

    
      
          
            
  
Welcome to Dprofiler’s documentation!

What is Dprofiler ?

Biospecimen collected from multiple sources of experimental and technical conditions often exhibit diverse molecular profiles and patterns. Each individual sample presents an additional source of information towards elucidating biological mechanisms, and each sample may even be more informative than the differential expression between phenotypic conditions

Understanding complex patterns of expression profiles are essential to solving diseases, and such knowledge can only be generated by using advanced statistical measures and methods that are capable of computationally modeling and separately investigating molecular profiles of each sample.

To deciphering these complex molecular profiles within gene expression datasets, we have developed Dprofiler.

[image: _images/DprofilerWorkflow.png]
This application computationally profiles a set of targeted samples by connecting them to reference expression datasets with phenotypic profiles of interest. Building on these reference profiles of phenotypic groups, Dprofiler evaluates bulk RNA samples, detect possibly existing anomalies and heterogeneities, and further explores causes and sources of distinct molecular patterns with the aid of single cell maps and other reference gene expression datasets.

Users are allowed to use a variety of algorithms to calculate a Membership Score of samples associated to some phenotypic profiles of interest. Dprofiler derives reference phenotypic profiles from submitted datasets, cell-types of single cell maps and conditions from external gene expression data sets. Membership scores are universally interpretable, and indicate the similarity of a sample to these reference profiles.

Dprofiler offers multiple capabilities using these three components:


	Computational Profiling: Scoring and Profiling submitted samples using homogeneouos subpopulations of phenotypic reference profiles within the same dataset.


	Cellular Composition Analysis: Infering the cellular composition of each scored sample with a reference scRNA data and estimate fractions of cellular compositions.


	Comparative Profiling: Scoring and Profiling samples using targeted phenotypic profiles of a reference bulk expression data set.




Dprofiler is based on a recently developed Shiny (R) application, DEBrowser, an interactive tool for DE analysis and visualization. DEBrowser incorporates DESeq2, EdgeR, and Limma coupled with shiny to produce real-time changes within your plot queries and allows for interactive browsing of your DE results. DEBrowser also manipulates your results in a way that allows for interactive plotting by which changing padj or fold change limits also changes the displayed graph(s).
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Quick-start Guide

This guide is walkthrough for the Dprofiler from start to finish.


Getting Started

First off, we need to install R package of Dprofiler from GitHub:

if (!requireNamespace("remotes", quietly=TRUE))
  install.packages("remotes")
remotes::install_github("UMMS-Biocore/dprofiler")





One you have installed the R package, you can call these R commands:

library(dprofiler)
startDprofiler()





Once you’ve made your way to the website, or you have a local instance of Dprofiler running, you will be greeted with data loading section:

[image: ../_images/data_load.png]






To begin the analysis, you need to upload your data files (comma or semicolon separated, i.e. “.csv”, or tab separated, i.e. “.tsv”, format) to be analyzed and choose appropriate separator for the file (comma, semicolon or tab).

There are three types input data in Dprofiler. These are:


	Bulk Expression Data: used for profiling samples within and establish homogeneous reference profiles.


	scRNA Expression Data Object: used for deconvoluting Bulk RNA data and infering cellular compositions of these bulk samples.


	Reference Bulk Expression Data: used for comparative profiling of the Bulk data set using reference phenotypic profiles of reference bulk data set(s).




If you do not have a dataset to upload, you can use the built in demo data file by clicking on the ‘Load Demo Vitiligo’ button that loads a case study. To view the entire demo data file, you can download.


	PRJNA554241 [https://www.ncbi.nlm.nih.gov/bioproject/PRJNA554241]: a bulk RNA-Seq count data of lesional and non-lesional vitiligo skin samples processed by the RNA-Seq pipeline of DolphinNext .


	scVitiligo [https://www.science.org/doi/10.1126/scitranslmed.abd8995]: a reference scRNA-Seq count data of lesional and non-lesional vitiligo skin samples.


	GSE65127 [https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE65127]: an external bulk microarray data of vitiligo skin samples where the gene set is union of differentially expressed genes across four conditions: healthy, lesional, non-lesional and peri-lesional.




Otherwise, you can start uploading your own data given instructions below.



