Computer Science &
Engineering
Department
University of
Connecticut

2017

Marmar Moussa
lon Mandoiu

Clustering Single
Cell RNA-Seq Data
using TF-IDF based
Methods



Outline

Motivation and challenges for scRNA-Seq data
analysis

Background: TF-IDF transformation

Methods: Existing and TF-IDF based methods
Experimental setup

Results and Discussion

Conclusions



Outline

* Motivation and challenges for scRNA-Seq data
analysis



Why Single Cell RNA-Seq?

New, first publication by [Tang et al. 2009], increased
popularity by ~2014

Measures distribution of expression levels for each gene
across a population of cells (bulk RNA-seq measures average
expression levels)

Bulk—> useful for comparative transcriptomics, e.g. comparing
samples of the same tissue from different species or quantifying expression
signatures from ensembles, e.g. in disease studies.

SC-> biological questions in which cell-specific changes in
transcriptome are important (applications?)




Droplet-based scRNA-seq technology
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(Hundreds of millions of reads)
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(Thousands of cells)
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4.Cell lysis
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(in seconds)

Count unique UMIs
for each gene
in each cell
—_—

Create digital
expression matrix

5.RNA hybridization
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9.Sequencing and analysis

® Each mRNA is mapped to its
cell-of-origin and gene-of-origin

® Each cell’s pool of mMRNA
can be analyzed

Cell: 1 N
GENE 1 1 14
GENE 2 4 27 8
GENE 3 0 0 1
GENE M 6 2 0

Macosko, Cell. 2015



Challenges

* Noisy data: Low RT efficiency & sequencing depth
causes ‘zero-inflated’ data, cell quality, stochastic
effects, cell capture bias, gene ‘dropouts’ (a gene
is observed at a moderate expression level in one
cell but is not detected in another cell).

* Number of cells (thousands — million(s))

-2 requires adaptation of the existing methods or
development of new ones.



Applications

Studying heterogeneous systems:

* Cell Differentiation, e.g. early development
studies, complex tissues (brain)

* Tumor Heterogeneity
* Cell Type Identification
e Stochasticity of gene expression

* Inference of gene regulatory networks across
the cells.

IN



Typical scRNA-Seq Analysis Pipeline

* Primary analysis

— Reads QC

— Read mapping

— Gene expression quantification
e Secondary analysis

— Cells QC

— Normalization

— Clustering

— Differential expression
e Tertiary analysis

— Functional annotation

. o " Differential
Reads QC Read mapping Quantification



scRNA-Seq Clustering Algorithms

* Many methods available
— K-means
— Hierarchical clustering
— Expectation-Maximization (GMM)
— Graph based

 Active area of research

— Reducing effect of confounders such as cell quality,
detection rate & cell cycle phase

— Discriminative similarity metrics
— Scalability to millions of cells...
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* Background: TF-IDF transformation



TF-IDF Transformation

* Term Frequency x Inverse Document
Frequency

— Successfully employed in information retrieval
field to prioritize search terms in documents

— Considers term frequency (how many times a term
occurs in a document)

— Considers document/collection frequency (term
specificity: rare terms in a collection are more
informative than frequent terms; stop-words vs.
keywords)



TF-IDF Transformation

* Term Frequency x Inverse Document
Frequency for scRNA-Seq data:

— For gene i in cell j with count f:
TFij = fij/ max fi;
— If gene i is detected in n; out of N cells:
IDF; =log,(N/n;)
— TF-IDF score:
TF;j = IDF;



Outline

* Methods: Existing and TF-IDF based methods



scRNA-Seq Clustering Methods
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Existing scRNA-Seq clustering methods

Seurat: DOKMeans()

Seurat_ SNN: FindClusters() shared nearest neighbor (SNN) clustering
algorithm (SNN assigns objects to a cluster, which share a large number of
their nearest neighbors).

Log PCA_GMM (Gaussian Mixture Model based clustering using mclust R
package).
K-means clustering variants:

— Log Kmeans (motivated by Granatum pipeline)

— Log PCA Kmeans (motivated by CellRanger pipeline)

— tSNE_Kmeans (Granatum).

