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Abstract

SIMS: Scalable, Interpretable Machine Learning for Single-Cell Annotation
by
Julian Lehrer

Experiments in molecular and cellular biology today have become increasingly large and
complex, with technological advances enabling high resolution, multi-modal omics mea-
surements at the level of individual cells. The capacity to readily collect these datasets
has contributed to unprecedented biological insight — and concurrently, a data deluge.
Tasks such as cell annotation and cell state characterization increasingly necessitate
automation, and while data driven methods aimed at inferring cell state from omics
and image data are currently in development, a focus on robustness, scalability and
interpretability are paramount. We present SIMS: an end-to-end modeling pipeline for
discrete morphological prediction of single-cell data with minimal boilerplate and high
accuracy. We perform several studies using SIMS, and show the underlying model per-
forms well in a variety of data-adverse conditions. We show that SIMS performs well
between tissue samples and outperforms one of the most popular cell type classification
algorithms on several benchmark datasets. We also implement how classification out-
puts can be directly characterized as a combination of sparse feature masks, allowing
for interpretability at the level of individual samples. Finally, we show some use case of
SIMS for inference, and argue it will become a useful tool in the field of single-cell data
analysis. All code is open source and available at github.com/jlehrerl/SIMS.
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0.1 Introduction

High-throughput NGS (Next-Generation Sequencing) systems have allowed for
large scale collection of transcriptomic data at the resolution of individual cells. Within
this data lies variability allowing us to characterize morphological characteristics such
at cell type, cell state, infer trajectories of cell growth and estimate gene regulatory
networks between cells [HETL17] [SCTS19]. These qualities are an important part of
understanding how cells interact with one another, both for building better cellular mod-
els in vitro and understanding biological processes in vivo. While the size of single-cell
data has increased massively [ASTT17], the techniques for analysis of these character-
istics has stayed fairly constant, following manual pipelines which often require domain
experts for critical components [LT19]. Naturally, the development of software to au-
tomate manual analysis has become an important and popular research topic [LT19].
However, the performance of these automated classifiers often degrades as the number
of cell types and cell subtypes increase, and the number of samples per label becomes
small. The distribution of cell types is often asymmetric, with a majority class dominat-
ing a high percentage of cells. Additionally, technical variability between experiments
can make robust classification between multiple tissue samples difficult. Finally, the
high-dimensional nature of transcriptomic data makes analysis statistically and com-
putationally intractable [KS05]. These conditions make applying classical models such
as support vector machines difficult [AKJ04]. In response, generative neural networks

have become a popular framework for their robustness to technical variability within



data, scalability, and ability to capture biological variability in the latent representation
of the inputs. In this paper we present a new framework based on [AP21] and [Fal20],
capable of robust performance with deep annotation and skewed label distributions,
high accuracy with small and large datasets, and direct interpretability from the input

features. We begin with a review of single-cell RNA-sequencing.

0.1.1 Single-cell RNA-sequencing

Standard methods such as microarrays and bulk RNA-seq analysis analyze
the expression level of RNAs from large, and possibly mixed, groups of cells. Although
this provides a lower-cost way to measure the averaged expression profile of a cell type,
the critical differences in cells may be obscured, distorting downstream analyses and
conclusions.

Current single-cell RNA-seq protocols, which we shall now refer to as RNA-
seq, involve isolating single cells and their RNA. The first and most important step in
single-cell RNA-seq is the isolation of individual cells. Next, poly[T]-primed RNA is
converted to complementary cDNA by a process called reverse transcriptase. Often, the
reverse transcription will additionally implement methods for barcoding the individual
RNA molecules and nuclei to preserve cellular origin. These small amounts of cDNA
are then amplified. The amplified and tagged cDNA from each of the cells is pooled
and sequenced by an NGS system. Then, reverse transcription, amplification, library
generation and sequencing allow the measurement of individual transcriptomes at a

certain point in time for each cell [HETL17]. This recapitulates an expression matriz,



that is, an n x p matrix of n cells with p genes measured, where the ith row of the
expression matrix represents the transcriptome for the ith measured cell at a snapshot

in time.
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Figure 0.1: General workflow of a single-cell RN A-seq experiment, from [HETL17].

The expression matrix is the core component of our downstream analysis,

where we focus on prediction of discrete characteristics, rather than continuous variation



in time or state. We choose cell type as the canonical label set of interest, although the

methods presented generalize for any label set.

0.1.2 Determining Cell Types

The process for estimating cell populations is performed with a pipeline begin-
ning with manual data prepreprocesing and often results in requiring a domain expert
to help identify cell-specific marker genes [LT19]. Each entry in the expression matrix
is first log(x + 1) normalized. This normalization serves two purposes: firstly, dis-
tances between log-transformed expression values represent log-fold changes, the stan-
dard measure of comparing expression values [HETL17] [BHGMP22]. Secondly, the log-
transformation mitigates the mean-variance relationship in the data. Often, although
not always, we first discard the first m nonvariable genes where variability is calculated
from a variety of statistical tests. This leaves an expression matrix of n x p—m cells. To
make clustering computationally tractable and less affected by the curse of dimension-
ality, the data is projected to a lower dimensional subspace via principal components’
analysis. Additionally, an autoencoder is often used to mitigate technical variation in
the data and expose true biological variability.

Next, these first [ principal components are clustered on via k-means or Jaccard-
Louvain graph-based clustering. We then calculate the top differentially expressed genes,
that is, the genes that vary the most within each cluster. The top differentially expressed
genes within a cluster are called marker genes, and are used to determine cluster cell

type. A reference atlas is a collection of one or more single-cell experiments done on



homogeneous cells in order to understand which differentially expressed genes are im-
portant for transcriptomically identifying the cell type. We then take the marker genes
identified from the clusters in our dataset and compare them against the marker genes
in the reference atlas. The atlas labels are then transferred over to our clusters; hence
we have identified the cell types within our data. To visualize these assigned clusters,
an algorithm called UMAP (uniform manifold approximation and projection) is run
on the principal components’ analysis projection of our input data. UMAP projects
the PCA space into two dimensions, by creating a high-dimensional fuzzy graph that
probabilistically connects points, and then attempts to recreate this graph in lower di-
mensions by minimizing an error function between the two. Although UMAP creates
nice qualitative plots, understanding its limitations for inference is critical. The UMAP
projection should not be used to validate any clustering via visual separation, but rather
serve as a tool for visualization purposes only. This is because in the reconstruction
of the low-dimensional embedding, clusters can seem to appear to the human eye that
quantitatively do not exist in the ambient space [CBP21].

