gEAR Manual – scRNA-seq Workbench

The gEAR scRNA-seq workbench enables users to analyze single cell RNA-sequencing (scRNA-seq) data without having to learn or use programming. Analyses can begin with a raw data file (e.g., a matrix of read counts as obtained from the cell ranger) or processed files. The steps range from quality control steps such as removing stressed or apoptotic cells to finding marker genes for cell clusters and comparing across clusters. Analyses can be saved and shared. The workbench is very user friendly. We do recommend reading the guide before using the workbench for the first time, to ascertain maximal benefit. To get to the scRNA-sequencing workbench, click on the picture below the scRNA-seq workbench description on the gEAR’s homepage.
 
[bookmark: _GoBack][image: https://lh3.googleusercontent.com/X8K_vpvN8NUuT-H-Ql9Rg4DuzUGw9jFhsmIA69XV77m52MoLhicVx5ZBpSeOI4ZxX8LEcakIBAj7A3hejf835gP9bKHuO4qY00cNtDUGuQBtAooKWPaxUhZk8jYq3uO5ZB7GQFm4]


Step 1 – Choosing a dataset:

You can choose a dataset you wish to analyze by clicking on the drop down menu. Datasets are divided into three different categories; your datasets, datasets shared with you, and public datasets. To demonstrate the power of the workbench, we will be using the P7 utricle single cell dataset (HRP – utricle single cell P7 – Hertzano/Ament).

[image: https://lh5.googleusercontent.com/oum_-UcEkhSBB0CUaCdjDT83hV9rk_gEOqQagfApIo8zk5wQ7nIlrl7PhW_8UdSm9h3omJ2Y2dsXPU2SDJSpEKigrCB-xudfLnzlcS5D0vL4DolmA5ZoZJJNohgrxqOAQg2fdaZw]














Step 2 – Removing unwanted cells and genes:

[image: https://lh5.googleusercontent.com/ZLlT9CffYV69wTpj5WqsrLzE5Ni7gPfqklCQqU2s-ckgbvPOknyQsbia5Mkd8UALv6GDMLNvy7_DEV1z9EW-zTy-35ZQdxjTPe4iZ9j8rVqWkvYWUQazR0MWHJOIp1zRkxDUF3Q4]This first step is an important quality control step that can parse out low quality cells. These low quality cells are either empty captures or captures with multiple cells. This step can also exclude genes that are unlikely to be meaningful. To remove these cells and genes from the analysis, we can exclude cells with less than 300 genes and exclude genes that are in less than 3 cells (these numbers are arbitrarily set, meaning they can be changed depending on the dataset). You can also exclude cells with too many genes (removing captures with multiple cells) and genes that are in to many cells.


After clicking apply filters, we can see that genes and observations (cells) in the dataset have decreased. The gEAR also generates a plot showing the genes with the highest fraction of counts per cell.

Step 3 – Filter by mitochondrial content:
To get to this step, click on the slide bar next to that step on the side panel.
[image: https://lh5.googleusercontent.com/lTdhhq0wv-9wwUZOiNEghu3dFZUod7a4JL1RVZCU6-vKyWq06SVSF7-wQ2_dpwkWrcW9mOohK2PRXG6wgbnxnFpvnhDq--6ZcLDwvrlEAwiGRMkjeu4tAgm3gs7AF7EtHgDCBG4Q]

This step will allow you to remove cells that have high mitochondrial gene expression indicating stressed / apoptotic cells. Before choosing a percent to filter by, you first want to look at plots showing the number of genes in each cell, number of read counts per cell and percent mitochondrial content. To generate these plots, simply click on the plot button.

[image: https://lh3.googleusercontent.com/KEiJ5yRplxZK--nwYfoQ0Nm5macben_HdG3qIf5hrKH8CCPnTmeaOk-7LEhAHFqGl_oKfxur8O7XCnrJ7PCaAv6CjnNgEW6DiU3eluv6lXPii3iydlwbgSTte_glWOMnD-Im7tlD]
Depending on what is seen on the percent_mito plot, we can adjust the percent mitochondrial we filter by. For this particular dataset, 0.05 (5%) works just fine.

