obtained tissue separation is
still quite accurate [the NMI" top scores (hSBM 43, LDA 47,
TM 46, WGCNA 27, and hierarchical 35) are slightly smaller
than the scores obtained with the standard gene selection pre-
sented in Fig. 1], but based on global differences in topic com-
position (Supplementary Fig. S7A). On the other hand, LDA
identifies single over-represented topics in different tissues in
this case as well, likely due to the influence of the Dirichlet
prior (Supplementary Fig. S7B).

Biological processes result from complex interactions
among potentially hundreds or thousands of genes. While re-
ducing this complexity to a short list of ‘markers’ may be ap-
pealing, it can be overly simplistic and may overlook genes
that, acting in synergy with those markers, play a causal role
in the process. Such oversight can hinder the development of
effective therapies by missing potential targets. [58].

The relations between different tissues in the latent
space

Since topic modeling can be viewed as a form of dimensional-
ity reduction, a relevant question is how much of the structure
from the original space is preserved in the low dimensional
topic space. Our benchmark dataset is well suited to investi-
gate this question. In fact, as reported originally by [56], there
is a natural hierarchy of distances between tissues that can be
observed at the level of gene expression patterns. We are in-
terested in testing how much this hierarchy is preserved in the
topic space created by different topic modeling techniques, in
particular LDA and hSBM. Firstly, we define an ‘archetype’
per tissue by averaging the P(sampleltopic) over all its avail-
able samples. We use these prototypical points to measure the
distances between tissues in the topic space. Analogously, the
same calculation can be performed in the original expression
space. We can thus associate to each tissue two alternative vec-
tors of distances from all the other tissues, one evaluated in the
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Figure 4. The average frequency of genes in each topic. We report the average normalized expression of genes in a topic: (f;); = %E,QZL nij/R,
where Ris the number of samples and tis a topic with || genes. We evaluate the correlation of this quantity with the frequency of topics in samples

fr = lﬁ,Ef:1 P(t|s). The different algorithms (A) hSBM, (B) LDA, (C) TM, and (D) WGCNA lead to very different correlation values. The topic distribution of
hSBM is strongly correlated to the word distribution in the original data. This result resonates with a previous observation [25] about the widely different
‘disseminations’ of topics when using hSBM on texts. This result can be reproduced at any level of the output hierarchy. We report here the hierarchical
level of each algorithm with a number of clusters close to the number of tissues in the dataset (10), and a sufficient number of points to estimate the
correlations: hSBM has 273 topics and 8 clusters, LDA 38 topics, and 39 clusters. TM and WGCNA are not hierarchical models on the topic side, so we

cannot select the number of topics.

original data space, and one in the topic space. At this point,
the Spearman correlation between these two vectors provides
information about the conservation between the tissue rela-
tions. The correlation is 1 if the ranking of the distances is
perfectly consistent after the projection in the topic space. As
shown in Fig. SA, the low dimensional projection of hSBM
well conserves the tissue hierarchy in the expression space. In-
terestingly, this is only partially true for LDA (Fig. 5B), while
with TM (Fig. 5C) and WGCNA (Fig. 5D) the tissue structure
appears to be lost (this analysis cannot be done with hierar-
chical clustering since the original points are not projected in
a low-dimension space).

Different methods recover similar clusters but
different topics

The phenotypic differences observed across tissues are
strongly reflected in their gene expression profiles. In fact,
nearly every algorithm tested was able to effectively distin-
guish between samples from different tissues. This is con-

firmed by the high NMI [45] (see the ‘Materials and meth-
ods’ section for a detailed discussion of the model evaluation
measures) values obtained, using the known tissue structure as
ground truth (Fig. 2). Indeed, different algorithms converge to
very similar partitions at the level of samples, at least at the
coarse resolution of tissues (Fig. 6A). However, as discussed in
the previous sections, the topic spaces generated by alternative
models exhibit structural differences. We now directly assess
the overlap in the genes that the various models prioritize to
achieve tissue separation.

Figure 6B reports the agreement between the partitions of
genes obtained with different models. The low NMI scores
show that the overlap between the gene clusters is quite low.
Therefore, the different model priors not only lead to distinct
structures of the topic space but also produce varying associa-
tions between genes and topics. This implies that the gene sets
linked to specific tissues are highly model-dependent.