There are a few implicit assumptions in this standard clustering pipeline.
Firstly, in the data preprocessing. By projecting our data to a lower dimensional sub-
space via principal components’ analysis, we are assuming that the variation between
genes is linear, since principal components’ analysis finds a new basis in data space
whose basis elements are orthogonal and pass through the most linearly variable direc-
tions. In the case of highly nonlinear variation, it may not be that PCA best captures

this variation.



Additionally, each clustering algorithm has its own internal assumptions about
the underlying structure of the data, which will be explored more later. Finally, and
most importantly, we assume that the clusters capitulated by our chosen clustering
method indeed represent cell type, a scientifically defined category, and not some unde-
termined group that has not been identified. Luckily, there has been much research into
single-cell clustering, and although there is room for more rigor and testing of methods,
it has indeed been shown that clusters found by graph-based methods indeed define cell
type. [LT19]

More generally, this methodology requires a lot of preprocessing, which in turn
requires a lot of computing power. Given a new dataset from a previously explored tis-
sue, performing this entire procedure would lead to redundancy, and in the case of large
enough datasets may not be computationally feasible. However, there is a more promi-
nent reason for not using this pipeline, which is the case of transcriptomic change from
in vitro experiments. As 3D tissue models called organoids become increasingly popular
for modeling tissue growth conditions in the cerebral cortex and beyond, understanding
cell growth within these models is important for validating their research use. The tech-
nical differences in growing cells in vitro, as well as sequencing technology and library
preparation is called the batch effect. Batch effect can often change the transcriptomic
profile of the expression matrix in subtle ways that affect the initial clustering analysis,
and in turn make cell type annotation difficult [BAML™'20]. For this reason, we turn to
a machine learning approach where we seek to learn the most salient genes for predicting

cell type labels.



Specifically, we seek a function f : ¢; = RP — L, where ¢; is the ¢th transcrip-
tome (that is, the gene expression for the ith cell) and L is the set of cell type labels,
such that f has high accuracy while also selecting a sparse subset of vector elements
c,’f (genes) for prediction power. Since the model is only allowed a small subset of the
genes to use for cell type labeling, we hope that only true biological variation is learned

and not batch effect, which will not be salient for cell type labeling in general.

0.2 Learned Classifiers with Machine Learning

Consider our samples X with associated labels Y sampled from distribution
D given by {(X;,v:)}Y,. Our goal is to find a classifier f with small test error, that is,

for all samples we want that

Error = argminE, ,p [f(x) # y]
f

is minimized. To do this, we select a model f parametrized by 6. Then, we
sample N points from D, which we call the train set. Then, we sample two more
datasets, known as the validation set and test set, respectively. We find parameters 6
such that the train error is minimized, and then quantify our model’s ability on unseen
data via our test set. The validation set is an intermediate step, in which we validate
our model against data as we vary so-called ”hyperparameters”, which will be discussed
later.

In general, models such as logistic regression have parameters found by max-



imum likelihood, where we can find the maximum likelihood parameter by minimizing
the negative log-likelihood function. For this paper, we’ll consider models whose pa-
rameters can be found via gradient methods.

To use a gradient method, we first must construct a differentiable proxy of
our train error [Nak21], called the loss function L(f(x),y), as accuracy is given by an
indicator function which is not differentiable with respect to the model parameters. This

makes the assumption that
Minimizing training loss also minimizes training error

In general, this is not exactly true [Nak21]. It may be that the training error
and training loss are not monotonic with respect to one another. In general though,
this principle holds and we can find our parameters via the loss function.

Gradient methods find a function fy by the following principle:

Fizing the model structure and data, find parameters such that loss function averaged

across all samples is minimized

We want that the loss function is minimized over all samples in the training

set, that is, we seek to find

N
argemin L(f(X),Y) = argemin % Zﬁ(f(:vj),yj)
i=1

By unlucky fate, the term “loss function” refers to both the loss over all training

samples and the loss from a single training sample. We won’t specify the difference here



unless needed, with the understanding that the general principle of minimization applies
either way.
In its simplest form, gradient methods choose 6y as a random initialization in

parameter space, and perform the following iteration for finding 6

Opr1 =0k — aVe, L(f(X),y)

This iterative scheme for finding the parameters such that train loss is min-
imized is intuitive. Recall that the gradient with respect to a function’s arguments
gives the direction of steepest ascent, as those parameters are varied by a small amount.
Then the negative gradient is the direction of steepest descent, and guides us along the
surface to some local or global minima. Letting the loss be a differentiable landscape of
our training error, we first select a random point along the loss surface and iteratively
step with step size a towards the direction of steepest descent until we converge to a
minima.

In practice, we may choose an adaptive step size «, or & may be a matrix that
weights different components of the gradient according to some rules. Generally, this is
the form of most modern-day optimizers for estimating machine learning models.

There is no guarantee, however, that L is convex. Therefore gradient descent
may converge to a local optima whose magnitude relative to other minima is small, and
therefore the loss converges to a model with suboptimal training error. With large IV,
the computation of VL is computationally intractable or expensive enough to cause the

algorithm to be slow. For these reasons, we often employ stochastic gradient descent

10



(SGD), which updates 6 by sampling a subset of samples from our training set called a

mani-batch. SGD methods therefore take the form of

M
1
Oks1 = Oh — ags ;vekaf(asi),yi)

We are estimating the true gradient of our loss function with a small number
of samples. Empirically, this has several benefits. Firstly, computationally intractable
model training suddenly becomes simple, since we can choose a minibatch size M such
that gradient computation is possible on whatever hardware one uses. Additionally,
although smaller batch sizes may find different local minima than larger gradient sizes,
these minima still generalize well. The choice of batch size and its effects, however,
are still an active area of research. [HLT19] [QK20] [SKYL17], and is both dependent
on the training data and problem space. For vision models, we often choose a larger
batch size, while for the SIMS cell classifier we found that smaller batch sizes between
8 and 32 performed most effectively. One entire pass through the training dataset via

minibatches is known as an epoch, and this entire process is repeated until convergence.

0.2.1 Metric Calculation and Understanding Class Distribution

So far we’ve described the task of minimizing train error as a surrogate for
minimizing test error, the ultimate goal of training robust and useful machine learning
models. However, this description has neglected a particularly important part of the
process: model validation. Often overlooked, quantifying how well our models perform

is critical to understanding their benefits and limitations in practice. Here, we will focus

11



on metrics for multi-class classification.

The most common classification metric is accuracy, where we quantify the total
number of correct classifications from the sample set. There are two common ways to
calculate accuracy; macro-weighted calculates the accuracy per class and then takes the
simple mean, while micro-weighted calculates the total number of predictions globally.
Finally, weighted accuracy is calculated by taking the micro-weighted accuracy per class,
and then averaging by class support.

