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Abstract

Stem cells are important in the generation of cell diversity. They must ensure a
properly-timed cascade of transcription factors that determine cell fate. However,
the mechanisms that balance the generation of cellular diversity is poorly under-
stood. To elucidate these mechanisms, the Drosophila melanogaster larval central
nervous system (CNS) has become a powerful model. The neuroblasts (NBs)
in the larval central nervous system divide asymmetrically and give rise to cells
with different developmental fates. Currently, there is little known about whether
regulation of cell fate may involve microRNAs (miRNAs). These short non-coding
RNA’s silence gene expression of complementary mRNA transcripts. There is a
possibility that temporal and spatial regulators at the post transcriptional level have
potential to coordinate asymmetry of cell fate determinants. Previous research has
used a single-cell RNA sequencing (scRNAseq) to compare the transcriptomics of
individual cells between wildtype (wt) and mir-190 KO cells in drosophila. mir-190
deficient cells show a decrease in neuron production and an increase in differentiat-
ing cells, glial cells and kenyon cells compared to the control. This data suggests
miR-190 plays a role in regulating the balance of glial cells and possibly affects
self-renewal pathways. Currently, many scRNAseq publications use Seurat for
their anaylsis. Although Seurat is the most popular package, there are a plethora of
other scRNAseq packages that differ in their approach and can affect the accuracy
and interpretability of the results. Thus our goal for this project is to compare the
accuracy of results from different sScRNA-seq data analysis methods, such as Seurat,
sc VI, constrastive VI, and linearVI. We aim to determine if mir-190 deficient cells
remain to show a decrease in neuron production compared to wildtype with newer
and improved scRNAseq analysis.

1 Introduction

Single-cell RNA sequencing (scRNAseq) is a dynamic technique to examine transcriptomes in
individual cells (Olsen et al., 2018). It is used to characterize and distinguish various cell types and
examine cell-specific changes in the transcriptome. scRNAseq is useful in discovering new or rare
cell types, identifying differences in cellular composition between mutant and non-mutant tissue, and
understanding cellular differentiation during development (Hwang et. al., 2018).

In particular, scRNAseq is an incredibly useful tool for understanding the transcriptional difference
between stem cells and their differentiated progeny during early development. The Drosophila
central nervous system (CNS) is a well-described model for studying early development and cell
fate selection (Harding and White, 2018). Within the Drosophila CNS are neural stem cells called
neuroblasts which must undergo a properly-timed cascade of transcriptional changes to differentiate
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into its proper cell fate. Currently, there are many scRNAseq datasets and atlases purely on the
Drosophila CNS where all the various neural cell types are clustered and gene expression annotated.

Currently, many Drosophila larval brain scRNAseq publications use either Seurat or Monocle,
both widely used in the single-cell genomics community, and both offer many similar features for
preprocessing, dimensionality reduction, clustering, and visualization of scRNA-seq data. Although
they are the most used packages for sScRNAseq analysis, there are a plethora of other scRNAseq
packages that differ in their approach and can affect the accuracy and interpretability of the results.
Thus our goal for this project is to compare the accuracy of results from different scRNA-seq data
analysis methods, such as Seurat, scVI, constrastiveVI, and linearV1.

1.1 Hypothesized mechanism for mir-190 regulation of cellular diversity

Asymmetric division is a key mechanism for stem cell differentiation. The Drosophila CNS is a
well-described model to study the asymmetric division and cell fate selection (Harding and White,
2018). Within the Drosophila CNS are neural stem cells called neuroblasts, which can undergo two
types of cell division, symmetrical and asymmetrical. Symmetrical cell division produces two equally
partitioned neuroblasts, whereas asymmetrical cell division produces one neuroblast and one daughter
cell (Egger et al., 2007). During asymmetric divisions, cell fate determinants are distributed during
mitosis based on apical-basal cortical polarity. The apical end establishes a daughter cell that retains
self-renewal neuroblast identity while the basal end differentiates the second daughter cell (Homem
et al., 2013). Before the final differentiated state, the cell will enter an intermediate state called the
ganglion mother cell (GMC). Cell fate determinants such as Prospero, Brat, and Numb must have
proper apical-basal placement to get asymmetrically inherited into the daughter cells and give rise to
a specific cell specialty. These cell fate determinants are highly conserved and tightly regulated thus
dysregulation can result in stem cells dividing symmetrically thus leading to over proliferation of
stem cells or differentiated cells.

