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1. Guide for uploading data using the online webserver

The SPRING software includes preprocessing code for creating a graph structure and a
web-based browser for viewing the graph and overlaying other data. Though the
preprocessing routines are available online (https://github.com/AllonKleinLab/SPRING/),
non-computational users can upload their data and parameter choices to an online server
that does the preprocessing automatically and generates a link to the SPRING interface
with data pre-loaded (Figure 1)
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Figure 1: Overall workflow for the data upload webserver

To use the online server (https://kleintools.hms.harvard.edu/tools/spring.html; Figure 2),
follow these steps:

1)

2)

3)

4)

Create a dataset name and password (Figure 2B). These can be used to reload a
project and change preprocessing parameters without uploading the data every
time. Then click “Load new files”.

A data upload panel will appear (Figure 2C). In addition to a gene expression
matrix, which is required, other optional data types can be uploaded, such as
cluster/sample labels for each cell, gene sets, etc. To load a given data type, click
the corresponding radio-button, click “choose file” and then click “upload”. A
checkmark will appear when the upload is complete.

After an expression matrix has been uploaded, clicking the gray “Process data”
bar will expand a parameter entry panel (Figure 2D). Default parameters are pre-
loaded. Section (2) of the supplement provides guidance for choosing parameters.
After parameter entry, click “Begin processing data” to initiate preprocessing.
When this is complete, an email will be sent with a link to the SPRING interface
with the dataset pre-loaded. Section (3) gives instructions for using the SPRING
interface.
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Figure 2: Screenshot of the SPRING data upload webserver

2. Guide for choosing parameters

The default parameters on the SPRING webserver are optimized for droplet-based single-
cell sequencing approahces (e.g. inDrops, Drop-seq or 10X Genomics), with gene counts
based on unique molecular identifiers and an average of several thousand total UMIs
detected per cell. Data from other single-cell sequencing platforms and non-sequecing
based approaches such as single-cell qPCR can still be visualized in SPRING, but
changes in parameters may be required. In general, the appearance of a dataset is
relatively robust to the choice of parameters (Figure 3). However, the following
guidelines in our experience may be used to maximize the qualiy of the SPRING
visualization.

Minimum read count: Used to filter cells. Unless familiar with the correct cutoff by
prior inspection of the distribution of total reads, this cutoff can initially be set to zero
and raised as needed to filter out putative cell fragments and other non bona-fide cells.



Minimum mean expression: Used to filter low-expressed genes. This cutoff should be
set so that several thousand genes pass. The default value of 0.05 is usually good for
UMI-based methods, but a larger cutoff may be needed for non-UMI sequencing based
approaches.

Minimum Fano factor: Used to filter low variability genes. This cutoff should be set so
that in combination with the minimum expression filter, a few thousand (500 — 5000)
genes pass.

Number of PCA dimensions: Should be set to roughly 1-2X the total number of
expected subpopulations in the sample. The visualization is generally robust to this
parameter.

Number of nearest neighbors: Used to determine the graph conectivity. May be set
lower than the default of 5 when very few cells are present or when the graph appears too
densely inter-connected.
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Figure 3: SPRING plots of the data from Figure 1D (top) in the main text with different parameters.

3. How to use the interactive SPRING interface

Quick start

* Click and drag nodes to move the graph.

» Drag the background to pan; mouse-scroll to zoom.

» To select and deselect cells, choose a selection mode (Figure 4G) and drag a box
around the cells, or use keyboard shortcuts.

+ to find markers enriched in a cell Selection, click “show enriched terms/genes”
(Figure 4A).

» Use radio buttons (Figure 4B) to switch between color modes. Within a color
mode, choose a specific color track from the drop-down menu.

* Drag the colored range slider (Figure 4C) to adjust color saturation point.

* Turn off “show edges” (Figure 4D) to make SPRING run faster.



Figure 4: Screen shot of the SPRING interface

Menu Bar (Figure 4H)

HELP!!!: Links to this page.

Fix/Unfix: Can be used to fix and unfix the positions of nodes. To fix nodes, select them
and click “Fix”. To set nodes free, select them and click “Unfix”. SPRING plots with
saved/uploaded coordinates automatically load with all nodes fixed.

(De)select All: If no nodes are selected, this button selects all nodes. If some nodes are
already selected, this button deselects all nodes.

Save coordinates: Clicking this button saves the current node coordinates so that they
are automatically reloaded when you next open the SPRING plot. To export coordinates
for outside use, see “Download:” section.

Center view: Automatically centers and rescales the SPRING plot.
Download:

» Coordinates: Exports csv file storing the coordinates of the current view. Each
line contains the index of a node (base-0 numbering) and its x- and y- coordinates.

» Selected cells: Exports a text file that lists the index of a currently selected cell on
each line (0-based numbering).