Log PCA sKmeans (Spherical K-means with log transform and PCA
variants)

Hierarchical Clustering variants:
— Log _PCA HC_E, Log PCA_HC_P, tSNE_HC_E, tSNE_HC_P

Log Louvain_E (Graph based Louvain modularity optimization clustering
algorithm, CellRanger)



scRNA-Seq Clustering Methods

Seurat (K-means)*

Seurat (SNN)*

Data
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TF-IDF(Bin)

HC (E/P/C/))

Greedy (E/P/C/))

Louvain (E/P/C/))




TF-IDF based gene selection

e genes with highest TF-IDF Density Plot
average (Top):
1. fitted a 2-mixture GMM

model to the distribution
of TF-IDF gene averages

2. selected the genes
assigned to the mixture
component with highest
mean

3. If more than k (3,000) e
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TF-IDF based gene selection

e genes with highest variability (Var) in

TF-IDF values:

— Variability decided by the ol il
relationship between the coefficient WA
of variation (CV) and average
expression levels.

— CV (Dispersion) : ratio of the o
standard deviation to the mean. =

CV = ﬁ (* 100%)

— Useful in comparison between data
sets with different units or widely
different means.

— We pick the genes above the fitted
line (fitted by linear regression) of

log(c!

CV vs. mean plot.




scRNA-Seq Clustering Methods

Seurat (K-means)*

Data
Transformation:

Log2(x+1) or none

Cells QC, Genes QC,
Gap-Statistics
Analysis

Data
Transformation:

TF-IDF

Seurat (SNN)*
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Feature Selection:
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TF-IDF(Bin)

Louvain (E/P/C/))




TF-IDF Binarization

per-cell cutoff

set the expression signature of
all genes with a TF-IDF above
the cutoff (‘informative’) to 1,
and all remaining signatures to
0 (removing unnecessary
‘noise’ ).

choice of TF-IDF cutoff can
affect the clustering accuracy,

near maximum accuracy is

0.7 0.8

Accuracy

0.6
|

0.5
I

achieved by using a cutoff
value equal to 0.1 the mean of
the per-cell non-zero TF-IDF
values.

Binarization Cut-off x * Mean per Cell

(plotted for a mix of 1,000 memory and
1,000 regulatory T cells)



Graph based clustering

1. Undirected graph

2.

3.

— cells : vertices,

— edges: connecting pairs of cells for which the binarized TF-
IDF transformed expression signature vectors have
Euclidean, Pearson, Cosine, or Jaccard similarity above a
certain cutoff value (low cutoff for dense graph)

— Weights: edges weighted by the corresponding pairwise
similarity measures

Clustering by greedy/Louvain modularity optimization
(igraph R).

Keep on partitioning based on silhouette score for
homogeneity and to force a minimum number of
clusters when required.

v



Jaccard Similarity

ANB

AUB
N14
No1+N1o+N11

J(A,B) =

* For scRNA-seq: | =

— Ny4 represents the total number of genes where cell A and cell B both express the gene.

— Ny represents the total number of genes where cell A and expresses the gene and cell B
not...etc.

— 0 means no similarity, 1 means identical

>; min(x;,y;)
% max(x;,y;)

* Generalized J(x,y) =

IN



Cosine Similarity

Given two vectors of attributes, A and B, the
cosine similarity, cos(9):

2i=14iBi )

Jz £ S B

cos(f) =

-1 meaning exactly opposite, to 1 meaning exactly the same,

with O indicating decorrelation; 0 to 1 range for tf-idf.

IN



Modularity Optimization

Modularity to optimize : value between -1 and 1 that measures the
density of links inside communities compared to links between
communities. For a weighted graph, modularity is defined as:

Zmz U om S(C“C])

where
— A;jrepresents the edge weight between nodes i and j;

— k; and k; are the sum of the weights of the edges attached to nodes i
andj respectlvely,

— m is the sum of all of the edge weights in the graph;
— c;and cjare the communities of the nodes; and
— 0 is a simple Kronecker delta

IN



Louvain Method

e first small communities are found by optimizing modularity locally on all
nodes (evaluates the change of modularity by removing i from its
community and then by moving it into a neighboring community),

e then each small community is grouped into one node and the first step is
repeated.