Consider the case where the distribution of labels is highly skewed, and the
majority class makes up nearly all the data points. In this situation, the model could
obtain good accuracy by simply predicting the majority class. Clearly, this doesn’t
mean the model has learned the input-output mapping. In this case, weighted accuracy
is preferred to account for class imbalanced [AAVPS13]. Additionally, we often use
precision, recall (sensitivity) and specificity given by the following formulas.

For the binary case,

Precision: true positives / (true positives + false positives)

Recall: true positives / (true positives + false negatives)

Specificity: true negatives / (true negatives + false positives)

Precision measures the total number of correct positive predictions out of the
total number of true positives. Equivalently, the class agreement of the data labels with

the prediction made by the classifier [GBV20]. Recall measures the total number of

12



actual positives that were correctly identified, while specificity measures how good the
model is at avoiding false positives.

For the multi-class case, where our label set Y contains M > 2 labels we have

that
Precision = Mzgl tpi (0.1)
> i=1(tpi + fpi)
and
Recall = Zf\il pi (0.2)

S (tpi + fa)

Finally, we may want to use balanced accuracy given by the arithmetic mean

of sensitivity and specificity

sensitivity + specificity
2

Balanced accuracy =

or the F-score, given by the geometric mean between precision and recall

precision - recall

F-score = 2 - —
precision + recall

0.2.2 Hyperparameters and the Regularization

Training a model with the gradient methods described above seeks to minimize
the train error. However, in practice this is unimportant. What we really care about
is model generalization, that is, the ability to have low error on previously unseen
examples. This is because a model with sufficient capacity could simply memorize the
entire train set and recapitulate zero train error, therefore not estimating the function

mapping between the samples X and the labels Y. Alternatively, since the training

13



set contains some irreducible noise, the model may be learning this noise and not the
underlying relationship between the data and labels. In both cases, the phenomenon of
having a large difference between training and testing error is known as overfitting and
is a common problem when training machine learning models.

There are several ways to reduce overfitting, so our model generalizes well.
With neural networks, we can easily reduce model capacity, i.e. reduce the number of
parameters to be far fewer than the number of training samples such that the training
error has a lower bound on the amount it can be minimized. This stops the model
from interpolating, or memorizing, the training set [Nak21]. Reducing model capacity
is somewhat underspecified, since the question of where we should remove capacity is
dependent on the problem space. Therefore, is common to use regularization, which
restricts the model’s ability to reduce the loss function by penalizing the loss over all
samples by a function of the model parameters.

Regularization is added in the following general form
Minimize L(fg(X),Y) + R(0), where R(0) is function of the model parameters

The most common forms of R are the L1 and Ly loss, weighted by a coefficient

c. For example, in the case of L2 loss we seek to minimize
argmin L(fo(X).Y) + [0

Consider the simple case of linear regression given by fg(z) = 0 -x = 6y +
0121+ - -+ + 0,x,, that is, the estimate of an output y is the linear combination of all
input features X. Keep in mind that linear regression is used to predict continuous

14



variables and does not induce a distribution over our label set like examples previously.
Let ¢(f(x),y) = (f(z) — y)? be the mean squared error used to define our loss L. By
minimizing the mean squared error loss plus the norm of the parameters 6, we are
forced to select only a subset of weights with large magnitude, hence ignoring erroneous
features by setting the weights to be small. If we use R = ¢||0]|1, some weights are sent
to zero during training. Regardless, these two regularization terms have the same effect
and help to make the difference between training and testing error as small as possible,
hence reducing overfitting.

Since the parameter ¢ must be known before using iterative gradient methods, ¢
is known as a hyperparameter. More generally, hyperparameters refer to parameters that
cannot be learned via optimization methods and must be set before the training process
begins. Tuning these hyperparameters is an active area of research; simple methods such
as grid search train a model for a range of hyperparameter values, and select the best
one. In the case of having many hyperparameters where the combinatorial set is large
we randomly sample sets of hyperparameters until we find ones that fit well, known as
random search. More complex methods model the hyperparameters via a distribution,
and use Bayesian optimization to iteratively select better ones in function space [FH19].
Regardless of the method chosen, hyperparameters are the reason we split our initial
training data two sets: the wvalidation set and the test set.

Consider iteratively retraining a model, selecting a hyperparameter from a
range of values and measuring the performance on the test set. Although this method-

ology is intuitive, we may actually overfit to our validation set. This is because we're

15



iteratively (albeit manually or semi-manually) selecting hyperparameters such that er-
ror on our validation set is small. We are not truly testing the generalization ability
of our model, rather biasing it to perform well on our test set by leaking information
about how to perform well on the validation set. This constitutes the third split; the
test set. We train our such that training loss is minimized, and then use the validation
error as a surrogate for the test error such that we can tune hyperparameters. Only
once we select a model that has satisfactory performance on both the training and test

set can we test its ability on the test set.

0.2.3 Deep Learning

For this paper, our classifier f is found using deep learning. Although there is
no formal definition of deep learning, the modern field is defined by a few fundamental
principles. First, we choose a model architecture defined by a sequence of linear and
nonlinear blocks, where the input data is a sample and the output is a probability
distribution over the labels.

For the most straightforward neural network architecture, commonly called
a multilayer perceptron (MLP), f(z) = fr(... fa(fi(x;601);02);0r) where each layer
outputs a value aj such that ay = gp(Wyag—1 + br). W is a matrix of weights and b
is the affine transformation, or bias and gx is the activation function applied element-
wise. The multilayer perceptron performs an affine transformation of the input x,
so fi(z;W,b) = g1(Wix + b1). The activation function adds a nonlinearity to each

compositional layer, otherwise the entire neural network would be a composition of
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affine transformations and hence be linear.
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Figure 0.2: Example of a feedforward neural network, with 10 input features. In the classification

case, this induces a distribution for a binary classification problem with two hidden outputs.

For vision systems, these nonlinear blocks are commonly convolutions with a

fully connected layer for the classification head. For language models, we commonly have

transformer blocks with a classification head. In all cases, the structure of our model

is chosen based on the given task at home. Convolutional layers, by their construction,

are useful for learning information when the input has gridlike topology, which images

indeed have. Additionally, we may use other networks such as recurrent neural networks

when the input is a sequence of time kind, such as an audio file or sentence.

We then construct a neural network f(z,6) parametrized by . Neural net-

works output soft decisions, that is, a probability distribution induced over the labels

whose final decision is simply the argmax over the label probabilities.

To iteratively train our neural network f, the only thing we require is the
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gradient of the loss function L with respect to the model parameters . We then update
our network by moving the weights with respect to the negative gradient in weight
space with a fixed step size, or some variant thereof. We can think of this process as
sequentially performing a forward pass and backwards pass. For each minibatch (subset
of our training data), we pass the samples forward through the network and obtain
a distribution over the label set. The loss function is computed with respect to the
known label. Finally, we update our weights such that the loss decreases. We do this

sequentially from the tail of the network to the head, in what’s called a backwards pass.