Input for Bulk Expression Data

For both submitted Bulk and Reference Bulk expression data, you need to upload your data files (comma or semicolon separated, i.e. “.csv”, or tab separated, i.e. “.tsv”, format) to be analyzed and choose appropriate separator for the file (comma, semicolon or tab). However, for scRNA data set, the user should provide an ExpressionSet object. In addition, users may connect to DolphinMeta using their credentials to import reference bulk expression data from any Dmeta project.

An example structure of the count data files are shown below:
















	gene

	P39_NL

	P39_L

	P33_NL

	P33_L

	P22_NL

	P22_L

	P19_NL

	P19_L

	P65_NL

	P65_L





	A1BG

	46

	29

	104

	27

	42

	17

	65

	101

	27

	32



	A1BG-AS1

	27

	18

	48

	13

	10

	3

	39

	54

	23

	24



	A1CF

	5

	0

	38

	15

	2

	0

	4

	7

	0

	3






In addition to the count data file; you might need to upload metadata files to correct for batch effects or any other normalizing conditions you might want to address that might be within your results. To handle for these conditions, simply create a metadata file by using the example table at below. Metadata file also simplifies condition selection for complex data. The columns you define in this file can be selected in condition selection page. Make sure you have defined two conditions per column. If there are more than two conditions in a column, those can be defined empty. Please note that, if your data is not complex, metadata file is optional, you don’t need to upload.

In the example below, the “patient” column may serve as a batch or a normalizing condition.








	sample

	patient

	treatment





	P39_NL

	P39

	NL



	P39_L

	P39

	L



	P33_NL

	P33

	NL



	P33_L

	P33

	L



	P22_NL

	P22

	NL



	P22_L

	P22

	L



	P19_NL

	P19

	NL



	P19_L

	P19

	L



	P65_NL

	P65

	NL



	P65_L

	P65

	L






Metadata file can be formatted with comma, semicolon or tab separators similar to count data files. These files used to establish different batch effects for multiple conditions. You can have as many conditions as you may require, as long as all of the samples are present.

Alternatively, you can connect to your DolphinMeta (Dmeta) [https://dmeta.readthedocs.io/en/latest/] account using your access token and import external expression profiles and associated metadata.



Input for scRNA Expression Data

However, for scRNA data set, the user should provide an .rds file containing an ExpressionSet [https://www.bioconductor.org/packages/devel/bioc/vignettes/Biobase/inst/doc/ExpressionSetIntroduction.pdf] object whose metadata (pData(You Expression Set Object)) should include the following variables or columns:”,


	(i) sample associated to each barcode


	(ii) total UMI counts of each barcode


	(iii) cell annotation or label of each barcodes


	(iv) other categorical and numerical variables relavant to barcodes




Once the count data and metadata files have been loaded in Dprofiler, you can click upload button to visualize your data as shown below:

[image: ../_images/upload_summary.png]






You have the option to search samples or other terms within submitted or reference bulk Expression data sets, and you also have the option to visualize the t-SNE and other numeric measures of your barcodes within the uploaded scRNA expression data object.

After reviewing your uploaded data in “Upload Summary” panels, and if specified the metadata file containing your batch correction fields, you then have the option to filter low counts and conduct batch effect correction prior to your analysis. Alternatively, you may skip these steps and directly continue with Computational Profiling analysis.

Data analysis steps such as “Low Count Filtering”, “Batch Effect Correction”, “Computational Profiling” are only applicable to the submitted bulk expression data, and other submitted reference scRNA and bulk RNA datasets are used for referential purposes and assumed to be already filtered and analyzed before submission.



Low Count Filtering

In this section, you can simultaneously visualize the changes of your submitted bulk RNA expression data while filtering out the low count genes. Choose your filtration criteria from Filtering Methods box which is located just center of the screen. Three methods are available to be used:


	Max: Filters out genes where maximum count for each gene across all samples are less than defined threshold.


	Mean: Filters out genes where mean count for each gene are less than defined threshold.


	CPM:      First, counts per million (CPM) is calculated as the raw counts divided by the library sizes and multiplied by one million. Then it filters out genes where at least defined number of samples is less than defined CPM threshold.