In general, machine learning methods, such as topic model-
ing, leverage statistical associations to perform a task with-
out any domain knowledge. These statistical associations
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Figure 5. Spearman correlation between vectors of tissue distances
calculated in the expression space or in the topic space. A comparison
between different algorithms (A) hSBM, (B) LDA, (C) TM, (D) WGCNA is
reported. The dashed lines correspond to the mean value across tissues.
High correlation values indicate a conservation of the tissue relations in
the topic space.

obviously do not necessarily correspond to causal relations
[59-61]. Given that the number of genes often exceeds the
number of samples and that gene expression levels are fre-
quently correlated [e.g. genes regulated by the same transcrip-
tion factor (TF)], multiple combinations of genes could effec-
tively correlate with the tissue structure. Consequently, it is
not surprising that different models, each with distinct priors,
may focus on different gene sets for clustering the samples.
However, the substantial differences in the gene sets associ-
ated with the samples serve as a caution to users: these associ-
ations should not be overinterpreted, and the biases inherent
in each model should be carefully evaluated.

GSEA confirms the biological relevance of the
topics

Topics are essentially lists of genes and thus GSEAs can be
used to identify the biological features associated to topics.
We start this analysis from the tissue structure identified by
hSBM. We first build a centered version P(topic|tissue) of
the probability distribution P(topicltissue) by subtracting the
mean probability value. This centered version highlights the
topic that are over-represented in a given tissue as displayed
in Fig. 7.

We can now isolate the topics whose centered probability
is higher in one or more tissues using a z-score to evaluate
the significance of these deviations. Finally, we can apply a
GSEA [51] to the gene lists associated the significant topics.
An analogous procedure was previously used to interpret the
biological meaning of topics in the context of cancer transcrip-
tomics [16]. Illustrative examples of this analysis are reported
in Fig. 7 and in Table 1. In many cases, a single topic is over-
represented in a tissue and thus should be representative of
the tissue biological properties. This is the case of topic 10
in Fig. 7A, which is strongly associated to brain tissues. The
genes in the topic are indeed enriched in neuronal Gene On-
tology (GO) categories (see the first entry of Table 1). In some
other cases, a single topic is enriched in more than one tis-

sue, probably due to common biological pathways or func-
tions in the two tissues. This is the case of topic 39, which is
associated both to Muscle and Hearth (Fig. 7B), and accord-
ingly to the keywords “myosine”, “myogenesis”, and “muscle
contraction”. Other examples are reported in Fig. 7 with the
corresponding enrichment results in Table 1.

Interestingly, some topics are common to several (or all) tis-
sues. In the context of natural language processing, these top-
ics have been characterized as ‘common topics’ containing less
informative words, such as articles [25], which are present in
all texts. Analogously, in our context, these common topics
are enriched in general GO terms, which are shared by all the
tissues. This is the case, for instance, of topic 46 (see the third
line of Table 1 which is enriched in keywords like ‘extracellu-
lar matrix” which can be associated to different tissues.

We report the above examples of functional annotations,
although somewhat generic, primarily as a sanity check for
our analysis. However, the hSBM topic organization can also
reveal new biological insights, particularly regarding the regu-
latory pathways driving tissue separation. Notably, an exami-
nation of the gene content in certain topics shows enrichment
for targets of specific TFs. In the Supplementary Material, we
provide a detailed example highlighting the role of three key
TFs—MEF2, AP4, and SRF—in the organization of Blood and
Muscle cells [62-64]. At the higher hierarchical level (Topic 6
of level 3), all three TFs are strongly enriched, with a clear
association of the topic to Blood and Muscle samples. At the
subsequent hierarchical level, the genes in Topic 6 split into
several sub-topics, each characterized by distinct target en-
richment and tissue associations. This differentiation of regu-
latory patterns is supported by existing literature. Consistent
with the general behavior of hSBM, this differentiation is not a
rigid separation but a gradual shift in enrichment content: sev-
eral genes are shared targets of different TFs contributing to
tissue formation, likely with distinct functional roles. A more
detailed discussion of this example is provided in the Supple-
mentary Material and illustrated in Supplementary Fig. S8.

We performed the same functional analysis for the topics
identified by the other three algorithms. All the results are
presented in Supplementary Figs S9 (LDA), Supplementary
Fig. S10 (TM), and Supplementary Fig. S11 (WGCNA) of
the Supplementary material. The GO enrichment is relatively
strong for WCGNA and TM topics, while slightly weaker for
LDA ones. LDA does not naturally define the topics as gene
lists, instead its output is a probability distribution whose sup-
port is the whole gene repertoire. As discussed in the ‘Mate-
rials and methods’ section, we select the 20 genes with the
higher associated probability given a topic (20 the typical
number of genes per topic found by hSBM).