0.2.4 Self-Supervised Learning

The task of predicting an output from an input, f : X — Y is known as a
supervised learning task. To do this well, we require many labeled examples to learn the
mapping between each sample and the associated distribution over the labels. However,
this data is expensive. In the case of images, it requires manual annotation via human
insight. In the case of single-cell analysis, data must clustered via the pipeline described
in 0.1, which requires cluster analysis by an expert via a reference atlas. Unlabeled data,
however, is cheap and plentiful such as collected unlabeled images or large corpi of text
without associated target labels (i.e. question vs answer).

Because of this disparity, machine learning researchers have developed a method
for exploiting this unlabeled data to help improve supervised tasks, in a regime known
as self-supervised learning. In self-supervised learning, we have the model learn a rep-

resentation of the features in the intermediate layers of the neural network, known as
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the latent space. These features are known as latent features. The general principle of
self-supervised learning is that if a model can learn some feature representations of our
overall input, then performing supervised tasks will be easier. There are two general
ways to train a model to learn representations of the input without associated labels:
binary masking and denoising.

With binary masking, we consider removing at random particular input fea-
tures from each input and asking the model to fill them in. For example, we may have
a transcriptome with P genes, and we randomly set K << P of these to zero. The
loss function is no longer one that measures the difference between the predicted label
and the correct label, but rather of reconstruction error. Essentially, we measure if
the network was correctly able to fill in the missing values with respect to the original
unperturbed data. By doing this, the model will learn a latent representation of how

the features relate to each other, making the downstream classification task easier.

0.2.5 A Deep Learning Architecture for Transcriptomics

Single-cell transcriptomics are tabular data, meaning that we can store the
data in a spreadsheet-like format, where each row is a cell and the columns denote
the total set of genes which we’re measuring. Unstructured data typically encompasses
images, video or text. This data is unstructured in the sense that it is not stored in a
structured database format. In general, neural networks are used for this unstructured
data since their representational power allows them to learn input features salient for

supervised tasks, without these things being predefined by the user. For example, in the
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case of image classification, the only prior needed in the architecture are convolutional
layers. Then, the neural network can learn which pixels (i.e. inputs) in an image are
relevant for classifying a particular class.

For this same reason, neural networks have typically not been used for struc-
tured data. We already have the inputs pre-defined, and unlike images we know a priori
that the raw input is relevant for classification, and latent representations won’t be as
useful. But like all machine learning problems, this assumption is data dependent. In
the case of transcriptomics, we know there is relevant high-dimensional geometry, evi-
denced by the success of dimensionality reduction and clustering for gathering ground
truth labels in cell type specification [HETL17].

Therefore, ensemble decision trees, bootstrapped trees and gradient boosted
trees have been the go-to for classification of tabular data, in particular when inputs are
categorical and not continuous. But this does not mean neural networks are unused.
In fact, they have several engineering tricks that make them attractive for supervised
problems in general. Firstly, tree methods require data engineering and preprocessing.
This means removing outliers, incorrect entries, and choosing a subset of features in the
high-dimensional case to make computation tractable.

Neural networks, however, do not require this same data engineering. We can
always make computation tractable, by simply choosing a minibatch size for gradient
estimation that is computationally feasible on the given hardware. Additionally, the
dataset does not need to be loaded into memory, since we only require a minibatch

number of samples at each training step. In the case of neural network architectures
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that utilize any sort of encoder and decoder, we can pretrain the model such that it is
initialized with a latent representation of the data when asked to perform supervised
tasks, which can improve performance significantly.

TabNet [AP21], a transformer-based neural network architecture built specifi-

cally for tabular data, is at the core of the SIMS pipeline.
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Figure 0.3: TabNet architecture. Based on a transformer, TabNet uses sparse feature masks for

interpretability by sample, as well as globally by aggregating weights across multiple samples.

The architecture consists of an encoder composed of a feature transformer, an
attentive transformer and a feature mask. The inputs are the raw features with no global
normalization internally, although batch normalization is used for training stability and
better convergence [STIM18]. The same p dimensional inputs are passed to each decision

step of the encoder, which has Ny,s decision steps. For feature selection at the ith step,
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an element-wise multiplicative learnable mask M; is used. This mask is learned via the
attentive transformer, and sparsemax normalization [MA16] is used to induce sparsity
in the feature mask. These sequential feature masks are then passed to fully-connected
layers for the classification head, first normalized via batch normalization with a gated
linear unit [Sha20] for the activation. In our case, we use the raw output of the fully

connected classification layer, as [Fal20] loss functions handle logits.

0.2.6 Interpretability

A long-standing and open question in the field of deep learning is seeking a
way to interpret the model outputs as an interpretable function of the inputs. In linear
regression, for example, we can measure the exact change in the predicted output from a
change in an input, since the output is directly a weighted linear combination of inputs.

The deep learning architecture TabNet, the model that underlies SIMS, allows
interpretability by measuring weights of the sparse feature masks in the encoding layer.
This allows us to understand which input features were used to make each sample pre-
diction. Additionally, the weights can be aggregated over many samples to understand
which features are used per class, as well as the average feature weights for the entire

dataset.
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0.3 SIMS: Scalable, Interpretable Machine Learning for
Single-Cell

SIMS, Scalable, Interpretable Modeling for Single-Cell, is the framework we

developed for this project. In its conception, we followed three guiding principles
a. Ease-of-use & development time
b. Interpretability
c. Generalizability

In the current state of single-cell transcriptomics, finding labeled examples
from data requires much manual preprocessing, removal of technical variation (batch
effect), clustering, and labeling with respect to a reference atlas. With the SIMS model,
we seek a user interface so that the raw transcriptome from an experiment can be passed
to a pretrained model and the cell type labels can be derived immediately with their
associated labels. Additionally, this should require no manual preprocessing, normal-
ization, correction of batch effect, or selecting variable genes on the user’s part. Each
lab will be able to train in-house models and save them in a “model zoo” for future use.

To this end, we developed a three-point API for model training.

0.3.1 Concept and API

The SIMS pipeline serves as an end-to-end development tool for building robust

and sparse single-cell classifiers for discrete cell type prediction. SIMS was developed
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with ease-of-use as a guiding principle, freeing up the end user from data preparation
in exchange for rapid results for cell type inference.