One such highly conserved cell fate determinant is Prospero, a transcription factor (TF) that acts as
an intrinsic signal for the specification of cell fates (Ikeshima-Kataoka et al., 1997). Prospero is an
important pan-neural TF that is needed for differentiation of GMC fate and neuron differentiation.
Both Prospero mRNA and Prospero protein localize to differentiated cells. After cytokinesis, Prospero
transcripts will translocate from the GMC cytoplasm to its nucleus. Low levels of Prospero lead to
cells entering dormancy, however loss of Prospero will prevent that dormancy to occur (Lai and Doe,
2014). This role in dormancy hints at the importance of regulating Prospero during cell division.
Currently, how Prospero mRNA is regulated in the cell during division and differentiation is unknown.

miRNAs have important roles in organizing asymmetric spatial localization of cell fate determinants
in stem cell diversity (Stappert et al., 2015). miRNAs silence genes at the post-transcriptional level
and facilitate characterization of various cell types. They inhibit expression of target mRNAs by
binding to the 3’ untranslated region to induce repression and prevent protein translation (O’Brien
et al., 2018). One miRNA in particular is hypothesized to play a large role in determining cell fate
of neurons, miRNA-190. Predictive algorithms have identified a conserved binding site across the
Drosophila clade between Prospero mRNA and miR-190, suggesting a regulatory interaction. I
hypothesize that before NB division, miR-190 could be binding to Prospero mRNA 3’ UTR at the
apical crescent to restrict Prospero expression to the basal crescent and to initiate the daughter cell
into becoming a GMC. Prospero is usually expressed in the GMC in route to becoming a neuron
or glial cell (Lai and Doe, 2014). Without a fully functional miR-190 to repress Prospero in the
neuroblast, Prospero mRNA could be localized throughout the NB cell. Once the polarity of the cell
has been established and Prospero could be localized on both the apical and basal crescent, Prospero
may be symmetrically partitioned to both daughter cells. Based on what we know about Prospero,
this symmetric partitioning of Prospero is capable of giving rise to two GMC after the division of the
neuroblast. Furthermore, to support the hypothesis that miR-190 may be involved in neural stem cell
division, RT-qPCR was performed to identify any targeted transcripts associated with miR-190. The
preliminary data showed a derepression of Prospero compared to the other targets, ribosomal RNA
was used to normalize RNA transcript levels. This indicates that Prospero could be interacting with
miR-190.

Single-cell RNA sequencing (scRNAseq) is a dynamic technique to examine transcriptomes in
individual cells (Olsen et al., 2018). It is used to characterize and distinguish various cell types and
examine cell-specific changes in the transcriptome. scRNAseq is useful in discovering new or rare



cell types, identifying differences in cellular composition between mutant and non-mutant tissue, and
understanding cellular differentiation during development (Hwang et. al., 2018). Previous work used
scRNAseq with a mir-190 mutant to understand its role in cell fate selection and brain development.
The results showed a significant increase in glial cells, neural progenitor cells, mushroom body
cells, and undifferentiated cells in mir-190 mutants compared to wildtype. There was a decrease in
neuron production suggesting a preference towards regulating self-renewal pathways and glial cell
formation. Understanding the role of miRNAs in differentiation versus stemness can eventually aid
in the development of stem cell therapies that can be applied to neurodegenerative diseases.

Although interesting results, Seurat has limited tools for a through analysis on mirl190 affect on
cellular diversity. Other scRNAseq packages can differ in their approach and can affect the accuracy
and interpretability of the results. Thus our goal for this project is to compare the accuracy of results
from different scRNA-seq data analysis methods, such as Seurat, scVI, constrastiveVI, and linearVI.
We aim to determine if mir-190 deficient cells remain to show a decrease in neuron production
compared to wildtype with newer and improved scRNAseq analysis.

1.2 Comparing Seurat, scVI and linearVI

Single-cell RNA sequencing (scRNA-seq) is a powerful technique for studying the transcriptomes of
individual cells, allowing researchers to investigate the heterogeneity of gene expression within cell
populations. There are several methods for analyzing scRNA-seq data, including Seurat, scVI, and
linearVI.

Seurat

Seurat uses a novel method called “guided PCA” for clustering scRNA-seq data. This method
uses a graph-based approach to identify clusters of cells, allowing for the integration of additional
information, such as cell type annotations, into the clustering process.

Single Cell Variational Inference (scVI)

In contrast, scVI uses a probabilistic approach for clustering sScRNA-seq data. This method models
the gene expression data as a mixture of latent variables, using a variational autoencoder (VAE)
to model the gene expression data to allow for the incorporation of uncertainty into the clustering
process. This can help to identify cells with uncertain or mixed gene expression patterns, which may
not be detected by traditional clustering methods.