An issue related to the WCGNA results is that the gene
list associated with a topic is in general very large (one or-
der of magnitude larger than the average hSBM list) making
the topics much less specific. On the contrary, TM outputs
on this dataset a small (i.e. 5) number of topics to identify a
one-to-one relation between topics and tissues. Possibly, these
problems could be made less severe with a suitable choice of
hyperparameters. However, as we mentioned in the introduc-
tion, in order to make a fair comparison with parameter-free
methods such as hSBM and to avoid overfitting we did not
perform model-specific explorations of hyperparameter val-
ues, and adopted the standard settings.

Interestingly, even if the topics found by different meth-
ods are very different, as shown in the previous sections, the
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Table 1. Gene ontology enrichment tests performed on the gene lists
(number of genes reported in brackets) associated to different topics using
GSEA [561]

False
Discovery Rate
Term (FDR) g-value
Topic 10 (34)
Neuronal cell body 8.07¢ — §
Axonogenesis 2.25¢ — 4
Topic 39 (18)
HALLMARK_MYOGENESIS 6.81e — 28
Muscle contraction 3.15¢ — 24
Topic 46 (33)
GO_EXTRACELLULAR_MATRIX 1.95E — 10
NABA_MATRISOME 3.35E - 10
Topic 79 (10)
GO_THYROID_HORMONE_METABOLIC_PROCESS 7.94E — 4
GO_ENDOCRINE_SYSTEM_DEVELOPMENT 4.9E -2
Topic 254 (5)
GO_HAPTOGLOBIN_BINDING 2E—-6
GO_HAPTOGLOBIN_HEMOGLOBIN_COMPLEX 2E -6

associated gene lists often shows significant enrichment for
gene ontologies that are compatible with the tissue structure
(see Supplementary Figs S9-511).

The use of topic modeling to distinguish healthy
from cancerous tissues

As an additional relevant benchmark dataset, we combined
samples from healthy tissues from GTEx [56] and cancerous
tissues from TCGA [52]. As a consequence, two main stru-
cures are present in this dataset: the tissue structure and the
distinction between healthy and cancer tissues.

The results of applying hSBM and LDA to this dataset are
reported in Fig 8A and B, respectively. We display the NMI*
levels evaluated with respect to the tissue structure only (blue
lines), or to the tissue structure with the additional partition
due to status, i.e. healthy versus cancerous (red lines). The
task of retrieving even just the tissue structure is now more
challenging due to the additional variability introduced by the
presence of cancerous samples. Indeed, the NMI* values are
lower than those reported in Fig. 2. In this more complex set-
ting, hSBM outperforms LDA in discovering both structures,
further confirming its potential in the context of cancer tran-
scriptomics [16].

The lower resolution level is dominated by the tissue orga-
nization. In fact, hSBM typically finds a number of clusters
close to the number of tissues (10) and the NMI is higher if
evaluated with respect to the tissue structure. At the subse-
quent layer, the algorithm further separates reasonably well
the healthy tissues from the cancerous ones. Indeed, the red
line (referring to the partitioning with health status) becomes
higher than the blue line, where the number of clusters is gen-
erally close to 20 as expected (Fig 8A). This effect is less evi-
dent using LDA (Fig 8B).

Robustness to data pre-processing and gene
selection

Data pre-processing and gene selection procedures to reduce
the number of features are standard practices in the analysis
of RNA-sequencing data [65]. However, most protocols do
not have a clear theoretical motivation and can potentially
affect downstream analysis and conclusions. In this section,
we focus on the often-used data logarithmic transformation

and on gene selection procedures to analyze their effect on
the results of topic modeling algorithms.