First, the user defines a data module as an extension of the data module from
[Fal20], which as its input takes in a list of data files containing the expression matrices
and the associated label files. This data module can handle an arbitrary number of
arbitrarily-sized datasets, even when the input genes do not match. We do this by
taking the intersection of features across multiple datasets, and only reading samples
into memory from delimited files and HDF based files [Kor11] when needed for training.
The label files are a delimited text file such that each row contains the associated label.
The data module automatically numerically encodes the label set, computes the train,
validation and test sets for training. Finally, we also calculate the proportion of each
label, so we can weight samples inversely to this number in the loss function to account
for class imbalance.

Next, we define the model. The model is a derivation of the model from
[AP21] as described in the self-attention section. The user can specify which metrics to
track, which variant of stochastic gradient descent to use (or any other gradient-based
optimizer), as well as methods for adaptive calculation of step size.

Finally, we define the trainer as an extension of [Fal20], which encapsulates all
actual model training. The trainer connects to wandb.ai for live metric tracking, loss
of both the training and validation step at each model epoch. Additionally, the trainer
automatically handles distributed computation across multiple GPU’s, moving gradients

between CPU and GPU and handling device-specific movement of data [IPK21].
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Figure 0.4: The SIMS pipeline. First, (a) normalized input data from expert annotations is input
in the DataModule class. Next, the neural network (b) is defined with the chosen optimizer and
training parameters. Live training statistics (¢) can be viewed to understand training, validation
and test performance. Finally, we can use the feature masks to make interpretable predictions

(d) on unseen data.

SIMS is meant to be modular and fast to develop with. To this end, we allow
training of multiple files of multiple data types and of arbitrary size. This is possible by
reading in samples only as needed from delimited files. For HDF and files from binary
data, the HDF distributed backend is used by default. This allows users to train models

even when limited by memory constraints.
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10

11

from scsims import generate_trainer

trainer, model, module = generate_trainer(
datafiles=['data.hbad'],
labelfiles=['labels.csv'],

class_label='Cell Type',

trainer.fit(model, datamodule=module)

This is by far the simplest case. However, SIMS is built in a modular way and therefore

can be easily extended to handle custom data, model and trainer requirements.

import pytorch_lighting as pl
from scsims import SIMSClassifier, DataModule
module = DataModule(
datafiles=['data.hbad'],
labelfiles=['labels.csv'],

class_label='Cell Type',

logger = pl.loggers.WandbLogger (

project="Single-Cell Classifier",

name=name,
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early_stopping_callback = pl.callbacks.EarlyStopping(
monitor='val_loss',

patience=4,

trainer = pl.Trainer(
gpus=1,
logger=wandb_logger,
gradient_clip_val=0.5,
callbacks=[

early_stopping_callback,

model = SIMSClassifier(
input_dim=module.input_dim,

output_dim=module.output_dim,

trainer.fit (model, datamodule=module)

Unless specified otherwise, SIMS will also track over a dozen model training
metrics for both the training and validation set on initial training. These metrics are
calculated every mini-batch step, and aggregated appropriately at each epoch. Below,

we show a select few metrics tracked for the training of the human cortical tissue model
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from the Allen Brain Institute, visualized on wandb.ai.
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Example of Metric Tracking via the SIMS package on wandb.ai for the Human Cortical Dataset.

All metrics shown here are tracked by default by SIMS.

This modular and high-level API allows end users to develop and deploy models
quickly, and with minimal data preprocessing before the pipeline is used, as normaliza-
tion is done within the SIMS pipeline and selecting highly variable genes via statistical

tests [LT19] is handled by the learned sparse feature masks [AP21].

0.3.2 Results

We used the SIMS pipeline on multiple datasets with high accuracy and good
generalization ability. Since transformer based architectures are usually data intensive
to perform well, we hypothesized that models trained on larger single-cell experiments
would have better test accuracy. Surprisingly, accuracy and median fl were high even
with datasets with around 50k cells. Additionally, as shown in 0.3.5, taking a small
proportion of the initial dataset yielded little degradation in test accuracy. We initially
benchmarked SIMS against human dental data, human cortical tissue from two datasets,
human retinal tissue, and mouse cortical tissue.

Next, we visualize the distribution of the label sets across four of the datasets.
Note that in biological tissue, there is often a dominant cell type and many minority
classes. This is a problem for classification, since the model can achieve high unweighted

accuracy by only predicting the majority classes — failing to predict rare cell types.
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Dataset Source Technology # Classes # Cells
Human Corti- | Allen Brain In- | SMART-Seq 19 47432
cal Model stitute v4d and 10x

v3 RNA-

sequencing
Mouse Corti- | Allen Brain In- | SMART-Seq 42 73347
cal Model stitute v4d and 10x

chromium v2
Human Retina | cells.ucsc.edu 10x Chromium | 13 16446
Model [LLS*19] v2
Human Dental | cells.ucsc.edu 10x Chromium | 9 41673
Model [KSK*20] V2
UCSF Cortical | cells.ucsc.edu 10x Chromium | 28 168697

Model

[BAML*+20]

v2
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Distribution of Labels in Human Dental Dataset
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Figure 0.6: UMAP and label visualizations of the dental data [KSK*20] and retinal data
[LLST19]. (a) UMAP projection of dental data colored by cell type. (b) Distribution of la-
bels for dental data. (c) UMAP projection of retina data colored by cell type. (d) Distribution

of labels for the retina dataset.

Note that the label sets are highly skewed and long-tailed, where the majority
class encompasses nearly half of all samples and the minority classes can be sparse. For
this reason, we compute the f1 score of each class, and calculation the median of this.

Intuitively, this tells us that the model will perform about that well half the time, and
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worse the other half. This is informative for when we have many rare cell types that
could be ignored without much increase to the loss.

Below, we visualize the UM AP projection of the first fifty principal components
of the input data, where we color each projected point by its assigned cluster via the

pipeline described in 0.1.2.
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Distribution of Labels in Human Cortical Subclass Dataset
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Figure 0.7: UMAP and label visualizations of the Allen Brain Institute human cortical data.

(a) UMAP projection colored by cell subtype. (b) Distribution of subtype labels. (c) UMAP

projection colored by cell type.

In the visualization of the human cortical data from the Allen Brain Institute,

we can see clear separation in the projection by class. For the granular annotations
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of cell subtype, there is little visual distinction in the projected data. Conversely, the

larger cell phenotypes are visually distinct.
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Figure 0.8: UMAP and label visualizations of the Allen Brain Institute mouse cortical data. (a)

UMAP projection of the colored by cell subtype. (b) Distribution of subtype labels. (¢) UMAP

projection colored by main cell type.
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Figure 0.9: UMAP and label distributions of human human cortical data from [BAML'20]. (a)

the UMAP projection of the human cortical data colored by cell subtype. (c) the distribution

Additionally, we projected the data onto the first and second principal com-

35

ponents, and visualized the proportion of linear variation explained by the first thirty.