Modularity Community
Optimization Aggregation

14 — P &
1st pass ; 2nd pass 26 p 3 24
) 3 \)
16 2

IN



Silhouette Score

* s(i) score between -1 & 1, average s(i)
measures how well the data points are

clustered.
b(i) — a(i)
max{a(i), b(i)}

* a(i) be the average dissimilarity of i with all
other data within the same cluster

* b(i) be the lowest average dissimilarity of i to
any other cluster, of which i is not a member.

s(i) =

IN
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* Experimental setup



Experimental Setup: PBMC data set

* FACS sorted blood cells of 7 types [Zheng et al. 2017] using the 10x
Genomics platform

Estimated Number of Cells

— CD14+ Monocytes 284,502

N CD19+ B Ce”S Post-Normalization Mean Median Genes per Cell

— CD4+/CD25+ Regulatory T Cells 5 464 409

— CD4+/CD45RA+/CD25- Naive T cells

— CD4+/CD45R0+ Memory T Cells L Sequeneing
— CD56+ Natural Killer Cells
— CD8+/CD45RA+ Naive Cytotoxic T Cells Median UM Counts per Cel 728

e 7:1,3:1,1:1, 1:3, and 1:7 mixtures of cell type pairs of varying dissimilarity,
bootstrapping (5x sampling, 1000 cells/pair)
— highly dissimilar: (b cells and cd14 monocytes) and (b cells and cd56 nk)
— highly similar : (memory t and naive cytotoxic) and (regulatory t and naive t)
— intermediate similarity: (memory t and naive t) and (regulatory t and naive cytotoxic)

« 7-way mixture, equal proportions (5x sampling, 7000 cells/mix)

https://support.10xgenomics.com/single-cell-gene-expression/datasets
http://cnvl.engr.uconn.edu:3838/SCA/



Q
(Vp)
) -
(&)
O =
N
N
O -
o0 |
[yr]
&)
al 2
e o
— ) } @neu
S } AioygnBau
L]
a m 2IX0101A0 aAleuU
— ) ".M I I
c £
o)
e ﬂ 1 flowsw
3
E 3
e
[o]
o =mmmm % - sieg
. -
m —— uT9gpo
X L seyfoouow ¢ po
E I I I |
SL0 0L0 S00 000

@oUE}SI( UOIE[aLI0D

Cell Types



Correlation Distance
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Experimental Setup: PBMC data set
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Correlation Distance

Experimental Setup: Pancreatic cells

2045 Pancreatic cells of 7 types
[Segerstolpe et al. 2016]

— Annotated based on known
markers

— Capture proportions: (185 acinar
cells, 886 alpha cells, 270 beta cells,
197 gamma cells, 114 delta cells,
386 ductal cells, and 7 epsilon cells)
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Cells’ & Genes’ QC

e For all 10x Genomics datasets:

— filtered cells based on number of detected genes and total UMI count
per cell.

— removed outliers based on the median-absolute-deviation (MAD) of cell
distances from the centroid of the corresponding cell type.

MAD = median(|x; — median(x)|)

— basic gene quality control by applying a cutoff on the minimum total

UMI count per gene across all cells and removing outliers based on
MAD. (outlier>5MAD)

 For Pancreatic cells:
— No cell QC

— marker genes with unusually high expression levels (INS for beta cells,
GCG for alpha cells, SST for delta cells, PPY for PP/gamma cells, and
GHRL for epsilon cells) were removed prior to clustering to eliminate
thepossibility that they drive the clustering by themselves.



‘Optimal’ number of clusters

the optimal number of clusters is selected as
argmax; Gap, (k)
where the Gap Statistic [Tibshirani, 2001] for
clustering n points into k clusters is given by
Gapy, (k) = E;(log(Wg)) — log(Wy)
W, is the normalized sum of pairwise
distances in the k clusters

W, its expectation under a suitable null
reference distribution (Monte Carlo sampling).



Example: Regulatory t and naive t data set

0.694 0.696 0.698

0.692

0.16 0.18 0.20 0.22 0.24 0.26

0.14

/N

0.54 0.56 0.58 0.60

0.52

0.170 0172 0.174 0.176

0.168

Clockwise from top left:
Gap statistics for log-
transformed, log-
transformed PCA, tSNE,
and TF-IDF transformed
and binarized
expression levels of a
7:1 mixture of
regulatory t and

naive t cells.