Topic modeling algorithms do not need data log-
transformation

The mRNA counts from RNA-sequencing experiments are the
result of a sampling process, thus their variability is due to
a combination of biological and technical sources [22, 66].
For this reason, the data are typically first normalized to re-
duce the sampling effect. Moreover, the data are often log-
transformed [67] with the underlying hypothesis that fold-
change variations are more relevant than absolute changes.
In fact, the euclidean distance of sample j from sample ;" is de-

fined as /)", (1i; — n,-,-/)z, but it becomes /3", (logz (:—’;))2

with the log-transformation, making the relative fold-change
% the only relevant quantity. By affecting how the distances

are evaluated, this pre-processing procedure can affect the re-
sults of clustering methods. Therefore, we want to compare
the performances of different algorithms using samples in the
original data space (using the standard TPM values) or sam-
ples in the log-transformed space. Figure 9 summarizes this
comparison. It is clear that topic modeling methods, both
hSBM and LDA, do not need this pre-processing step to ob-
tain significant scores in the task of finding the tissue structure
in the dataset. On the other hand, there is a relevant drop in
performance for both WCGNA and hierarchical clustering if
the log-transformation is not applied. TM was not included
in this analysis because it considers a network of genes based
on co-occurences that are unaffected by a log-transformation.
A gene is present in a sample if TPM > 0 and this is equal to
loga(TPM + 1) > 0.

The log-transformation has several potential pitfalls. For
example, the zero count values have to be replaced by a small
constant before the transformation, and this can introduce ar-
tifacts in sparse datasets. Moreover, the log-transformation
compresses differences at higher expression levels that could
be biologically relevant. Therefore, it is important to know
which algorithms can actually operate reliably in both expres-
sion spaces and our analysis shows that this is the case for
topic modeling methods.

Robustness to gene selection

Another standard procedure in the analysis of RNA-
sequencing data is gene selection [48]. Reducing the number
of features is often necessary to speed up downstream analy-
sis, and can also potentially eliminate less informative features
that can act as confounding factors. This section discusses the
robustness of different algorithms with respect to feature se-
lection by considering the two extreme cases of random gene
selection and of selection of housekeeping genes. While typ-
ically an arbitrary number of highly variable genes is used
(and this is the selection criterium we adopted so far), these
more radical criteria can better highlight the algorithms’ de-
pendences on gene selection.

Actually, the ability of different algorithms in retrieving the
tissue structure when using highly-variable genes or a random
selection of genes is not significantly different (Fig. 9B). This
result suggests that the information about the different tissue
phenotypes is redundantly present in the expression profiles.
Therefore, many different subsets of features can be used with-
out significant differences.
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Housekeeping genes are instead expressed in nearly every  notaveraged out as in bulk datasets. This section compares the
sample and typically exhibit high expression levels and low  different algorithms in the task of uncovering the organ struc-
variability. Therefore, by selecting only housekeeping genes  ture in a sparse single-cell RNA sequencing dataset. In par-

we are defining the more difficult task of retrieving the tissue ticular, we constructed a dataset that includes cells from four
structure using small and collective differences in otherwise =~ main organs from the Mouse Cell Atlas [68] and belonging to
quite conserved features. Figure 9B shows that topic model-  the five most represented cell types in each organ. Figure 10 re-
ing algorithms, can still reasonably well reconstruct the tissue ~ ports the distributions of normalized NMI* scores for all the
structure in this setting (NMI scores as red dashed lines), while  algorithms focusing on their ability to separate organs (a more
standard clustering algorithms, such as WGCNA or hierarchi-  comprehensive analysis is reported in Supplementary fig. S3).
cal clustering, have a more evident performance drop. Also in the case of single-cell data, topic models can iden-

tify the hidden macro structure and hSBM and LDA seems
to slightly outperform other methods. Again different meth-

Uncovering structures in single-cell ods converge on a similar clustering by using a different la-
RNA-sequencing data tent variable structure. In fact, Supplementary fig. S12 reports
We have focused so far on bulk RNA-sequencing data, but the analogous of Fig. 3 for the single cell scenario. The results
recently single-cell sequencing techniques are revolutionizing are consistent with the bulk case, with hSBM retrieving global
the field and providing a plethora of large-scale datasets [1] patterns of topic compositions, while LDA tends to associate
and topic modeling techniques can be also applied in this con- a single topic to each single organ.

text [15, 18]. The main difference in the statistical properties

of single-cell RNA-seq data with respect to bulk data is the

data sparsity and the higher level of noise, due to the techni- ~ Sample classification in the latent space

cal variability induced by the low levels of RNA in single cells ~ Topic models can also be interpreted as dimensionality re-
and by the inherent stochasticity of gene expression, which is duction techniques. In fact, they define an embedding space