Interestingly, the models with the highest accuracy also have a high percentage of vari-



ance explained by the first few principal components.
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Figure 0.10: Principal component visualizations of the three benchmark datasets from cortical
tissue. The left column visualizes the data listed projected onto the first two principal compo-
nents, where each point is colored by its major phenotype group. The right column ranks the
first ten principal components for the dataset, gyydered by the proportion of the linear variation

explained by each.



Interestingly, we noticed a relationship between the amount of linear variation
explained by the first principal component and model performance. For data where the
explained variance is high, the SIMS classifier performed more accurately, even when
the granularity of annotation was high.

We trained each model remotely on a distributed compute cluster via GPU,

so all calculations were done with 32 bit precision. Metric results are shown below.
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Model Accuracy | Weighted Accuracy | Median F1
Human Cortical Model 0.9667 0.9812 .986
Mouse Cortical Model 0.9686 0.9755 0.9659
Human Retina Model 0.857 0.92 0.9219
Human Dental Model 0.9556 0.9598 0.9733
UCSF Cortical Model 0.7354 0.7298 0.7245
Model Precision | Recall | Specificity | Loss
Human Cortical Model 9812 0.9812 0.999 0.2068
Mouse Cortical Model 0.9686 | 0.9686 0.9992 0.4153
Human Retina Model 0.9323 | 0.9223 0.922 0.2873
Human Dental Model 0.9801 | 0.9801 0.9975 0.2854
UCSF Cortical Model 0.7298 | 0.7298 0.9887 0.9097

Table 0.1: Metric results for the SIMS pipeline on the test set. Precision, recall, and specificity

were calculated using micro averaging.

For all models, the Adam optimizer [KB14] was used, with a learning rate of

r = 0.01 and a weight decay of w = le — 3. We used the cross-entropy loss function,

and weighted samples inversely proportional to their frequency in the dataset. Model

convergence was assumed when the absolute validation accuracy did not increase for 4
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epochs. A learning rate optimizer was used such that [ < 0.75] when the validation loss
did not improve for twenty epochs. In all cases, models reached convergence by the early
stopping criterion on validation accuracy before the maximum number of epochs (500)
was reached. Gradient clipping was used to avoid exploding gradient values. Although
we used a train, validation and test split for reducing overfitting via hyperparameter
tuning bias, the only hyperparameter tuned was the learning rate, once, to avoid diver-
gence in the loss. Training took less than 20 epochs for most models. For all models,
we found model training to be consistent and had less than three cases of suboptimal
convergence due to poor initialization. See 0.3.5 for more on loss convergence. The
train, validation and test sets were stratified, meaning the distribution of labels is the
same in all three (up to an error of one sample, when the number of samples for a given
class was not divisible by three).

For all datasets, all models were trained using the most granular annotation
available. As seen in Table 1, the SIMS pipeline performed well with varying levels of
annotation granularity. Accuracy was the lowest on the UCSF cortical dataset with 28
classes. We now use sparse feature masks of [AP21] to visualize feature importance at

a global level, sample level, and by class.

0.3.3 Interpretability Analysis

Unlike other deep learning methods commonly used for single-cell label pre-
diction [CBP21], SIMS is one of the few that provides direct interpretability from the

input features (0.2.5). Below, we have the top feature weights for the models trained on
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our benchmarking data, on both a global basis and sample-wise basis for the test set.
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Figure 0.11: Feature weights aggregated over all test samples for the dental and retina models.
(a) Distribution of global feature weights for the dental model trained on [KSK*20] data. (b)
Matrix of normalized weights (input genes) across all samples on the test set. (¢) Distribution
of global feature weights for the retina model trained on [LLS'19]. (d) Matrix of normalized

feature weights for all samples on the test set.
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Figure 0.12: Feature weights for models trained on the Allen Brain Institute human and mouse
cortical datasets. (a) Distribution of global feature weights for the human cortical model, trained
on all brain regions. (b) Matrix of normalized weights (input genes) across all samples on the
human cortical test set. (c¢) Distribution of global feature weights for the mouse cortical model.

(d) Matrix of normalized feature weights for all samples on the mouse cortical test set.

For figures 11 and 12, we aggregated all the feature masks over all test samples.
Then, we normalized by the largest weight since the relative scale between models isn’t

meaningful, but rather the proportion of each weight. Finally, we visualized the top
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twenty features used. On the right, we have the so-called “explain matrix” [AP21]
sorted by feature sum across all samples, for the test set. This allows us to visualize
the fact that across different samples, different genes are being used for classification.
Unlike [XLM™21], we have direct interpretability on the input features.

We then partitioned the sample-wise explain matrices by class, then averaged
the rows. We aggregated this in a new table, and finally normalized each column (gene)
by dividing by its maximum. We visualize the top 50 columns by norm. Although some
genes may be used by only a few classes and therefore have small total column sum,

figures 13 and 14 serve to show the different distributions of genes across classes.

0.8

Label

Gene

Figure 0.13: Top genes aggregated over cell subtype for the Allen Brain Institute mouse cortical
data with C' = 42 cell types. Each row represents a class label, and the columns are normalized

feature mask values.
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Figure 0.14: Top genes aggregated over cell subtype for the Allen Brain Institute human cortical
data with C' = 19 cell types. Each row represents a class label, and the columns are normalized

feature mask values.

By calculating the weights across the sparse feature masks, we are able to
measure the contribution of each input feature to the total classification process, while
also promoting sparsity in downstream weights, allowing for a smaller and more com-
putationally efficient model without sacrificing accuracy [FC18]. We now turn studying

generalization capability between multiple tissue samples from multiple experiments.

0.3.4 Generalization Capability

In addition to performing well on the test set, we also want the SIMS model
to perform well on data from different studies. Although the test set is a proxy for
unseen data, the distribution is assumed to be the same as the data on which the model
is trained [WLZ"16]. However, for data collected from different studies with technical

variation, this assumption may not hold. An important test for real-world use case
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is the ability for a model to perform well on data with a potentially different input
distribution. The Allen Brain Institute data comprises multiple tissue samples from
multiple experiments, and in total samples tissue from several parts of the human and
mouse brain. To test the ability of the SIMS model to generalize to other datasets, we

first trained a model on the human middle temporal gyrus from the Allen data, and
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tested against all other tissue samples from the Allen human data.
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Figure 0.15: Metric results for the SIMS pipeline trained on the Allen Brain Institute hu-
man MTG data and benchmarked on all available human brain tissue data. (a) Balanced and

weighted accuracy. (b) Aggregated F1 and median F1 scores.