» Enriched terms: Exports file showing terms enriched in the selected population
of cells. The terms can be either genes or gene-sets/custom-coloring-tracks. When
enriched terms are being viewed in the left sidebar (Figure 4F), then they are



exported. Otherwise, the choice of genes vs. gene-sets/custom-coloring-tracks
depends on which marker type is currently coloring the cells. The exported file
contains a list of selected cells on the top line (comma-delimited) followed by a
blank-line, and then a list of terms and their enrichment Z-score (see “Show
enriched terms” section)

» Edge list: Exports a list of edges in the graph. Each line contains one edge with
the source and target indexes separated by a comma (based-0 numbering).

* Screenshot (.png)/(.svg): Exports an image of the current plot. The exported
image will have a white background. All on-screen items such as the color-slider
and enrichment sidebars are hidden in the exported image. The “.svg” option
sometimes fails for very large datasets.

Coloring nodes

Nodes can be colored using three different modes, with the current mode set by radio
buttons (Figure 4B)

Genes: Each node is colored by normalized gene expression. Choose genes using the
drop-down menu. You can jump straight to a gene in the menu by typing its name.

Gene sets / custom colors: Each line in this drop-down menu corresponds to a user-
uploaded custom color track or gene set. When a gene set is selected, the color of a node
reflects the sum of Z-scores of genes in the set.

Cell labels: Each line in this drop-down menu corresponds to a different labeling of cells.
When you select a labeling, a sidebar (Figure 4E) will appear on the right side of the
screen showing the color for each label. Click a label to select the corresponding nodes.

Show enriched terms

To find marker genes, enriched within a population of cells, select the cells and click
“Show enriched genes” (Figure 4A). Similarly to find gene sets / custom coloring tracks
enriched in a selection of cells, click “Show enriched terms" (also Figure 4A). In both
cases, a sidebar (Figure 4F) will appear that lists the terms and their enrichment score.
The enrichment score is the sum of Z-scores for the given track across all cells in the
selection. Users can scroll through tracks in the sidebar. To color nodes with a track, just
click it.

In addition to finding markers enriched in a population, it is also possible to directly
compare two populations using negative selection. To negatively select cells, use
Shift+Esc+drag or click “Negative select” in the SPRING interface (Figure 4G). If cells
are negatively selected, then enriched genes/terms are ranked and scored by the formula:

enrichment_score(positive selection) — enrichment_score(negative selection)



4. Down-sampling method for large datasets

The SPRING interface is designed to handle at most 10,000 cells. Beyond that number,
the interface becomes very slow and difficult to use. To cope with large numbers of cells,
a coarse-graining strategy can be used, where the original cells are partitioned into groups
and averaged together to make ‘pseudo-cells’. The resulting graph structure has fewer
nodes than the original dataset, but the pseudo-cells carry more information since
averaging over many real cells allows for a less sparse gene expression profile. We
provide code for coarse graining on github (https://github.com/AllonKleinLab/SPRING/)
and detail the algorithm in pseudo-code below.

We applied the coarse-graining method to a dataset of 8,000 peripheral blood
mononuclear cells from 10X Genomics (https://support.10xgenomics.com/single-cell-
gene-expression/datasets/2.0.1/pbmc8k). Figure 5 shows that there is a minimal loss of
structure in the dataset even after coarse-graining to two orders of magnitude.

A Original SPRING plot B 10X coarse-graining C 100X coarse-graining

Figure 5: Coarse-graining of a dataset of 8,000 peripheral blood mononuclear cells



Coarse-graining pseudocode

input : A graph G = (V, E) consisting of vertices V = {i} and edges E = {(i,7)}.
A gene expression profile x; for each vertex.
The target number N of vertices in the coarse-grained graph.

output: A coarse grained graph G’ = (V', E’) with expression profiles /.

representativeNodes <— N unique integers between 1 and |V|
nodeLabels < dictionary mapping i to —1 for each i € V
forie {1,..,N} do
node Label s[representative N odesli]] = i
end
while There exists i such that nodeLabels[i] = —1 do
for (i,j) € E do
if i=—1 AND j # —1 then
nodeLabelsli] < nodeLabels|[j]
end
if i £ —1 AND j = —1 then
nodeLabels[j] < nodeLabels|i]
end
end
end
V'« {1,..,N}
forie {1,..,N} do
x} < mean({z; | nodeLabels[j] = i})
end
E’ < knn graph({z}})



5. Extended Methods

Generating the tSNE plot in Figure 1B We selected genes based on their average expres-
sion level (keeping the top 25%) and their above-poisson noise (keeping the top 25%). Of these
genes, we further restricted to the 532 principal variable genes (as in Klein et al. (2015)). tSNE
was performed on Z-score normalized expression data, which was first reduced to 55 dimensions
using PCA. We used a tSNE perplexity of 30.

Generating the diffusion map in Figure 1C We generated diffusion maps using the destiny
package (Angerer et al., 2016) in R. The DiffusionMap function with euclidean distance similarity
was applied to Z-score normalized expression data after filtering genes as described in Methods
(expression cutoff = 0.1, CV cutoff = 2).

Generating the tSNE plots in Figure 1D Gene filtering and PCA were performed on
expression data from three human donors using the standard SPRING pipeline (see Methods;
expression cutoff = 0.05, CV cutoff = 2, number of principal components = 50) and then
processed with a tSNE perplexity of 30.
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