Linear Variational Inference (LinearVI)

LinearVI is a linear method for analyzing scRNA-seq data. It uses a linear generative model to learn
a low-dimensional representation of the data, which can then be used for downstream analysis. This
method is computationally efficient and easy to implement, but may not capture the full complexity
of the data compared to non-linear methods like scVI and constrastiveVI.

Overall, scVI, constrastiveVI, and linearVI are all methods for analyzing scRNA-seq data. However,
they differ in their approach, with scVI using a probabilistic VAE, constrastiveVI using contrastive
learning, and linearVI using a linear generative model. These differences can affect the accuracy and
interpretability of the results.

Thus for our project, we are going to compare the accuracy of results from scRNA-seq data analysis
methods, such as Seurat, scVI and linearVI using several metrics. One common metric is the adjusted
rand index (ARI), which measures the similarity of the predicted clusters to the true labels, if known.
A higher ARI indicates better clustering performance. Additionally, the quality of the learned low-
dimensional representation of the data can be evaluated using visualization techniques, such as t-SNE
or UMAP. These techniques can help to identify any patterns or structures in the data that are captured
by the analysis method.

Overall, the accuracy of results from scRNA-seq data analysis methods can be measured using a
variety of metrics, including the ARI and visualization techniques for the quality of the learned
representation of the data.



2 Methods

2.1 Fly Strains

Drosophila melanogaster Oregon-R was used as the wild type strain. miR-190 mutant stock
was obtained from Bloomington Drosophila Stock Center (BDSC): w[*]; TITImir-190[KO]/TM3,
Pw[+mC]=GAL4-twi.G2.3, PUAS-2xEGFPAH2.3, Sb[1] Ser[1] All flies were kept at room tempera-
ture in vials containing conventional cornmeal agar medium.

2.2 10x Genomic Sequencing

A single-cell suspension concentration of 1000 cells/ul was submitted through UCSF Core Immunol-
ogy Lab. scRNA-seq libraries were prepared using the Chromium Single Cell 3’ Library and Gel
Bead Kit v3 (10X Genomics). The pipeline consists of the following: sample preparation, single cell
GEM generation using the 10x Single Cell Controller, sample cleanup, reverse transcription, cDNA
preparation, sequencing library preparation, and sample sequencing. Sample preparation involved
removal of dead cells and viability assessment using a flow cytometer. Sequencing was accomplished
with HiSeq 4000 or Novaseq.

2.3 Seurat data processing

Seurat version 4.1.0 (Butler et al., 2018; Satija et al., 2015; Stuart et al., 2018) pipeline was adapted
and executed on the normal and miR-190 mutant dataset. Quality control (QC) analysis on the control
(WT) and miR-190 mutant datasets determined thresholds for filtered mitocondrial counts and unique
features. The data was filtered for cells > 10 percent mitochondrial counts and cells that have unique
feature counts between 1000 and 25000. I obtained a total of 11,580 cells; 3,951 wildtype (wt) cells
with a median of 600 genes per cell and 7,629 miR-190 mutant cells with a median of 1200 genes per
cell (Supplemental Figure 1A). Before integrating datasets, I preprocessed the datasets selecting 2000
features. Next, | merged datasets through the integration method of SCTransform (SCT). Integration
among the datasets was performed by identifying common anchors between the two datasets and
combining them into a single Seurat object. To define the dimensionality of the dataset, an ElbowPlot
was used to determine [1:20] dimensions. This dimensionality was used to find integration anchors.
Using 20 dimensions was also used when applying the “FindNeighbors” function, necessary for
clustering. Resolution 0.08 was based on the number of identifiable clusters. UMAP was visualized
using the reduction “pca”. Cluster identities were determined based on previously identified gene
markers for each cell type.

To determine if there is a difference in the number of cells in each cell type between WT and miR-190,
I counted the number of cells per cluster. Since the number of cells in WT and miR-190 mutant is
different (3,951 wildtype cells and 7,629 miR-190 mutant cells), I normalized the data by dividing
WT 3951/ miR-190 7629 = 0.518. Each final total cell count of miR-190 clusters were multiplied by
the difference (0.518) before graphing results.