In general, the model performs well when predicting labels from different tis-
sue samples. For both models trained on MTG and V1C data respectively, weighted
accuracy is lowest against the SILm tissue sample. The median F1 for both models is

lowest against cGG tissue samples.
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Figure 0.16: Metric results for the SIMS pipeline trained on the Allen Brain Institute mouse V1C
(Visual Cortex Region 1) data and tested on all other mouse brain tissue data. (a) Balanced

and weighted accuracy. (b) Aggregated F1 and median F1 scores.

0.3.5 Ablative Studies

In machine learning, an ablation is the removal of a component of a machine
learning system in order to test robustness to different conditions [MLAPM19]. By
restricting particular parts of the modeling pipeline, glean insight into performance
causality, guiding future model research and data experimentation. With SIMS, we
performed an ablative study on model capacity as a function of dataset size. Since
transformer-based architectures in computer vision and natural language tasks tend to
require large training sets to obtain accurate results [LSBT21], we hypothesized that
progressively restricting the size of the training set would lead to a fast drop-off in test
accuracy. Instead, our results indicated the SIMS model yielded comparable train and

test errors for up to a 90% data truncation when trained on the Allen Brain Institute
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data.
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Figure 0.17: Metrics for model trained on the Allen Brain Institute Human MTG data. Total
number of cells in initial training set was N = 47432 and M = 19 classes. Each proportion p
corresponds to a train/val/test split of pN cells. Data was stratified in the train/val/test split,
and each split was determined with a deterministic seed for all runs. (a) Average of the median
F1 score, across the final ten model epochs on the validation set for each ablative model. Each
proportion p corresponds to a train/val/test split of pN cells. (b) Validation loss as a function

of the number of epochs trained. (c) Median F1 score as a function of the number of epochs
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Interestingly, there was only a 2% difference in median F1 score from the
smallest training set to the largest training set, when tested against unseen samples from
the same experiment. Since the difference in training time may be worth the trade-off
in capability for some use cases, we tested how small of a dataset would be acceptable
for good in-distribution performance. Below, we show that a sample proportion of
p = 0.09 =~ 4000 cells with 19 cell types gives suitable performance on the test set of

900 cells. However, since the datasets were small, the splits could not be stratified.
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Figure 0.18: Metrics for the SIMS model trained on the Allen Brain Institute Human MTG data
with smaller training proportions. The train/val/test splits were stratified when the dataset was
large enough to do so, and each split was determined with a deterministic seed for all runs. (a)
Average of the median F1 score, across the final ten model epochs on the validation set for
each ablative model. Each proportion p corresponds to a train/val/test split of pN cells. (b)
Validation loss as a function of the number of epochs trained. (c) Median F1 score as a function

of the number of epochs trained. (d) Weighted accuracy as a function of epochs trained.

To test if this data efficiency holds for more granular annotations, we performed
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Figure 0.19: Metrics for model trained on the Allen Brain Institute Mouse cortex data. Total
number of cells in initial training set was N = 73347 and M = 42 classes. (a) Average of the
median F1 score, across the final ten model epochs on the validation set for each ablative model.
Each proportion p corresponds to a train/val/test split of pN cells. (b) Validation loss as a

function of the number of epochs trained. (c) Median F1 score as a function of the number of

epochs trained. (d) Weighted accuracy as a function of epochs trained.

Even with increased annotation granularity, the [AP21] model performed well
on unseen data from the same initial dataset. In both experiments, there is a monotonic
relationship between convergence time and dataset size, whereas the size of the dataset
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decreases the number of epochs until convergence increases. Overall, we found that
SIMS performed well when classifying cells across multiple tissue types. Although these
datasets were collected across multiple experiments, they are all from the Allen Brain
Institute. In our future work, we will benchmark model’s trained on data from one
lab and validate against other data, in order to test robustness against other sources of
technical variation. We now measure how SIMS performed when compared with another

popular single-cell analysis pipeline, the scVI and scANVI tools [XLM*21] [LRC*18].

0.3.6 Benchmarking

Automated cell type identification has many current tools available [AMC™19).
Here, we focus on tools written in Python [VRDO09], as we find Python integrates best
with the current existing tools. Moana [WY18] uses a support vector machine with a
linear kernel to define multiple separating hyperplanes for classification. Other meth-
ods such at scPred [AHSJ'19] use a support vector machine with a radial kernel for
improved results. Simpler algorithms such as [DHB*21] use a priori known markers to
assign cell types to differentially expressed genes for each cell. Actinn, the first neural-
network based classifier in single-cell [MP20] uses a fully-connected feedforward neural
network on PCA space for classification. In [AMC™19], they find that this method un-
derperforms current benchmarks, likely due to the strong sparsity in single-cell data not
being integrated as a prior into the feedforward architecture. Both scANVI [LRC'18§]
[XLM*21] and cell-BLAST [CWL"20] use generative neural networks to learn com-

pressed representations of the inputs, and use Bayesian modeling to generate posterior
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probabilities for each cell. The most popular of these methods in the current single-cell
pipelines is sScANVI, due to its ease of use and ability to both build joint embeddings
and calculate differentially expressed genes.

To validate the SIMS pipeline as a valid method for supervised label classifica-
tion we benchmarked the same datasets under the exact same train, validation and test
splits against the scANVI method. To be as unbiased as possible, we trained both the
initial scVI model to generate the latent cell embedding and the scANVI semi-supervised
classification model for 150 epochs with early stopping on validation accuracy, in order
to guarantee convergence without overfitting. In both cases, the model did stop before

150 epochs with the stopping criterion.
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scANVI | SIMS scANVI | SIMS

Accuracy 0.913 0.976 Accuracy 0.974 | 0.9812
Median F1 0.0 0.9834 Median F1 | 0.9819 | 0.9868
(a) Metrics on test set, mouse (b) Metrics on test set, human
cortical dataset from the Allen cortical dataset from the Allen
Brain Institute dataset. C = Brain Institute dataset. C' =

42 classes. 19 classes.
scANVI | SIMS scANVI | SIMS
Accuracy 0.5687 | 0.7354 Accuracy | 0.93123 | 0.9223
Median F1 0.0 0.7245 Median F1 | 0.9375 | 0.9223
(¢) Metrics on test set, hu- (d) Metrics on test set, retina
man cortical dataset from dataset from [LLST19]. C =
the UCSF Bhaduri dataset 13 classes.

[BAML*20]. C' = 28 classes.

Table 0.2: Benchmarking results for SIMS vs scANVI

The pancreas dataset was scaled so values were not raw counts. Therefore,
we weren’t able to use the scANVI pipeline. We note that SIMS outperforms scANVI
in all but one case, but the discrepancy in accuracy and median F1 of less than one
percent is likely due to noise from the train and test splits. Additionally, in the case of
deep annotation in the Bhaduri UCSF data [BAML™'20], SIMS outperforms by nearly

17%. In the two final cases, SIMS outperforms scANVI by approximately five and one
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percent. Therefore, SIMS is on par with or exceeding [XLM™21], with the additional

benefits of interpretability as described in 0.2.5 and 0.2.4.