The x-axis gives the
number of clusters K
and the y-axis gives the
gap statistic.



Accuracy measures

e Overall Accuracy:
K

Ci/zNi

i=1

K
126‘1
K ZJ N,

i=1

i

e Average Cluster Accuracy:

— where K is the number of classes,
— N; is the number of samples in class i,
— and C; is the number of correctly labeled samples in class i.

* Note that both are identical for 1:1 mixtures, but may differ significantly
for imbalanced datasets, as macro-averaging gives equal weight to the
accuracy of each class, whereas micro-averaging gives equal weight to
each cell classification decision.



Outline

e Results and Discussion
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t-SNE TF-IDF transformation
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Pairs: Algorithms using TF-IDF binarization.
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1 mixtures
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1 mixtures
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1 mixtures
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Pairs by ‘difficulty’
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highly dissimilar: (b cells and cd14 monocytes) and (b cells and cd56 nk)
highly similar : (memory t and naive cytotoxic) and (regulatory t and naive t)
intermediate similarity: (memory t and naive t) and (regulatory t and naive cytotoxic)



Accuracy for
PBMC Cells,
7-way
mixture
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Accuracy for

Pancreatic
mixture

SEURAT

SEURAT_SNN
TSNE_KMEANS
TSNE_HC_E
LOG_PCA_GMM
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Average ranks based on
overall accuracy.

The lowest five | Methods | MNc | RN | MN | RNc | BNk | BMc | 7-class | Pancreas | Avg. |
average ranks Seurat 14.6 19.0 250 25.6 1.0 256 28.0 4.0 17.9
. . . Seurat_SNN 6.8 | 13.8 21.0 18.4 1.0 256 26.6 1.0 14.3
(including ties) for tSNE_Kmeans 260 | 27.0 | 146 | 186 | 226 | 278 | 1L4 105 | 20.0
each dataset are tSNE_HC_E 250 | 254 12.6 18.0 6.0 11.2 10.0 20.0 16.0
typeset in bold, Log PCA_GMM 20.8 | 10.6 2.4 12.8 1.0 1.0 4.4 145 8.4
and the best Log PCA_Kmeans 244 [ 244 | 264 | 268 | 10| 1.0 76 140 | 157
overall average Log PCA_HC_E 23.8 | 22.8 22.6 23.8 1.0 1.0 4.6 14.0 142
) ) Log PCA_HC_P 27.0 | 25.2 | 254 26.0 16.4 6.0 2.4 18.5 18.4
rank is shown in Log_Louvain_E 260.2 | 27.2 | 25.8 21.0 15.4 6.2 10.4 14.0 18.3
red. TF-IDF_Top_Kmeans 6.0 | 16.8 15.8 17.0 1.0 1.0 9.2 21.0 11.0
TF-IDF_Top_sKmeans 2.0 7.4 7.0 2.4 1.0 1.0 8.4 95 4.8
TF-IDF_Top_HC_E 204 | 21.0 244 23.4 1.0 1.0 19.8 18.5 16.2
TF-IDF_Top_HC_P 148 | 15.8 19.2 16.0 1.0 1.0 16.4 12.0 12.0
TF-IDF_Top_HC_C 146 | 17.0 17.4 15.4 1.0 1.0 18.0 145 12.4
TF-IDF_Var_Kmeans 7.2 | 10.6 19.0 24.2 10.0 1.0 25.8 21.5 15.0
TF-IDF_Var_sKmeans 11.0 | 15.2 194 18.2 1.0 1.0 20.2 4.5 11.3
TE-IDF_Bin_HC_E 210 | 214 | 174 | 146 ] 1.0 1.0 170 105 | 141
TF-IDF_Bin_.HC_P 13.6 94 8.4 0.2 1.0 1.0 8.0 6.0 7.1
TF-IDF_Bin_HC_C 14.0 | 10.8 11.4 0.2 1.0 1.0 10.6 8.5 8.3
TF-IDF_Bin_HC_J 174 | 13.2 13.4 0.8 1.0 1.0 12.8 14.0 10.3
TF-IDF_Bin_Greedy_E 11.6 7.4 7.2 8.8 18.8 58 23.8 27.0 13.8
TF-IDF_Bin_Greedy_P 4.6 4.6 5.2 2.4 5.0 1.0 19.0 12.0 6.7
TF-IDF_Bin_Greedy_C 5.2 5.2 7.8 2.8 23.2 1.0 19.4 28.0 11.6
TF-IDF_Bin_Greedy_J 16.2 9.4 10.6 6.4 5.8 1.0 18.0 24.5 115
TF-IDF_Bin_Louvain_E 5.8 2.0 3.2 2.4 5.0 1.0 4.2 13.0 4.6
TF-IDF_Bin_Louvain_P 1.0 1.4 1.8 1.4 1.0 1.0 14.2 4.0 3.2
TF-IDF_Bin_Louvain_C 1.2 2.0 1.6 1.0 1.0 1.0 1.2 115 2.6
TF-IDF_Bin_Louvain_J 9.6 6.2 6.0 2.8 18.4 1.0 11.8 7.0 7.9