2.4 Annotation of Cell Clusters

Cells were characterized using previously known markers and created a dot plot showing the gene
expression patterns of each of the known marker genes with our dataset (Figure x). The follow-
ing markers were confirmed by Avalos et al., 2019: Differentiated neurons could be defined by
Glutamic acid decarboxylase 1 (Gadl), an enzyme for the main inhibitory neurotransmitter gamma-
Aminobutyric acid (GABA), knot (kn), a transcription factor required for wing disc patterning in
larvae, and abnormal chemosensory jump 6 (acj6). Undifferentiated neurons could be defined by
headcase (hdc), a known gene for controlling proper timing of neural differentiation and Thor which
contributes to translational regulation and cell growth regulation. Peptidergic neurons were deter-
mined by target of wit (twit), a regulator of neurotransmitter release during maturation of larval
neuromuscular junctions, and dimmed (dimm), a transcription factor that promotes cellular properties
for cell fate selection. Neural progenitor cells (NPC) were distinguished by the following: asense
(ase), Notch (N), deadpan (D), miranda (mira), and grainyhead (grh). Glial cells were defined by
hoepell (hoel), believed to play a crucial role in transmembrane transport, wrapper, important for
axon ensheathment and glial apoptosis, and CG6126. Kenyon cells (KC) were characterized by the



expression of the following: short neuropeptide F precursor (sNPF), Neprilysin 1 (Nep1), portabella
(prt), Prospero (pros), eyeless (ey).

2.5 Single-Cell Variational Inference (scVI) data processing

scVI version 0.19.0 (Lopez, R., Regier, J., Cole, M.B. et al., 2018) pipeline was adapted and executed
on the normal and miR-190 mutant dataset. scVI model runs more efficiently on Python, so the
Seurat object from R was converted to an AnnData file to be used in Python. Converting the Seurat
object to an AnnData file is a two-step process. First, the Seurat object is saved as an h5Seurat
file then convert to an AnnData file for use in Scanpy. Scanpy is a scalable toolkit for analyzing
single-cell gene expression data built jointly with AnnData (Wolf, F., Angerer, P. & Theis, F., 2018).
AnnData is a Python package for handling annotated data matrices in memory and on disk, positioned
between pandas and xarray (Isaac Virshup, Sergei Rybakov, Fabian J. Theis, Philipp Angerer, F.
Alexander Wolf, 2021). Next, the data was preprocessed to remove genes that are very lowly
expressed, specifically setting the minimum number of counts required for a gene to 3. Then the data
was normalized and ran through feature selection to reduce the number of features (genes) down to
1200 highly variable genes. Lastly, AnnData was configured and ran setup_anndata, which alerts
scvi-tools to the locations of various matrices inside the anndata. It’s important to run this function
with the correct arguments so scvi-tools is notified that your dataset has batches, annotations, etc. I
create the scVI model with the following parameters:

n_hidden: 128, n_latent: 10, n_layers: 1, dropout_rate: 0.1, dispersion: gene, gene_likelihood: zinb,
latent_distribution: normal

The model was trained across 400 epochs. For running the UMAP visualization without batch
correction, I computed a neighborhood graph of observations with 20 principal components and 20
neighboring data points. I embed the neighborhood graph using UMAP with 0.3 as the effective
minimum distance between embedded points. Using this embedding, I created a UMAP for cell type,
control/mutant, and mitochondrial gene percentage annotations. The same process for determining
the difference in the number of cells in each cell type between WT and miR-190 as the Seurat data
processing was used.

Finally, scVI latent space was used to generate the same UMAP plots to observe scVI successfully
accounts for batch effects in the data, and followed with the same process for cell counts as above.

We can cluster cells using the Leiden algorithm [Traag, 2018], an improved version of the Louvain
algorithm [Blondel, 2008]. It has been proposed for single-cell analysis by [Levine, 2015], using
0.09 as the resolution to maintain seven clusters for the seven cell types.

Using the marker genes determined in the Annotation of Cell Cluster section, I created a dot plot and
heat map showing the gene expression patterns of each of the known marker genes with out data set.

2.6 Linearly-decoded VAE scVI data processing

The scVI model learns low-dimensional latent representations of cells which get mapped to parameters
of probability distributions which can generate counts consistent to what is observed from data. In the
standard version of scVI these parameters for each gene and cell arise from applying neural networks
to the latent variables. Neural networks are flexible and can represent non-linearities in the data.
This comes at a price, there is no direct link between a latent variable dimension and any potential
set of genes which would covary across it. The LDVAE model replaces the neural networks with
linear functions. Now a higher value along a latent dimension will directly correspond to higher
expression of the genes with high weights assigned to that dimension. This leads to a generative
model comparable to probabilistic PCA or factor analysis, but generates counts rather than real
numbers.