0.3.7 Inference on Tissue Cultures

A primary use case for the both 3D organoid models [PBAT19] and 2D human
induced pluripotent stem cells [BCST20] is characterizing the growth of human organs
modeled in vitro. In our goal to build a good 3D model of the human brain via organoids
in vitro, an important step is making sure the distribution of cells is the same in both
primary tissue sample and organoids.

However, the differences between cell feeding times in stem cell organoids
changes the transcriptomic characterization of cells [ BAML'20]. Although these changes
are limited to small number of genes [VENT22], these molecular changes make the clus-
tering process difficult and therefore distinct cell types difficult to detect. Machine
learning models, however, can perform inference on transcriptomic data. In the case
of the SIMS model, we verified that no stress genes had nonzero weight in the feature
masks. Below, we have experimental results from a UCSF in which cells from mouse
embryos were transplanted into human cortical organoids. A priori, these cells were
known to be of inhibitory neuron origin. Using the SIMS pipeline, we trained a model
on a large dataset of inhibitory neurons, and used this model to infer cell type within

the transplanted cells.
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Figure 0.20: Inferred cell types using the SIMS pipeline trained on inhibitory cortical neurons

from the M.R. UCSF experiment.

These results are expected biologically, as all cells transplanted were dissociated
from mouse cortex. Additionally, the cells were known to be inhibitory. This means the
model definitely misclassified the four cells predicted as excititory neurons.

In [BAML™'20], samples were taken from both primary and organoid tissues.
Cell types for the primary tissue were inferred via the pipeline described in 0.1.2. How-
ever, due to cell stress in a subset of genes [BAML"20] [VEN 22|, clustering was difficult
to perform, and distinct cell subtypes were not able to be inferred. Using the explain-
ability of the SIMS model [AP21], we were able to confirm that the genes associated

with cells stress were not used for prediction. Therefore, we reason that inference using
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the SIMS model is more robust to cell stress, since the model does not directly use that

part of the transcriptome. We visualize the inferred cell types below.

Distribution of Inferred Cell Types
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Figure 0.21: Inferred cell types of organoid data from [BAML™20] using the SIMS pipeline

trained on primary data from the same reference.

The inferred cell types were concluded to be biologically likely from domain

expert M.R.

0.3.8 Discussion

As biologists seek to understand the functionality and relation of individual

cells both in vivo and in vitro, single-cell RN A-seq allows for transcriptomics at unprece-
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dented resolution. By measuring mRNA levels in each cell, we are able to characterize
the distribution of discrete and continuous morphological properties, allowing important
insight into biological function. However, as these experiments increase in size, the need
for an automated pipeline of key analyses is critical for three major reasons. Firstly,
these computational steps are often require expert domain knowledge for cluster anno-
tation, limiting rapid analyses for experimental prototyping. Secondly, the process is
both manual and recursive. This leads to potential redundancy by repeating statistically
challenging and automatable steps. Thirdly, as 2D dissociated tissue models [BCST20]
and 3D organoid models [PBAT19] become increasingly important for data-driven bi-
ological discovery, clustering and marker gene annotation from molecular data can be
impeded by cell stress and technical variability [BAML"20] [VENT22]. For this reason,
interpretable and powerful models built on high-quality ground truth data will become
increasingly important for phenotypic and morphological predictions. While current
methods [XLM*21] [CWL*20] [WY18] [AMC™19] often rely on a priori known markers
or variational autoencoders [KW19] for isolating biological variability and classification,
we turn to an interpretable deep learning approach [AP21], focusing on both data ef-
ficiency, robustness, and ease-of-use. We call our method SIMS; scalable, interpretable
machine learning for single-cell.

In the previous sections, we perform several cell classification tasks using the
SIMS pipeline for single-cell label classification. Since cells between tissues have subtle
molecular differences [BAMLT20], we tested the model’s ability to predict on different

tissue types than the training set. Between tissue samples from both human cortical
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tissue and mouse cortical tissue, we show that SIMS performs generally well at pre-
dicting cell types on data with possible distribution shift. Next, we performed several
ablative studies using the same dataset, testing model capability as a function of dataset
proportion. Surprisingly, we find that the SIMS classifier, without any external data
normalization or preprocessing, performs well with less than ten percent of the original
training set. This holds for samples from both human cortical data and mouse cortical
data, and steep drop-offs in performance are only seen below six percent of the initial
dataset size. We will continue to perform ablations against multiple other datasets,
but we conclude that SIMS has high test accuracy and median F1 even with signifi-
cantly smaller training datasets. Therefore, the SIMS model does not need to see many
samples of each cell type to infer the salient genes for classification.

We also benchmarked against scANVI, another popular method for single-
cell cell type classification [XLM*21]. We found that in one case, SIMS performed
slightly below scANVT in accuracy and median F1 score, but was less than a one-percent
difference. However, in all other cases SIMS outperformed scANVI. In particular, the
absolute increase was upwards of 17% when benchmarked against the UCSF human
primary tissue data [BAML™20], and five percent when benchmarked against the Allen
Brain Institute mouse data. We conclude that the SIMS pipeline is valuable tool in the

field of automated single-cell classification.
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0.4 Conclusion and Future Work

Single-cell transcriptomics has provided incredible resolution and understand-
ing of cell distribution within tissue samples at the level of individual cells. An impor-
tant task in the pipeline of single-cell analysis is morphological classification, such as cell
type or discretized cell type. We provide SIMS, a [VRDO09] pipeline for quick and easily
creation of classifiers for single-cell data. SIMS is meant for quick model development
with minimal data preprocessing, so results can be inferred quickly and accurately for
experiment design and inference. In addition to handling arbitrary number of files of
arbitrary size with varying file types, SIMS has a high-level API for dataset creation
and model training in as little as two lines of code. We show that the SIMS model is
robust against difference tissue samples, and performs well with subsampled data and
tissues with a high number of cell types.

In the future, we plan to implement and test several more processes. First, we
are working on implementing self-supervised learning via binary masking as described
in 0.2.4, which can reduce test error, training time, and increase accuracy [AP21]. We
will provide these pretrained encoders for multiple data sources, so fine-tuning on a
new labeled dataset becomes even faster. Additionally, the abundance of single-cell
classification methods available [AMC™19], it is important to benchmark against a
variety of datasets and a variety of other available methods. We plan to benchmark
against all methods listed in [AMC™19], as a function of both dataset size and against

multiple tissue types with a varying number of cell types. Additionally, more ablation
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studies should be performed to test the SIMS pipeline’s robustness against dataset size

when the number of cell types is large, such as in the case of human brain tissue.
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