After selection of filtering methods and entering threshold value, you can proceed by clicking Filter button which is located just bottom part of the Filtering Methods box. On the right part of the screen, your filtered dataset will be visualized for comparison as shown at figure below.

[image: ../_images/filtering.png]
You can easily compare following features, before and after filtering:


	Number of genes/regions.


	Read counts for each sample.


	Overall histogram of the dataset.


	gene/region vs samples data





Important

To investigate the gene/region vs samples data in detail as shown at below, you may click the Show Data button, located bottom part of the data tables. Alternatively, you may download all filtered data by clicking Download button which located next to Show Data button.



[image: ../_images/show_data.png]
Afterwards, you may continue your analysis with Batch Effect Correction or directly jump to Computational Profiling of your dataset.



Batch Effect Correction and Normalization

If specified metadata file containing your batch correction fields, then you have the option to conduct batch effect correction prior to your analysis. By adjusting parameters of Options box, you can investigate your character of your dataset. These parameters of the options box are explained as following:


	Normalization Method: Dprofiler allows performing normalization prior the batch effect correction. You may choose your normalization method (among MRN (Median Ratio Normalization), TMM (Trimmed Mean of M-values), RLE (Relative Log Expression) and upperquartile), or skip this step by choosing none for this item.


	Correction Method: Dprofiler uses ComBat [https://bioconductor.org/packages/release/bioc/vignettes/sva/inst/doc/sva.pdf] (part of the SVA bioconductor package) or Harman [https://www.bioconductor.org/packages/3.7/bioc/vignettes/Harman/inst/doc/IntroductionToHarman.html] to adjust for possible batch effect or conditional biases.


	Treatment: Please select the column that is specified in metadata file for phenotypic comparisons, such as cancer vs control.


	Batch: Please select the column name in metadata file which differentiate the batches.




Upon clicking submit button, comparison tables and plots will be created on the right part of the screen as shown below.

[image: ../_images/batch.png]
[image: ../_images/batch_PCA.png]
[image: ../_images/batch_IQR.png]
[image: ../_images/batch_density.png]
You can investigate the changes on the data by comparing following features:


	Read counts for each sample.


	PCA, IQR and Density plot of the dataset.


	Gene/region vs samples data





Tip

You can investigate the gene/region vs samples data in detail by clicking the Show Data button, or download all corrected data by clicking Download button.



Since we have completed batch effect correction and normalization step, we can continue with ‘Go to Computational Profiling’. This takes you to page where computational profiling is conducted with popular DE analysis methods like DESeq2, EdgeR or Limma.



Computational Profiling

The first option, ‘Go to Computational Profiling’, takes you to the next step where an iterative differential expression analysis and
scoring of samples takes place.


	Sample Selection: In order to run the analysis, you first need to select the initial set of samples which will be compared or may be removed throughout the analysis. To do so, choose Select Meta box as treatment to simplify fill Condition 1 and Condition 2 based on the treatment column of the metadata as shown below.


[image: ../_images/score_condition_selection.png]







If you need to remove samples from a condition, simply select the sample you wish to remove and hit the delete/backspace key. In case, you need to add a sample to a condition you can click on one of the condition text boxes to bring up a list of samples and then click on the sample you wish to add from the list and it will be added to the textbox for that comparison.





Scoring Parameters: Two scoring methods are available for Dprofiler: Silhouette and NNLS-based.



	Silhouette method incorporates Spearman correlation measures between samples of the same phenotypic condition to estimate the magnitude of similarity between a particular sample and all other samples in the same group.


	NNLS-based method fits a non-negative regression model with a sample being the response and condition-specific (mean) expression profiles of conditions are input variables.







Both methods produce scores between (0,1) where lower values are associated with low membership score indicating that the sample is dissimilar to other samples in the same group/phenotype/condition. You can determine a threshold for low membership scores from the Min. Score option which is between (0,1). You can also determine additional criteria for selecting differentially expressed genes by DE Selection Method where additional options are provided to choose thresholds for parameters such as log2FC and P-adj value.

DE Parameters: Thera are three DE methods that are available for Dprofiler: DESeq2, EdgeR, and Limma. DESeq2 and EdgeR are designed to normalize count data from high-throughput sequencing assays such as RNA-Seq. On the other hand, Limma is a package to analyse of normalized or transformed data from microarray or RNA-Seq assays. Upon selecting any of three DE analysis methods, additional options will appear for
parameters specific to the selected DE method.