Step 4 – Identifying highly variable genes:
This step can be accessed by clicking on the sliding bar icon next to the step on the side panel.
[image: https://lh4.googleusercontent.com/7hG6WFVekbYuOSmHXQdBW7mV8o66EGcqUrdQdCRwoitBc9U8IgPy8KfhP5TZw5zI8OvHftVgg1R6xPx8gNUkWBAov26r6blhtr_neaW_-2SNDGJS-vtQPcQxpHV1Jj_VBqN64lzT]


After clicking plot two graphs will display, the first one showing the dispersion of genes (normalized) vs mean expression of genes and the second one showing dispersion of genes (not normalized) vs mean expression of genes. Normalized counts per cell and Min dispersion can be changed via the corresponding boxes. The gEAR workbench will limit the maximum number of highly variable genes to 2,000. To reduce the number of genes, you can increase the minimal expression value of genes that may be considered as highly variable. After adjusting this value, we have reduced the genes to ~2000 and saved these genes by clicking on the box save these genes.

[image: https://lh3.googleusercontent.com/S4HeafVy_-CbOu7oH3kSF9kkKhGbUwViJmGOuaZYPwDVfqxy4R7LMHWejbmdWt-Wd3yhkIHl4cEbTPrgJyZu3sBuQHi-x6h7WlkOWLYRLKHdFuwVjgDHQ91HXDCwlOYHnPyjjWi7]





Step 5 – Principle Component Analysis (PCA):

[image: https://lh6.googleusercontent.com/8i8EDS5WGV5Dr60J2DYXlFdwSsUu1oQSZm2Y0_0pkvQLgMhFuE-EjldUvGdfPlmg4qYn6IZV5VSjJ7fYiHU6iPW2G_PQRpUWhIxbmFdNagmIERJLtRfvw-0qzIliuH1nPImvDfTO]PCA simplifies the complexity of the dataset while retaining trends and patterns. For more information on PCA, please refer to this nature paper. This step can be accessed by using the sliding bar in the side panel.


To visualize the PCA plots, you can simply click compute and plot. However, if you would like to visualize a gene(s), you can type it in the area provided (comma-separated). Here, we choose to visualize a hair cell marker gene, Pou4f3.
[image: https://lh3.googleusercontent.com/IhfxGxIeYg1kV6sRtfGW9UtFWzNJu19UR4VVbB2xmXYm1mGWoOe1KUyh5VToKCCpzEhyePr9IdW9SvtODmF6i0BfNuft3wIumOgqk00cC5ASpw4PvwwqNtdHzJK427ixbcoPiXyG]


The first plot is showing PC1 vs PC2, with the gene of interest (Pou4f3) colored based on gene expression. The second plot is showing the amount of variance each principle component is contributing. For the next step (tSNE/uMAP), we will need to specify how many principle components we want to use. Use this graph to determine where the variance of the principle components are contributing minimal added variation. Here, we choose principle component 20 as the cut off.
To look at the top genes that are influencing some of the principal components, type 2 – 5 numbers (corresponding to the principal component number). Here we look at principal component 1 and 2.

[image: https://lh3.googleusercontent.com/EN4GmIimAcwUgZp3CRt2-JSNWNB4s9C_bLCdkidxYA7n-BIY8njXDRkIjo27MXNF26XZmGW55VcLM9aIe_6dMgE3oH95hNGzh0KF47pA5GS8sYnLImlNF-h4aa7zCzfCKHZkIuGl]

Step 6 – tSNE/UMAP:

The next step is to generate a tSNE/UMAP of the dataset. These plots will allow us to visualize cells that are similar to each other (cluster together). For information on the differences between tSNE/UMAP, reference this paper. This step can be accessed by using the sliding bar in the side panel.


[image: https://lh4.googleusercontent.com/EStxkGvwodpgKLDfgwgxj68JHPzTyGH8YuS3bam43KNXV7l-F3sdYGbAuxhngInjRDznmu1HaBxSymmuHnsLCdt6STJCOOc2YTD82bw0pp0OK6t6jWFsVkC6R17S1q38e86SUflH]


There are some variables that can change the tSNE/UMAP plot. This first one is colorizing the plot using gene expression. This section can be left blank, but it is very useful to specify genes that can distinguish between different cell types (marker genes – here we use Pou4f3 to visualize hair cells). The next variable is the number of neighbors, meaning how many neighbors (other cells) a cell has to balance attention between global and local aspects of the data. The third variable is the number of principle components used (dimensions); we discussed how to determine this in the previous step. You can also choose to generate a tSNE, UMAP or both by clicking on the boxes next to each type of plot. Each variable can be changed and the tSNE can be reran as many times as needed.