G20z IMdy gz uo Jasn eueuns}a/ eosloliqig Aq 8¢/ | L8/6104ebl/z/./a10mie/qebieu/woo dnoolwepede//:sdiy woly pepeojumoq


https://academic.oup.com/nargab/article-lookup/doi/10.1103/nargab/lqaf049#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1103/nargab/lqaf049#supplementary-data

14 Valle et al.

350

300 O

250

O

150

I
=

wgcnahierarchical

NMI* score

hsbm Ida tm

Figure 10. NMI* score relative to the clustering of single-cell data. We
estimated the NMI scaled by the value corresponding to random
partitions for all the algorithms considering their ability to separate cells
from different organs. The general ranking with hSBM and LDA slightly
outperforming other methods, is compatible with the results obtained
using bulk data (Fig. 1).

(i.e. the topics) in which the data can be projected. A simple
NN can be trained in a supervised manner to perform, for
example, healthy versus tumor classification of samples rep-
resented in this embedding space. The idea is to use the un-
supervised learning of a topic model to learn suitable sample
representations, and then build a classifier in this representa-
tion space to annotate new samples. This procedure is analo-
gous to the unsupervised pre-training that has been adopted
in several deep learning projects [69].

In practice, each sample is only defined by a vector of its
topics, reducing the ~20 000 gene features to ~1800 top-
ics. The number of topics depends on the selected hierarchical
level of hSBM and sets the dimension of the input space for
the NNN. We can thus use a simpler and faster-to-train model in
the topic space without losing explainability since, as shown
in the previous sections, topics can be associated to biological
functions with GSEA.

Using the topic space defined by hSBM, we trained an NN
for two classification tasks: tissue separation and healthy ver-
sus cancerous sample. A standard cross-validation setup has
been adopted, as presented in the cartoon of Fig. 11A. We also
compared our results with a simpler K-NN classifier that can
assign the labels using the sample position in the original ex-
pression space.

The first task is to classify the tissue origin of new samples
(not previously used to define the topic space) by first project-
ing them in the topic embedding space. A small NN trained in
this space obtains an accuracy of 0.93 on this task. Figure 11B
reports the confusion matrix for this setting. Since the task is
not particularly complex, a K-NN can be used to assign tissue
labels with an accuracy around 0.8 in the original data space,
and around 0.9 in the log-transformed expression space. Sim-

ilar performance values can be obtained by training the NN
in the original expression space (the full performance metrics
are reported in Supplementary Tables S4 and S5). However,
the advantage of the projection in the low-dimensional topic
space is that we can train much smaller models with simi-
lar performance values and interpretable results. Moreover,
as the size of expression datasets increases, the information
extracted by the unsupervised pre-training with topic model-
ing is expected to continuously increase the performance on
complex downstream tasks, even if defined by very small an-
notated datasets for supervised training.

The second task we tested was the ability to classify healthy
versus cancerous samples. An NN operating in the topic em-
bedding space obtains an accuracy of 0.95 and an AUC score
of 0.98. The confusion matrix and the ROC associated to this
binary classification problem are reported in Fig. 11C and D.

This analysis is a proof of concept that a simple NN can be
used successfully in the structurally rich but low dimensional
topic space for different downstream classification tasks.

Conclusions

Topic modeling is a simple yet powerful unsupervised learning
technique that can be naturally applied to transcriptomic data,
leveraging on the strong statistical analogies with datasets of
natural language [16, 22]. While few applications in this con-
text have been explored [3, 13, 16, 17], we are still at the
early stages of understanding its full capabilities and possi-
ble pitfalls. By comparing different topic models and standard
clustering algorithms on a benchmark dataset with a partially
known internal structure, we demonstrated that topic model-
ing can cluster expression samples as effectively as traditional
methods. However, topic models offer a richer probabilistic
framework, allowing for the extraction of latent variables and
their associations with genes in a probabilistic manner. This
framework also provides a graded sample membership rather
than a mere grouping. Moreover, topic models appear to be
generally robust with respect to data preprocessing and fea-
ture selection and can be used as dimensionality reduction
methods.

Each topic model employs different priors. We have shown
how these priors strongly influence the topics identified. This
is especially relevant for transcriptomic data, in which rela-
tively few samples are embedded in a very high-dimensional
expression space. As a consequence, there are potentially
many unconstrained degrees of freedom, which makes the
choice of statistical priors particularly important. The pre-
sented results underscore the need to consider these priors
carefully when selecting a topic modeling approach, as they
shape the model focus and its ability to uncover biologically
relevant structures.