After clicking on the ‘start’ button, Dprofiler will analyze your selected comparison and conditions, and store the results into separate data tables. Upon finishing the Computational Profiling, three separate results panels will be produced:


	Profiling Results


	Impure (Heterogeneous) Conditions


	Pure (Homogeneous) Conditions




Upon finishing the Computational Profiling, the application will switch to “Profiling Results” panel showing results of the analysis. Differentially expressed genes of initial DE analysis and Final DE analysis are compared: that is the number of DE genes at the analysis at
the first and last iteration are compared. The app also informs you about the parameters of the Scoring and DE analysis.

[image: ../_images/detection.png]






Additional information of initial and final DE genes can be found on plots below. Three Scatter Plots of initial and final genes, as well as the common genes in both list of DE genes will be plotted. You can switch to Volcano Plot and MA Plot by using Plot Type section at the left side of the Discover* menu. Since these plots are interactive, you can click to zoom button on the top of the graph and select the area you would like to zoom in by drawing a rectangle. Please see the plots at below:

[image: ../_images/ma_plot.png]
[image: ../_images/main_plot_filters.png]
You can hover over the scatterplot points to display more information about the point selected. A few bargraphs will be generated for the user to view as soon as a scatterplot point is hovered over.


Tip

Please keep in mind that to increase the performance of the generating graph, by default 10% of non-significant(NS) genes are used to generate plots. You might show all NS genes by please click Main Options button and change Background Data(%) to 100% on the left sidebar.



[image: ../_images/example_background_data.png]






Next, you can initiate a Cellular composition analysis using either the Homogeneouos,  Heterogeneous conditions or marker genes, and deconvolute the Reference bulk expression data using the reference scRNA expression data by clicking “Go to Cellular Composition Analysis”. Or, you can click to “Go to Comparative Profiling” for the comparative analysis between the submitted bulk RNA expression and reference bulk RNA data.

But before that, you can take a look and investigate DE genes of either initial or Final DE analysis from remaining panels.



Impure and Pure Conditions

There are two more panels on the right of Profiling Results panel which take a closer look at
initial and final DE genes of the conditions.

[image: ../_images/initial_table.png]
You can always download these results in CSV format by clicking the Download button. You can also download the plot or graphs by clicking on the download button at top of each plot or graph.



Cellular Composition Analysis

By using the “Cellular Comp. Analysis” tab, you can determine which idents (or identifications, categories) are to be used to deconvolute the submitted bulk expression data. You can also choose which of those cell types within each ident are to be used for the deconvolution as well. Then you can also decide whether DE genes of initial or final DE analysis are used to deconvolute the data. You should decide which column in the scRNA metadata that the samples are introduced, this is required by the MUSIC algorithm to give weight to genes that are less variant across different samples. You can also determine the set of genes to deconvolute bulk samples where you can either use DE genes of impure or pure conditions associated to the initial and final DE analysis, or you can use the marker genes of all selected cell types stored in fData(You scRNA Expression object).

[image: ../_images/conditions_compositions.png]






After clicking the “Start” button, the results will be given in the “Cellular Compositions” panel. Membership Scores and estimated cell type fractions are given for each sample where each box of the table are highlighted with respect to cell type.

[image: ../_images/cellular_composition.png]
You can also visualize count data of Reference bulk expression data set with respect to cellular markers using interactive heatmaps.

[image: ../_images/composition_heatmap.png]








Comparative Profiling

By using the “Comparative Profiling” tab, you can to choose which metadata variables to use as a reference to compare samples and conditions
across submitted and reference bulk rna expression datasets. You can select a subset of the data with Select Series option, select a metadata variable with Select Meta option, and choose membership scoring method by Score Method similar to in Computational profiling.

[image: ../_images/compprof_cond.png]






Once you click Start button, Dprofiler calculates the membership scores given conditions/phenotypes in the reference bulk RNA expression data, and visualizes the scores as below.

[image: ../_images/compprof_results.png]




            

          

      

      

    

  

    
      
          
            
  
Computational Profiling

This guide contains a brief discription of the Computational Profiling Analysis used within Dprofiler.