I use the same scVI version, the same process for converting the Seurat object into an AnnData
file, and the same preprocessing steps as for scVI data processing described above. I initialized the
LinearSCVI model with 20 latent dimensions with the following parameters:

n_hidden: 128, n_latent: 20, n_layers: 1, dropout_rate: 0.1, dispersion: gene, gene_likelihood: nb,
latent_distribution: normal



I trained the model for 250 epochs. I created a UMAP for the cell clustering based on the Leiden
algorithm to visualize the LinearSCVI latent space, similar to what was described earlier.

The same process for determining the difference in the number of cells in each cell type between WT
and miR-190 as above was used.

3 Results

3.1 Differences in cell counts among Seurat, scVI, and linear VI

After clustering the data with each scRNAseq package, we counted the number of cells in each cell
type between the control and mir-190. The dataset for mir-190 was adjusted for the excess amount
of cell sequence compared to the control (see methods section for details the data normalization).
Using Seurat, the cell counts of mir-190 deficient cells show a decrease in neuron production and
an increase in differentiating cells, glial cells and kenyon cells compared to the control (Figure 2A).
Although the cell counts were slightly different when processed with scVI, we were able to see the
same general trend with a decrease in neuron production and an increase in differentiating cells, glial
cells and kenyon cells (Figure 2B). However, when preforming cell counts with linearVI, our cell
counts show a decrease in Kenyon cells, opposite of the cell counts and thus clustering of seurat and
scVI (Figure 2C).

Among all three analysis, we are still able to confer that miR-190 may play a role in regulating an
appropriate balance of pan-neuronal cells and glial cells. Without miR-190, neuronal differentiation
could be difficult and remain as NPC or differentiate into glial cells. However, we need to further
examine the discrepancy between the packages with Kenyon cells.

3.2 Evaluation of Method Clustering

We need to evaluate the clustering of the two clustering methods compared with Seurat to see how
similar each of the clusterings are with one another. I decided to use the adjusted rand index from the
Scikit-learn Python library. Rand Index is a function that computes a similarity measure between two
clustering. For this computation rand index considers all pairs of samples and counting pairs that are
assigned in the similar or different clusters in the predicted and true clustering. Afterwards, the raw
Rand Index score is ‘adjusted for chance’ into the Adjusted Rand Index score by using the following
formula:

RI — Expected_RI
max(RI) — Expected_RI

Adjusted_RI = (D

It has two parameters namely labels_true, which is ground truth class labels, which we will use the
Seurat clustering for, and labels_pred, which are clusters label to evaluate, which are the two scVI
clusterings.

The ARI lies between 0 and 1, with higher scores indicating better separation. Random labelings
have an ARI close to 0.0. 1.0 stands for perfect match.

A
Clustering comparison between methods (ARI)
Seurat scVi LD-SCVI
Seurat 0.91837
scVI

LD-SCVvI 0.91837

Using the adjusted rand index, we notice that LinearSCVI clustering was able to match the Seurat
clustering well, but scVI couldn’t match as well. This could be due to the linear decoder being able
to explicitly link latent cells to genes, whereas there isn’t a direct link between a latent variable
dimension and any potential set of genes in the standard scVI.



4 Conclusion

Overall, comparing Seurat, scVI, and linearVI, there are slight differences between data analysis and
conclusions. Seurat and scVI had slightly different results when counting the number of cells in each
cell type, however, showed similar trends, thus we were able to make the same conclusions with both
analysis. However, linearVI had different cell count for Kenyon cells. Either better characterization
of the cell type needs to occur or we need to reassess how the data is being clustered. Interestingly
enough, when running a Rand Index, we see that the clustering similarity is higher between seurat
and linearVI than seurat and scVI. This is surprisingly considering Seurat and scVI had more similar
cell counts. Further analysis into how the packages are processing the data as well as user cross
examination would need to take place to conclude which package is giving us more accurate results.
Overall though, using all three analysis, we are still able to confer that miR-190 may play a role in
regulating an appropriate balance of pan-neuronal cells and glial cells. Without miR-190, neuronal
differentiation could be difficult and remain as NPC or differentiate into glial cells.

5 Discussion

Future directions would be to double check how the data is being processed and clustered among all
three packages. Contacting the package developers is also an option is understand how each package
may be concluding different cell counts for kenyon cells. There are other scRNAseq packages such
as Monocle and Scanpy as well that we could quickly run the data through and see if we get the same
cell counts although they are very similar to Seurat.

5.1 Figures
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