Average ranks based on
average cluster accuracy.

The lowest five | Methods | MNc [ RN | MN [ RNc | BNk | BMc | 7-class | Pancreas | Avg. |
average ranks Seurat 82 ] 80| 188 | 242 | 1.0 | 264 272 100 | 155
. S Seurat SNN 90 | 02 | 180 | 194 | 1.0 | 270 27.0 35| 143
(including ties) for tSNE_Kmeans 242 | 240 | 00 | 148 | 224 | 266 116 185 | 18.0
each dataset are tSNE_HC_E 244 | 248 | 04 | 182 | 62| 104 9.2 200 | 153
typeset in bold, Log PCA_GMM 204 | 64| 30| 48| 1.0 1.0 17 140 | 69
and the best Cog_PCA_Kmeans 272 | 274 | 266 | 268 | 1.0 1.0 76 16.0 | 16.7
Log PCA_HCE 272 | 248 | 220 | 246 | 1.0 1.0 18 135 | 14.0
overall average Log PCA_HC_P 258 | 238 | 178 | 206 | 162 | 56 2.4 180 | 16.3
rank is shown in Cog_Louvain_E 23.0 | 256 | 208 | 142 | 150 5.8 10.6 145 | 162
red. TFIDF_Top_Kmeans 96 | 134 ] 186 | 136 ] 1.0 1.0 9.6 185 | 10.7
TF-IDF_Top_sKmeans 42| 04 80| 62| 1.0 1.0 86 125 | 6.4
TF-IDF_Top_HC_E 214 | 192 | 256 | 236 | 1.0 1.0 174 13.0 | 153
TFIDF _Top_HC_P 176 | 174 | 204 | 206 | 1.0 1.0 182 115 | 135
TFIDF_Top_HC_C 17.0 | 162 | 206 | 212 | 1.0 1.0 204 125 | 13.7
TFIDF_Var_Kmeans 120 | 21.0 | 274 | 276 | 196 | 19.0 26.4 240 | 221
TFIDF VarsKmeans | 11.8 | 18.0 | 234 | 186 | 1.0 1.0 216 25 | 122
TFIDF Bin_HC_E 202 | 222 ] 198 | 166 | 1.0 1.0 19.2 210 | 151
TFIDF_Bin_HC_P 154 | 132 | 120 | 122 ] 1.0 1.0 8.4 45| 85
TF-IDF_Bin_HC_C 158 | 162 | 132 | 114 | 1.0 1.0 10.8 55| 00
TFIDF_Bin_HC_J 178 | 158 | 140 | 128 | 1.0 1.0 13.0 120 | 100
TF-IDF_Bin_Greedy E 70| 52| 54| 48] 200 1.0 23.0 27.0 | 11.7
TF-IDF_Bin_Greedy_P 38| 42| 44 2.2 1.0 9.8 19.2 110 | 7.0
TF-IDF_Bin_Greedy C 78| 50| 56| 3.2 1.0 9.8 194 265 | 04
TF-IDF_Bin Greedy_J 138 | 102 | 11.0 | 62| 102 1.0 16.2 220 | 11.3
TF-IDF_Bin_Louvain_E 54| 26| 34| 64 1.0 1.0 3.2 160 | 4.0
TFIDF_Bin_Louvain_P 12 | 34| 24| 24 100 1.0 112 70 | 45
TF-IDF_Bin_Louvain_C 10 | 3.0 1.8 | 24| 52 1.0 1.2 115 | 3.4
TF-IDF_Bin_Louvain_J 94| 82| 08| 54| 56 1.0 12.0 65| 72
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Conclusion & Ongoing Work