Introduction

Dprofiler provides methods for calculating membership scores to be used to profiling samples associated to phenotypic profiles of interest with the submitted dataset. By iteratively removing samples with low scores and repeatatively testing for differentially expressed genes, computational profiling analysis of Dprofiler converges if there are no more low-scored samples left in the data set. The final list of samples with high membership scores establish homogeneous (pure) reference profiles of these phenotypic groups, and they are used to calculate the final score to establish the profile of each individual sample:


	Conducts a DE analysis (DESeq2, EdgeR or Limma) given remaining samples within the data.


	Estimates the membership scores (based on either Silhouette and NNLS) of all samples given expression profiles limited to differentially expressed genes


	Removes samples with low membership scores.


	Repeats until no more samples have to be removed from the data.




The Membership scores of samples are measured by two distinct similarity measures and methods. First of these measures is the Silhouette index that allows quality control of partitioning algorithms once datasets are clustered into meaningful subsets of samples. However, we utilize the silhouette index to detect those samples that do not well clustered or classified into their associated groups or conditions with the same label. The second method is based on a linear regression method whose coefficients are regularized to non-negative values as to calculate the
percentage of input variables. Such a method allows us to model expression profile of each submitted sample given mean expression profiles of phenotypes/conditions where coefficient are associated to scores, representing the similarity between the condition and the submitted sample.

[image: ../_images/InteractiveSilhouette.png]








Silhouette Measure

Silhouette measure [https://en.wikipedia.org/wiki/Silhouette_(clustering)] of a sample is calculated given a known partitioning (or classification) of data set and a measure of distance between all samples within the data set. We use Spearman correlation as a distance measure between expression profiles of each sample since it has been shown to be quite robust in many biological data analysis platforms and software tools (citation). The silhouette measure of each sample is calculated by separately measuring the average distance to all samples with the label and the minimum of all averages distances to other clusters with different labels, then these two measures are subtracted and normalized to calculate an index universally between -1 and 1. A silhouette measure of -1 would indicate that the sample is misclustered to its associated group and it is highly likely that its expression profile is more similar to samples of other conditions/groups. A silhouette measure of 1 would indicate a perfect clustering of the sample, and silhouette measure 0 would indicate an ambiguous similarity of expression profiles between at least two conditions. We normalize silhouette measure of each submitted sample between (0,1) to establish the membership score.



Non-negative Least Squares

The second type of membership score available to Dprofiler users is non-negative least squares [https://en.wikipedia.org/wiki/Non-negative_least_squares] (NNLS) regression-based score where the non-negative beta coefficients are provided by the lawson-hanson implementation of NNLS regression. Such regression analysis has been applied to various problems where target profiles were confounded by a mixture of baseline profiles and hence target profiles are detected to exhibit heterogeneous properties. Applications include proteomics, genomics, imaging and economics. We use NNLS to detect the heterogeneous samples whose expression profiles are abundant in sets of biomarkers of multiple conditions within the disease study, hence deemed as heterogeneous. We use the mean expression profiles of all the conditions as an input to the non-negative regression problem where the response variable is the sample we would like to detect its degree of heterogeneity. We use the estimated coefficients are the membership scores.





            

          

      

      

    

  

    
      
          
            
  
Cellular Composition Analysis

This guide contains a brief discription of MuSiC algorithm used within Dprofiler for estimating cellular compositions of Reference bulk expression data set using the scRNA expression data.


MuSiC Algorithm

The MuSIC [https://xuranw.github.io/MuSiC/articles/MuSiC.html] algorithm employs single cell genomic expression profiles to acquire non-negative least squares estimates (Wang et al.). A specific feature of MUSIC allows the proportions of closely related cell types to be correctly estimated. To deal with collinearity, MuSiC employs a tree-guided procedure that recursively zooms in on closely related cell types. Rather than pre-selecting marker genes from scRNA-seq based only on mean expression, MuSIC gives weight to each gene allowing for the use of a larger set of genes in deconvolution. The weighting scheme prioritizes consistent genes across subjects: (i) up-weighing genes with low cross-subject variance (informative genes) and (ii) down-weighing genes with high cross-subject variance (non-informative genes). This requirement on cross-subject consistency is critical for transferring cell type-specific gene expression information from one dataset to another.

