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3. Cross-species classification performance

Figure 4. Performance of scAnnotate and existing cell annotation 
methods on six combinations of cross-species scRNA-seq datasets 
(human/mouse brain [4] [5] and pancreas [6] samples)

RankingAccuracy Dataset (training, test)
(1) Human, Mouse (pancreas)    (2) Mouse, Human (pancreas) 
(3) Mouse[V1], Human (brain)     (4) Mouse[ALM], Human (brain) 
(5) Human, Mouse[V1] (brain)     (6) Human, Mouse[ALM] (brain)
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Classification accuracy

scAnnotate consistently ranks in the top 5 best performing 
methods for cross-species cell classification. 

• scAnnotate provides top-tier cell classification performance.

• scAnnotate is likely a key player in a mega ensemble model

with competing discriminative methods.
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Introduction
• Cell annotation: the labelling of cell types in biological samples

• Single-cell RNA sequencing (scRNA-seq): a recently developed

technology to examine gene information at the single-cell level

• Challenges of scRNA-seq data: sparsity and high-dimensionality

μm• Two approaches in machine learning:

Q: How can we annotate cells based on their scRNA-seq data?

• However, existing methods do not consider dropout (excessive

amount of zeros), a key characteristic of scRNA-seq data!

A: We introduce scAnnotate, a cell annotation tool for 
scRNA-seq data with a generative approach.

2. Generative models:

model distribution of the data

1. Discriminative models:

draw decision boundaries

Figure 1. Work flow of scAnnotate at a glance

Methods

Results

scAnnotate is a top 3 ranked method for cross-platform cell classification.

1. Cross-platform classification performance

2. Complementary predictive strength to other methods

• Given prior probability !! that unknown cell " is type #, the prior distribution
for gene $’s expression level %" (learned from training data) is &" = ∑!!&!" where

&!" = )!"&# + 1 − )!" &!"$ (1)

• )!": mixing proportion; distributions &# ∶ degenerate at 0 and &!"$: support 0,∞ .
• For observed test data value 2" of %", the posterior probability that cell " is type # is

3!" = 4 56)7 # %" = 2") =
% &! ' (! )*+, !) % )*+, !

%(&! ' (!)
(2)

• Classify cell " such that combiner function 9! of 3!" is maximized over all types #.

Figure 3. A comparison of annotation accuracy across the top six benchmarked methods
when trained on the PBMC.SW dataset and tested on PBMC.10Xv3 dataset [1]

scAnnotate is often correct when the top 5 discriminative methods are not. 
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Figure 2. Performance of scAnnotate and existing cell annotation
methods [7-14] when scRNA-seq training and test datasets (PBMC [1] [2]
and lung cancer cells [3]) are generated on different platforms