Among the tested topic models, the hSBM offers several dis-
tinct advantages. It does not require adjustable parameters
by automatically detecting the number of topics and natu-
rally provides a hierarchical structure of the output. More-
over, our results demonstrate that hSBM captures the ubig-
uitous power-law distribution of gene expression values, pro-
jecting it onto an analogous topic distribution. Additionally,
hSBM maintains the hierarchical relationships between hid-
den structures (the tissue structure in our case) in the em-
bedding space. These features make it particularly well suited
for capturing potentially complex structural relations in tran-
scriptomic data.
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curve. We considered positive healthy samples.

Despite its advantages, hSBM has some limitations. In par-
ticular, it relies on time-consuming Monte Carlo simulations,
which makes it slower compared to models like LDA. LDA,
with its Dirichlet prior, may be particularly suitable for iden-
tifying short lists of ‘marker’ genes due to its tendency to iden-
tify single, over-represented topics within sample clusters. In
contrast, hSBM naturally emphasizes global rearrangements
of expression patterns, likely due to its ‘flat’ prior. Therefore,
using hSBM and LDA in tandem could offer complementary
insights, with LDA supporting marker extraction and hSBM
providing a broader view of the overall structure.

We can summarize the main results of this paper into a few
key guidelines:

e If the primary goal is to cluster samples or individ-

ual cells, classic clustering algorithms are computation-
ally efficient, easier to interpret, and generally produce
similar partitions to topic models, at least for datasets
with naturally well-defined clusters, such as those stud-
ied here.
However, if the objective is fuzzy clustering with prob-
abilistic membership, topic models offer a good alterna-
tive. Additionally, topic models are generally preferable
when associating gene sets with clusters. Indeed, these
models naturally define a probabilistic relation between
topics and clusters, and topics are essentially collections
of genes.

e When there is a need to identify a small set of genes

or markers associated with a cluster of samples or cells,
the LDA prior naturally encourages this outcome. This is
particularly useful when selecting a small set of marker
genes for diagnostic purposes or experimental testing.
However, our detailed analysis suggests that it is impor-
tant to recognize that such associations are often influ-
enced by intrinsic algorithmic biases and may not neces-
sarily indicate a causal relationship.

If the goal is to understand the complex interplay be-
tween genes underlying the partitioning of samples,
hSBM is naturally suited for this purpose. Unlike topic
models such as LDA, hSBM does not impose a specific
bias toward sparse topic representation in clusters or
sparse gene representation in topics. However, the main
drawback of hSBM compared to LDA is its higher com-
putational cost due to the Monte Carlo procedure.

¢ Note that the ‘flat’ prior implicitly present in hSBM leads

to topics in which genes tend to have similar expression
levels. As a result, the algorithm typically identifies a few
topics consisting of highly expressed genes, which corre-
spond to articles in text analysis and are often enriched
in housekeeping genes in transcriptomics. The remaining
topics are primarily composed of lowly expressed genes.
Since hSBM considers global expression patterns,it is
more robust than faster methods with respect to data
normalization and gene selection procedures.
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¢ We have shown that clusters are preserved across a range
of quite different algorithms. Applying a consensus al-
gorithm can, in principle, help remove even subtle noise
from the clustering outcome.

¢ On the other hand, due to differences in model assump-
tions and the common disproportion between the num-
ber of samples and the number of genes, different al-
gorithms identify different sets of genes to explain even
very similar sample partitionings. Therefore, if multiple
methods are applied to the same problem, their conver-
gence on a similar set of genes suggests the presence of a
strong association signal. However, they often converge
on poorly overlapping sets of genes, which may still be
associated with similar biological processes or pathways
due to redundancy and correlations present in expression
profiles.
By considering the union of all genes associated with
a given cluster across different algorithms, one can
construct a comprehensive pool of genes for further
investigation.

Topic modeling is still an active research area. In particular,
there are recent developments of mathematical descriptions
based on the stochastic block model that are still waiting to
be adapted and tested for genomic data. For instance, merge-
split Markov chains [70] or Bayesian nonparametric formula-
tions [71] could lead to improvements in the performance of
hSBM-like algorithms. Moreover, in this work, we ran hSBM
with multiple initializations and chose the one with the short-
est description length. However, the recently proposed tech-
nique based on consensus [72] could be an interesting alter-
native to explore.
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