[image: ../_images/music.jpg]




            

          

      

      

    

  

    
      
          
            
  
Comparative Profiling

Dprofiler allows users to incorporate silhouette measures and non-negative least squares (NNLS)-based membership scores to profile submitted bulk RNA samples given external reference bulk samples.

The gene expression profiles of the external reference bulk samples are often limited to genes of interest where Dprofiler uses an overlapping set of differentially expressed genes of submitted data set and gene profiles of reference bulk data sets to compute membership scores. The membership score of each submitted sample is calculated by:


	finding overlapping genes across submitted and reference bulk RNA expression datasets.


	choosing profiles and mean expression profiles of conditions within the reference expression dataset


	calculate the membership score using the similarity between submitted profiles and reference profiles .




[image: ../_images/ComparativeSilhouette.png]






Dprofiler also provides a connection to DolphinMeta (Dmeta) [https://dmeta.readthedocs.io/en/latest/] to import reference bulk expression
profiles across numereous publically available data sets.




            

          

      

      

    

  

    
      
          
            
  
DE Analysis

This guide contains a brief discription of DE analysis methods used within Dprofiler. These methods
are primarily incorporated within each iteration of the Differential Heterogeneity Analysis.


Introduction

Differential gene expression analysis has become an increasingly popular tool in determining and viewing up and/or down experssed genes between two or more sets of samples. The goal of Differential expression analysis is to find genes, transcripts or regions whose difference in expression/count, when accounting for the variance within condition, is higher than expected by chance. DESeq2 is one of the highly used package in R available via Bioconductor and is designed to normalize count data from high-throughput sequencing assays such as RNA-Seq and test for differential expression (Love et al. 2014). For more information on the DESeq2 algorithm, you can read its documentation below;

DESeq2 userguide [https://bioconductor.org/packages/release/bioc/manuals/DESeq2/man/DESeq2.pdf]

With multiple parameters such as padjust values, log fold changes, and plot styles, altering plots, created with your DE data can be a hassle as well as time consuming. The Dprofiler uses DESeq2, EdgeR, and Limma coupled with shiny to produce real-time changes within your plot queries and allows for interactive browsing of your DE results. In addition to DE analysis, Dprofiler also offers a variety of other plots and analysis tools to help visualize your data even further.



DESeq2

For the details please check the user guide.
DESeq2 userguide [https://bioconductor.org/packages/release/bioc/manuals/DESeq2/man/DESeq2.pdf]

DESeq2 performs multiple steps in order to analyze the data you’ve provided for it.
The first step is to indicate the condition that each column (experiment) in the table represent.
You can group multiple samples into one condition column.
DESeq2 will compute the probability that a gene is differentially expressed (DE) for ALL genes in the table. It outputs
both a nominal and a multiple hypothesis corrected p-value (padj) using a negative binomial distribution.



Un-normalized counts

DESeq2 requires count data as input obtained from RNA-Seq or another high-thorughput sequencing experiment in the form of matrix values. Here we convert un-integer values to integer to be able to run DESeq2. The matrix values should be un-normalized, since DESeq2 model internally corrects for library size. So, transformed or normalized values such as counts scaled by library size should not be used as input. Please use edgeR or limma for normalized counts.



Used parameters for DESeq2



	
	fitType:
	either “parametric”, “local”, or “mean” for the type
of fitting of dispersions to the mean intensity.
See estimateDispersions for description.







	
	betaPrior:
	whether or not to put a zero-mean normal prior
on the non-intercept coefficients See nbinomWaldTest for
description of the calculation of the beta prior. By default,
the beta prior is used only for the Wald test, but can also be
specified for the likelihood ratio test.







	
	testType:
	either “Wald” or “LRT”, which will then use either
Wald significance tests (defined by nbinomWaldTest), or the
likelihood ratio test on the difference in deviance between a
full and reduced model formula (defined by nbinomLRT)







	
	rowsum.filter:
	regions/genes/isoforms with total count (across all samples) below this value will be filtered out














EdgeR

For the details please check the user guide.
EdgeR userguide [https://www.bioconductor.org/packages/release/bioc/vignettes/edgeR/inst/doc/edgeRUsersGuide.pdf].