[image: https://lh4.googleusercontent.com/oG9_rqDOiZgkEJ3-uNO9tfMmjqPy9rusJs7uZQsQfYHZ5Z6wKjcxgw9hWeE49XRccVCMgRaGJCMULWDT9L3VZlrtxKNKfW_fQPv9ULonVFo-ZNCM4wLqWwdWnu_ipgt3qNK5RrjL]

Step 6 – Louvain Clustering:

[image: https://lh4.googleusercontent.com/32Cawc1etIqqI_HJO-6TWeUgUwnLcBexjn7ki2f_mKvpEw2-KHjchr2htoSpqgpNsk4V6FKG7umCge2LLDDP4mJTvMvNFR2wqqWe5hVUKtlA0I8ow_aV8aXeTmE2Y6rV8B7UZiR1]The next step of the process is using Louvain clustering to group cells together based on gene expression. The number of principle components and number of neighbors used in the previous step can affect the way the Louvain clustering looks. To access this step, slide the bar on the side panel.


The resolution of the clustering determines how granular the clustering will be. For instance, using the 1.3 default will give more clusters than needed for our initial analysis, but bumping it down to 0.2 gives us a much more reasonable number of clusters.






[image: https://lh6.googleusercontent.com/muG7XWvJBWKVrApke4F_BfnOIblEiDQuDW5UbINxME8katZJ-bgcNYDCAGixR-PMNQKaBiIyRAGJRL9p3o4UxJiGaU3oAbeXtEO9H_xV5u_n9rSQjCvdw35DM0-FItR2-boqiiYw]Resolution = 0.2
Resolution = 1.3



Step 7 – Find Marker Genes:
[image: https://lh4.googleusercontent.com/Ael1rmGclDEjfyzZ64FeldR_cnxsX8rvzIXaXY0MoFcIKo0tvyLiDP9zBpAyN3N6q5gjzDTUQbNSIVoEwKeji9vGhi33N16nS3Zt1gfY3P7TsvoJHmq-G5N_uvBZx2UxguuBFER4]Once you find the resolution that works best for your dataset, the next step is to find marker genes for each cluster. To access this step, slide the bar on the side panel.

This tool shows genes that are highly expressed in each cluster. However, this does not mean the genes are only expressed in that particular cluster but simply that the genes are expressed more in that cluster compared to the other clusters. To obtain marker genes, enter the number of genes you want to see for each cluster, here we choose to display the top 10 genes.

The gEAR will generate a plot for each cluster vs the rest of the clusters. These plots show the most influential genes for each cluster.

[image: https://lh4.googleusercontent.com/Wd19zpohQt1quaqT8Cyu-4QPc3qenQhRqKFr1WqnzBK6KVZfpm8-ksmLa5b3QviYSdP2FGTQdXUdxegkb5fWD1S1DowyLXMnSf57CtDGMALw_sh-XJDDQvrjMLa0T-2HkLlotEp_]

Also, the top ranked genes per cluster will be listed in table form below. You can download this table by clicking on the download button.


[image: https://lh3.googleusercontent.com/nqyipZxVmAgvfJDcHhZ62_89hPAfl6-y2bGXf8_A0ghC80P7zs3SAQLHGgyUgM01-p37zbQO6owvtgHEVfwI7RSulEYOpmSeKzmAkzSiTTfoFSpgc-bwidUEcz9v82L6-qm6q64F]

To visualize some of the marker genes, you can click on the genes you want to visualize in the table or type in a particular gene you are interested in. Here, we chose a couple genes from the table and typed in some already known marker genes for hair cells (Pou4f3) and supporting cells (Sox2).
[image: https://lh5.googleusercontent.com/eoau8x_wsoQxF4Yt32vWkeVtFyCA1XaqMLCXFNJGYTEklwUBuK3wdisMJJoOHonCcmoWjQyyPNEpw_yekE9dR0UWHXkGLee6QPcnl-8FuKN5GDMppP5Big1AP1DvQcMYqD2Pd_8C]


After clicking visualize, you are presented with a dot plot (left) and violin plots (right). The dot plot displays gene expression based on color and how many cells express that gene in that cluster is shown by the size of the dot. Violin plots are generated for each gene and each cluster. You can also visualize clusters by going back to the tSNE step and typing in the particular gene you are interested in. For example, Plp1 is a great marker for one of the clusters.