The range of single-cell applications continues to expand, fueled
by advances in technology

New algorithms for scRNA-Seq clustering still needed

- Preliminary results using TF-IDF transformation promising

- Scalable to millions of cells in conjunction with graph-based clustering
Ongoing work

- Modified TF-IDF definition

- Study effect of cell cycle analysis/removal on clustering

- Imputation effect on dropout events and clustering accuracy.

- Clustering based on chromosomal copy number variations (CNVs) as first tier
for tumor/normal data.

v



Modified TF-IDF Transformation

* Term Frequency x Inverse Document Frequency
for scRNA-Seq data:

f' = log(f +1)
— For geneiin cell j with count f:

TF;j = fi’j/mlfxfk’j

— If gene i is detected with f; = tin n; out of N cells:

IDF; = log, (N /n;)

Possible choice fort = mean TF

— TF-IDF score:



Breast Cancer data [Chung

et al., 2017]

11 patients representing the four
subtypes of BC: luminal A; luminal
B; HER2; and triple negative breast

cancer (TNBC).
Markers:

ER-positive (BCO1 and BCO2;
luminal A),

ER/HER2-positive (BCO3;
luminal B),

HER2-positive (BCO4, BCO5 and
BCO6; HER2)

and triple negative (BCO7-BC11;
TNBC) invasive ductal
carcinoma.

Regional metastatic lymph
nodes were collected from the
luminal B (BCO3LN) sample

and a triple negative breast
cancer (BCO7LN) sample.
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) ... tSNE Plot
T-SNE of imputed, modified-TF-IDF-transformed data

Cluster IDs
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BCO1 (Luminal A) BC02 (Luminal A) BCO03 (Luminal B) BC04 (HER2)
with < 1% TIL with 2% TIL with 40% TIL with 30% TIL
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A BCO05 (HER2) BCo06 (HER2) BC07 (TNBC) BCO08 (TNBC)
with 1% TIL with 2% TIL with 40% TIL with 45% TIL
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BC09 (TNBC) BC10 (TNBC) BC11 (TNBC) d
with 35% TIL with 2% TIL with 60% TIL

Microscopic findings indicated carcinoma and non-carcinoma cells, including tumor-infiltrating lymphocytes9

(TIL, 1-60%). Most of the TNBC tumors except BC10 were heavily infiltrated with lymphocytes, whereas luminal
A tumors showed enrichment with carcinoma cells.



Chromosomal copy number variations based clustering

* sorted genes by their genomic locations (chromosome
number, then gene start position)

* moving average of 100 analyzed genes
e estimate of chromosomal CNVs in each cell and at each

analyzed gene:
i+50
Sl Ek(O')
N N el 50 ]
C Vk(l) 101

— CNV/{i) is the estimated relative copy number of cell k at the i’th
gene in the genomically-ordered list of genes,

— 0j is the j’th gene in the genomically-ordered list of genes,

— and E (oj)is the relative normalized expression of that gene in
cell k
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Hierarchical clustering of the chromosomal gene expression pattern separating the patient-
specific carcinoma cell groups from the non-carcinoma cell cluster. For each chromosome, the
chromosomal gene expression pattern was estimated from the moving average of 150 genes.
These patterns implicate chromosomal amplification and deletion.[Chung, 2017]



t-SNE of CNV matrix

* ER-positive (BCO1 and
BCO2; luminal A) < 2% TIL

* ER/HER2-positive (BCO3;
luminal B) ~30% TIL

* HER2-positive (BC04 ~ 30%

TIL, BCO5 and BCO6 ~ 2%
TIL; HER2)

* and triple negative (BCO7
~40% —BC11 ~ 70% TIL;
TNBC) invasive ductal
carcinoma.
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