Used parameters for EdgeR



	
	Normalization:
	Calculate normalization factors to scale the raw
library sizes. Values can be “TMM”,”RLE”,”upperquartile”,”none”.







	
	Dispersion:
	either a numeric vector of dispersions or a character
string indicating that dispersions should be taken from the data
object.







	
	testType:
	exactTest or glmLRT. exactTest: Computes p-values for differential
abundance for each gene between two samples, conditioning
on the total count for each gene. The counts in each group are assumed to
follow a binomial distribution.
glmLRT: Fits a negative binomial generalized log-linear model to the read
counts for each gene and conducts genewise statistical tests.







	
	rowsum.filter:
	regions/genes/isoforms with total count (across all samples) below this value will be filtered out














Limma

For the details please check the user guide.
Limma userguide [https://bioconductor.org/packages/release/bioc/vignettes/limma/inst/doc/usersguide.pdf].

Limma is a package to analyse of microarray or RNA-Seq data. If data is normalized with spike-in or any other scaling, tranforamtion or normalization method, Limma can be ideal. In that case, prefer limma rather than DESeq2 or EdgeR.



Used parameters for Limma



	
	Normalization:
	Calculate normalization factors to scale the raw library sizes. Values can be “TMM”,”RLE”,”upperquartile”,”none”.







	
	Fit Type:
	fitting method; “ls” for least squares or “robust” for robust regression







	
	Norm. Bet. Arrays:
	Normalization Between Arrays; Normalizes expression intensities so that the
intensities or log-ratios have similar distributions across a set of arrays.







	
	rowsum.filter:
	regions/genes/isoforms with total count (across all samples) below this value will be filtered out














ComBat

For more details on ComBat, please check the user guide.
ComBat userguide [https://bioconductor.org/packages/release/bioc/vignettes/sva/inst/doc/sva.pdf].

ComBat is part of the SVA R Bioconductor package which specializes in corecting for known batch effects.
No additional parameters are selected or altered when running SVA’s ComBat.
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Welcome to Dprofiler’s documentation!

What is Dprofiler ?

There is no doubt that biosamples collected from diverse sources of experimental and technical conditions result in heterogeneous patterns of expression profiles associated with phenotypic groups of a disease cohort. These samples could also be described as outliers of phenotypic groups of interest, exhibiting extreme alterations and differentiations in expression patterns. Also, It is highly likely that a phenotypic group of few samples would include a subpopulation of samples with homogeneous expression levels as opposed to a few samples with considerably variable gene or protein abundances. Such heterogeneity or outlying behaviour within studies may occur by mislabeling samples, unexpected technical, experimental or biological variations.

To detect such heterogeneities and outliers within disease cohorts and datasets, we have developed Dprofiler.

[image: _images/InteractiveSilhouette.png]
This novel application allows easy dissemination of Bulk and scRNA data sets to detect heterogeneous samples within submitted disease cohorts and disease studies. Dprofiler evaluates bulk RNA samples, detect anomalies within each sample of a bulk dataset and further explore causes of such heterogeneous patterns via external single cell scRNA data sets and other bulk RNA data sets.

Users are allowed to choose from a variety of algorithms for scoring the heterogeneity of samples within the user-defined differential expression analysis as well as methods to detect differentially expressed genes. These scores are universally interpretable, and indicate the level of heterogeneity of each sample. By iteratively removing heterogeneous samples and repeating the differentially expressed analysis, both algorithms converge until there are no more highly heterogeneous samples left in the data sets. The final homogeneous set of conditions are used to calculate the final heterogeneity score of samples.
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Installation Guide

Before you start; you will have to install R and/or RStudio.
You can install Dprofiler from GitHub. Install the required dependencies by running the following commands in R or RStudio.

A. Installation instructions from source code:

install.packages("devtools") ## If you haven't installed devtools, you can easily install it by using this command
library("devtools")
install_github("UMMS-Biocore/dprofiler")







After dprofiler installation, you can load and start dprofiler by following commands:

library(dprofiler)
startDprofiler()





Once you run startDprofiler() shiny will launch a web browser which is ready to use!

For more information about Dprofiler, please visit our Quick-start Guide section within documentation.
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