[image: https://lh4.googleusercontent.com/yctCIOMoBBJv2F11u3mlo2DEP-xliSm3FdfEBkkAM8v2fgUIXrvX833PU8NLyZdIj2M_hkesOhBrrt5IPWmtr2_6ldVqTeEP4JqAmnuBDXdYIrSZVnbR38PPQHMTl1HmdI794UWb]


After using these marker genes to identify each cluster, they can now be labeled with unique names with the table now present at the Louvain clustering step. After entering a unique name for each cluster, click ‘Rerun with Labels’. Your labels are now presented on the tSNE and UMAP.




[image: https://lh3.googleusercontent.com/ilDQy8lWMN6DHhARkiNnCxHUw0eGsUuj2MkzG17_CP588X4v1PQ5bHXsnVR38y5KFfgOP9p3Hu3_M2lpir4B0Cr5VUkm3FEWSFTrFkZetPSau2QJP_-SKM4BP7XDp95OU-IWA8mO]

Step 8 – Compare Genes / Clusters:
The final feature of the scRNA-seq workbench allows you to compare genes between clusters. You can access this feature by using the slide bar on the side panel.

[image: https://lh5.googleusercontent.com/cDOIQaRLb1FySj9aTHZpRFc3j5i4CtVHMzb-Oddcaflmwim-qpBLJM7_oe1VBfim1ZS18iecsHUNxZoTwZhsLaVCfnzVEUaYyu6c-R-toBA62wXbjWU5GDCvWDULtwAzLGkWA-tL]

This tool allows you to compare the genes that are highly differentially expressed between two clusters. You can adjust the number of genes you want plotted via the number of genes box. Here we compare the differences between Type 1 HC and Type 2 HC genes.






[image: https://lh5.googleusercontent.com/MR_W44JwgApjJkMkBmVGXGezq52va2WquE5u-HU0DUlglKKxc6r-1n66ni0Di9unnmJE64bfP207sUI57LP56xeiy0wlW08D_KcRSetepVRkSlh2mNSJZQ_ldJqFSBPSVklwa9fN]

Step 9 – Saving Analyses:
You can save or delete your analysis at any time during the process. This is done by clicking on the save analysis or delete analysis buttons found on the top left hand side of the workbench. You can rename it after saving by clicking on the rename analysis button. 

[image: https://lh3.googleusercontent.com/gEc_bGLR1zU92wkn1_wScYRIT_QrguWpi5gIJ9iehBtTXg9nHjEzZdYXOz31qP-YtNKg6t5cLsz7f54rkfnpWHtirPVrbvXC8o5AOjYnxZUHA-nwsKT5P13vkevISU6uez9M02bK][image: https://lh6.googleusercontent.com/sZqHU_eJYttkjgQYpWbUAE_8SqYCyIwO3uqmK1CaH9fpA-B7ZaqnTjAGO_xpDDc7Gjo5hcIGqfNsFwlH6ZP2GhEp6VDDr4NHZCfTRMn-RlO4Gmc163tp99OW_qYfiSWZjTSXU-Nu]

Once an analysis is saved, it can be accessed it anytime by looking in the drop down box under stored analyses. This analysis was saved as ‘gEAR Manual’.

[image: https://lh4.googleusercontent.com/2NVBxZd-h8Vn3hBaSIbd85XzuRd2dRW8LFVJFLgjZBKXGiTrWEM5uKC3KQe5gSygzePNMZqXAE2agd3C8lHsJSmcEvIoSULSGYawqv-qBPXybIokkSsS96_tU5huYRVyPOIcKIyr]

After an analysis is saved, that analysis can be made public. This will allow anyone that has access to the dataset to see your analysis allowing for easy collaboration between researchers. Once an analysis is public, it will be displayed under the public datasets portion under stored analyses. Also if you change anything to the public dataset, it will spawn a local copy within your profile.

[image: https://lh5.googleusercontent.com/2GMXkJkAnYdb-dmDfeHhlGhEm51xrQbyyNOzlE59xAEJ_N4BrIa3BLiiuVAKW8-vWvB2refs1FU7fetTOPJQuJ-IiShjZsda8hO16veI0Ly0QOBl84Bsp-S_4Ia6I75qQiV0LshK]
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